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Abstract 

I 

 

Abstract 

 

To match the ever-growing food demand, the scientific community has been actively focusing on 

addressing the various challenges faced by the agricultural sector. The major challenges are soil 

infertility, abrupt changes in climatic conditions, scarcity of water, untrained labor, emission of 

greenhouse gases, and many others. Moreover, plant diseases and weeds are two of the most 

important agricultural problems that reduce crop yield. Therefore, accurate detection of plant diseases 

and weeds is one of the essential operations to apply targeted and timely control measures. As a result, 

this can improve crop productivity, reduce the environmental effects and financial losses resulting 

from the excessive application of fungicide/herbicide spray on diseased plants/weeds. Among various 

ways of plant disease and weed detection, image-based methods are significantly effective for the 

interpretation of the distinct features. In recent years, image-based deep learning (DL) techniques 

have been reported in literature for the recognition of weeds and plant diseases. However, the full 

potential of DL has not yet been explored as most of the methods rely on modifications of the DL 

models for well-known and readily available datasets. The current studies lack in several ways, such 

as addressing various complex agricultural conditions, exploring several aspects of DL, and providing 

a systematic DL-based approach.  

To address these research gaps, this thesis presents various DL-based methodologies and aims to 

improve the mean average precision (mAP) for the identification of diseases and weeds in several 

plant species. The research on plant disease recognition starts with a publicly available dataset called 

PlantVillage and comparative analyses are conducted on various DL feature extractors, meta-

architectures, and optimization algorithms. Later, new datasets are generated from various local New 

Zealand horticultural farms, named NZDLPlantDisease-v1 & v2. The proposed datasets consist of 

healthy and diseased plant organs of 13 economically important horticultural crops of New Zealand, 

divided into 48 classes. A performance-optimized DL model and a transfer learning-based approach 

are proposed for the detection of plant diseases using curated datasets. The weed identification has 

been performed on an open-source dataset called DeepWeeds. A two-step weed detection pipeline is 

presented to show the performance improvement of the deep learning model with a significant 

margin. The results for both agricultural tasks achieve superior performance compared to the existing 

method/default settings. The research outcomes elaborate the practical aspects and extended potential 

of DL for selected agricultural applications. Therefore, this thesis is a benchmark step for cost-

effective crop protection and site-specific weed management systems (SSWM).
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Chapter 1. Introduction 

 

1.1. Background 

The United Nations Organization reports that the world population is expected to reach 9.1 billion by 

2050, and the food demand will increase by up to 70 percent [1]. In this regard, the agricultural sector 

plays a vital role in meeting the global food requirements. Furthermore, according to recent reports 

by the New Zealand Institute of Plant & Food Research Limited, the export value of horticultural 

crops has been growing over the past years. The export value has been recorded NZ$ 6.68 billion in 

2021 [2] indicating the importance of the horticultural industry to the New Zealand economy. In the 

light of the current statistics (global and local), the scientific community has been actively seeking 

solutions to various real/complex problems related to agriculture by deploying efficient and 

intelligent systems [3]. 

In general, the output of an agricultural field depends on various factors, such as trained labor, 

climatic conditions, continuous monitoring of crops, soil moisture content, water quality, fruit 

harvesting/picking, and adequate transport. In addition, biological problems are also part of an 

agricultural farm [4] (as shown in Figure 1). For example, plant diseases and weeds are serious threats 

to the growth of agricultural products and a source of economic losses.  

 

Figure 1. An overview of various factors on agricultural field. 

Figure 2 shows a Venn diagram depicting the three major causes/factors of disease in plants. The first 

factor is the susceptible host, which comprises the existence of a pathogen on the particular host plant, 

lack of resistance to the pathogen, and incidence of the pathogen at the correct growth stage. The next 
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is the favorable environment in terms of temperature, lighting conditions, humidity, and other 

characteristics. The last factor is the correct pathogen that has the ability to cause a disease in plants.  

Similarly, the presence of weeds is another problem as they are the costliest agricultural pests and are 

considered unwanted plants. Weeds are usually deprive the crops of water, sunlight, nutrition, soil 

moisture, and growing space [5]. Therefore, weeds affect crop productivity and reduce irrigation 

efficiency. Sometimes, weeds are also a source of shelter for plant diseases and pests. Moreover, 

when weed seeds are harvested with the crop, they degrade the overall quality of the crops and reduce 

the market price of the produce.  

 

Figure 2. Venn diagram for causes of plant diseases. 

To prevent low crop yield due to the occurrence of diseases and weeds in plants, the main agricultural 

operations are their correct detection, reducing their spread to neighboring plants, and implementation 

of control treatments. For the identification of plant diseases and weeds, a visual investigation by 

plant pathologists and biological reviews are generally performed [6]. However, these techniques are 

typically time-consuming, less accurate, and cost ineffective. Additionally, these conventional 

methods increase the chance of wrong detection of bacteria, viruses, and weeds in plants. This also 

leads to adverse environmental conditions due to the excessive application of fungicide/herbicide 

spray. Therefore, the precise identification of plant diseases and weeds is one of the most essential 

steps in improving crop productivity/quality, helping growers apply appropriate crop protection 

remedies, and making smart decisions for future growth.  

1.2. Research motivation 

The requirement of high food demand can be addressed by maximizing the production of agricultural 

crops. In this regard, the agricultural problems like the presence of plant diseases and weeds are the 

source of loss in crop yield and degrade the quality of the crop. Hence, the accurate identification of 
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the disease and weeds in plants is required to enhance the crop productivity and contribute to meeting 

global food necessity.  

Plant diseases and weeds are controlled chemically by using a fungicide/herbicide spray. Their 

unnecessary application could increase the global emission of greenhouse gases (GHG) from 

agriculture. New Zealand’s current GHG emission is 30% which has been planned/targeted to net-

zero by 2050 (except for the biogenic methane) [7]. One of the elements in achieving this aim is the 

precise detection of plant diseases and weeds. The successful outcomes could reduce the use of a 

chemical spray on the infected plants, which would eventually be beneficial to reduce the GHG 

emission. Furthermore, the additional cost involve in the crop protection can be significantly reduced.  

1.3. Research questions 

The main objective of this thesis is to improve the identification of plant disease and weeds by using, 

optimizing, and modifying Deep Learning (DL) architectures and methods, considering various 

challenges in real agricultural fields. This research also aims to answer the following research 

questions. 

 What are the areas of improvement in DL-based plant disease and weed detection? 

 How different performance optimization techniques affect the performance of DL models for 

the recognition of plant diseases and weeds? 

 Can DL have the strength of identifying diseases in different organs of plants along with 

multiple diseases in plant organs at a time? 

 Can DL perform the detection of plant disease in various crops with the same 

trained/optimized model? 

 Can a DL-based method correctly distinguish symptomatically identical plant diseases and 

weeds? 

 How well can DL-based approaches be validated on other datasets with similar classes used 

for research? 

1.4. Scope and limitations 

1.4.1. Proposed datasets: This thesis presents two newly generated datasets that contain the disease 

and healthy classes of 13 different horticultural crops. The proposed datasets superior as compared 

to the previous studies that majorly relied on disease on single plant organ and considering the 

detection of plant disease on only one crop with the same trained DL model.  However, the limitation 

is that the images for plant disease classes of various crops like grapevine, avocado, kiwifruit, 

broccoli, cabbage, kumara, and tomato, are only taken for one organ. Another limitation is that the 
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weed detection has been performed on an open-source dataset called DeepWeeds, collected in 

northern Australia. Therefore, no dataset was generated in the New Zealand agricultural environment. 

1.4.2. Optimize the deep learning-based object detection models: This thesis proposes various 

deep learning-based methodologies to improve the mean average precision (mAP) of plant disease 

and weed identification with a substantial margin. This objective has been achieved by 

optimizing/using single-stage and two-stage neural networks including Single-shot MultiBox 

Detector (SSD) [8], Faster Region-based Convolutional Neural Network (R-CNN) [9], Region-based 

Fully Convolutional Networks (R-FCN) [10], You look Only Once (YOLO-v4) [11, 12], RetinaNet 

[13], EfficientDet [14], and CenterNet [15]. The main reason for relying only on these types of models 

is that there are noticeable research gaps in performing plant disease and weed detection using DL-

based object detectors. For example, a comprehensive analysis of the effects of various performance 

optimization techniques on the DL model has not yet been performed. Furthermore, the evaluation of 

the DL model in terms of the anchor box specifications has not been focused on yet. Moreover, the 

transfer learning approach has not been evaluated using the optimized weights through different 

agricultural datasets. Therefore, the selected agricultural tasks are targeted throughout this thesis, 

using detection-based DL models. In addition, all research has been focused on the classification and 

detection of plant diseases and weeds. The limitation is that the semantic segmentation-based DL 

models were not explored for this thesis.  

1.4.3. Propose deep learning-based approaches: The current literature related to the deep 

learning-based detection of plant disease and weeds mainly consists of the modification of the 

classification/detection models in the hidden layers of the neural network. However, the presented 

methodologies in this research highlight the earlier steps to get solid grounds for proposing any 

modifications in the architecture and layers of the well-known DL models. 

1.4.4. Deep learning optimizers: This thesis addresses the importance of deep learning 

optimization algorithms. Most of the work has been done on DL optimizers such as stochastic 

gradient descent (SGD) with momentum, root mean square propagation (RMSProp), and adaptive 

moment estimation (Adam). Detailed analyses have been presented for plant disease and weed 

detection tasks using these three DL optimizers. However, some other methods, such as Adadelta, 

Adamax, and Adagrad, are used for the classification of plant diseases, as presented in Chapter 3. 

This limitation in the thesis is due to the reason that all studies related to the detection of plant disease 

and weeds were performed using TensorFlow Object Detection API and the YOLO/DarkNet 

framework. These frameworks contain only three DL optimizers, such as SGD with momentum, 

RMSProp, and Adam. Therefore, advanced DL optimization methods such as Nadam, Ranger, and 

many others could not have been used.  
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1.4.5. Comparative analysis of classification models: The comprehensive evaluation of the deep 

learning models have been performed for the plant disease classification, presented in Chapter 3. The 

main aim of that part of the research was to understand the behavior of the classification models used 

for the feature extraction in the DL-based object detectors. However, this kind of analysis has not 

been performed for weed detection but could be considered in future studies.  

1.4.6. Effectiveness of the proposed approaches: This research has shown the effectiveness and 

robustness of the proposed methodologies through various performance metrics such as mean 

Average Precision (mAP), training/validation loss, F1-score, precision, recall, and accuracy. Starting 

with the classification of plant diseases, the proposed approach achieved improved performance 

compared to the existing techniques in the literature. The usefulness of the proposed methods for 

tasks like plant disease and weed detection (which contain both classification and localization) has 

been shown by comparing with the default settings of the best-obtained DL models and other DL 

architectures.  

The difference in proving the novelty and effectiveness of the proposed approaches for particular 

agricultural tasks is due to a few reasons. First, the detection of plant disease and weed tasks presented 

in this thesis has been performed for the first time on PlantVillage (with all 38 classes), 

NZDLPlantDisease-v1&v2 (newly generated plant disease datasets), and DeepWeeds (for the weed 

detection operation). Therefore, there are no available models to compare the performance with the 

optimized/modified models presented in this thesis. Furthermore, it was noticed that the modified 

versions of the DL model in the former studies for plant disease and weed identification/detection 

had certain logical explanations based on different datasets and classes. On the other hand, various 

recent studies have been conducted on the same PlantVillage dataset for the particular application of 

plant disease classification. Hence, the performance of the final model (presented in Chapter 3) has 

been compared with several DL models found in the literature. In contrast to previous studies, the 

robustness of the proposed DL approaches/models for both agricultural tasks have been shown on an 

external testing dataset (generated by random Internet search) and the stratified k-fold cross-

validation method.  

1.5. Research Contributions 

Based on the research questions stated in the previous section, this thesis provides various research 

ideas and methodologies to improve the performance of deep learning models. This section identifies 

contributions to the agricultural field of research by deep learning. 
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1.5.1. Comparative analysis of deep learning models and optimization algorithms 

The research work was started by breaking the task of plant disease identification into two parts 

including plant disease classification (classify disease in several plants) and detection (both classify 

and localize disease spots in various plants).  

State-of-the-art DL meta-architectures contain classification models used as feature extractors and 

novel architectural design/characteristics for localizing certain objects. Therefore, first, a relatively 

easier task of classifying plant diseases was performed using 18 classification models. At the time of 

this research work, none of the articles presented such a comprehensive analysis of DL models that 

contained different versions of well-known, modified, and cascaded DL architectures. Later, DL 

meta-architectures were used and trained on the same dataset called PlantVillage. This has been done 

for the first time performing the plant disease detection in all 38 healthy/disease classes. It was also 

observed from the literature that DL optimizers have not been used to improve the performance of 

plant disease detection and classification operations. The successful outcomes of the comparative 

analysis of DL models and optimizers for these agricultural tasks encouraged the use of this 

methodology in the rest of the studies. 

1.5.2. A deep learning-based weed detection pipeline 

The next phase of the research emphasized the identification of weeds. This agricultural operation 

lacked empirical/experimental evidence before modifying state-of-the-art DL architectures to 

improve the detection of weed classes. To address this research gap, various aspects of DL were 

analyzed. The effects of image resizing techniques, image interpolators, weight initialization, batch 

normalization, and DL optimization algorithms were studied. This research provided insight into DL-

based weed detection and provided a strong motivation for the next phase of the research.  

1.5.3. Enhanced anchor box approach for weed detection 

Most previous studies focused on the modification of state-of-the-art DL classification models/feature 

extractors for weed identification. However, a detailed architectural evaluation of the DL meta-

architecture was absent. Hence, this stage of the research was focused on the major novelty of the 

best DL model obtained in the previous stage of the study (Faster R-CNN ResNet-101). It was 

empirically found that the generation of the anchor box has a significant impact on the weed detection 

results. Therefore, two parameters, such as the anchor box scale and aspect ratio, were modified. For 

adjusting the scale size, gradual enhancements were proposed, while the aspect ratios were enhanced 

both reciprocally and gradually. The robustness of the method has been shown by the stratified k-fold 

cross-validation method and testing on an external testing dataset.   
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1.5.4. NZDLPlantDisease-v1 & v2: Plant disease datasets for economically important 

horticultural crops of New Zealand  

Important research gaps in open-source datasets of plant diseases and complex problems in 

horticultural fields have been addressed in this thesis. In this regard, new plant disease datasets are 

generated, named NZDLPlantDisease-v1 & v2, from various horticultural fields of Auckland and 

Palmerston North. The proposed datasets have a great significance in terms of addressing the research 

gaps such as plant diseases in different crops, the presence of multiple diseases in plant organs at a 

time, and diseases in multiple organs. Moreover, natural field and environmental variations were 

considered while collecting the dataset images, such as the absence/presence of shadow and different 

illumination conditions. These datasets are among the prominent contributions of this thesis. The first 

version consists of the economically important horticultural crops of New Zealand that generate large 

export values, including apple, avocado, grapevine, kiwifruit, and pear. The second version of the 

proposed dataset contains diseases in New Zealand’s prominent vegetables such as beans, broccoli, 

cabbage, cauliflower, kumara, pea, potato, and tomato.  

1.5.5. A performance-optimized deep learning-based detection of plant disease  

To further extend the effectiveness of the presented framework/pipeline for weed detection, similar 

DL-based approaches have been adopted for plant disease identification. The NZDLPlantDisease-v1 

dataset was used that contains 20 healthy/disease classes for different organs of the crops. The ability 

of DL was investigated to address various research gaps for the first time, including the detection of 

disease in several organs of plants such as leaves, stems, and fruits, the identification of disease in 

different crops, and the recognition of multiple diseases in plant organs, with the same 

trained/optimized model. Some common research flaws were taken into account by this research. For 

instance, the data augmentation was performed after splitting the dataset into training, validation, and 

testing sub-datasets, rather than applying the augmentation methods before dividing the dataset. This 

was to avoid the biased distribution of the dataset. Some additional steps were taken to solve various 

research gaps in the literature. For example, a comprehensive analysis of the best-suited DL model 

named region-based fully convolution networks (R-FCN) was performed by evaluating position-

sensitive score maps along with anchor box specifications. Furthermore, the novelty/contributions of 

this research were shown using two techniques, including the stratified five-fold cross-validation 

technique and testing the optimized/modified DL model on an externally generated dataset. This was 

done to ensure the robustness of the proposed methodology for the same plant diseases in different 

agricultural conditions. This study presented new insights into the identification of DL-based plant 

diseases, compared to other redundant studies. 
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1.5.6. A transfer learning approach by weight optimization on the agricultural datasets for 

plant disease detection 

The last study in this thesis used the second part of the proposed dataset that contains 28 healthy and 

disease classes of eight important New Zealand vegetables named NZDLPlantDisease-v2. The 

proposed approach was based on transfer learning and its importance has been revealed more 

comprehensively. The main idea consists of using the weights obtained by the general purpose dataset 

(Common Objects in Context (COCO)) in the first stage for finding the best suited DL architecture. 

Then, the weights were acquired through three different agricultural datasets including PlantVillage, 

NZDLPlantDisease-v1, and DeepWeeds in the later stage. However, the updated weights were 

obtained by using the weed detection pipeline presented in Chapter 5. Finally, the new/updated 

weights were used to train the best DL model on the proposed dataset. Furthermore, the mean average 

precision of the final model was compared with the model having optimized weight through the 

large/general-purpose dataset. This methodology significantly improved the performance of the 

Faster RCNN Inception ResNet-v2, the best-obtained DL model.  

1.5.7. Summary of the deep learning-based approaches in this thesis 

A broader summary of the research approaches in the literature and the deep learning-based 

approaches presented in this thesis for the detection of plant diseases and weeds is shown in Figure 

3. 

 

Figure 3. A summary of deep learning-based approaches in the literature and the presented approaches in this thesis. 
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1.6. An Overview of Deep learning  

When the scientific community started to focus on agricultural tasks with Artificial Intelligence (AI)-

based techniques, various conventional Machine Learning (ML) algorithms were explored [16]. 

However, the advent of a subset of ML called Deep Learning (DL) revolutionized object detection 

research and has proven to have great potential in terms of high accuracy [17]. The DL models 

showed their capability for the extraction of different patterns/features and their adaptability to certain 

changes in the characteristics of various objects. Consequently, the recent literature has revealed the 

effectiveness of the DL architectures over traditional ML models for different agricultural operations 

including fruit recognition/counting, plant identification, agricultural land cover classification, plant 

disease detection, and weed identification [3].  

The classification and localization of diseases and weeds in plants by deep learning have been an 

active research topic. Based on the latest advances in computer vision and object identification, DL 

was chosen as the brain of this Ph.D. for the identification of plant diseases and weeds. Several types 

of disease were considered in different organs of several plant species. Similarly, numerous types of 

weeds were targeted for this research. 

1.6.1. Basic concepts of deep learning 

Deep learning was inspired by the functions and architecture of the human brain. It contains a neural 

network that has a series of hidden layers to extract the distinct features of the target classes/objects. 

There are several types of deep neural networks such as MultiLayer Perceptron (MLP), Convolution 

Neural Network (CNN) [18], Recurrent Neural Network (RNN), Long Short-Term Memory networks 

(LSTM) [19], Generative Adversarial Network (GAN) [20], Deep Belief Networks (DBN) [21] and 

AutoEncoders (AE) [22].  

After the introduction of AlexNet in 2012 [18], CNN has achieved remarkable progress in image 

classification tasks and has received significant encouragement from the scientific community. This 

is due to the automatic feature extraction capability of CNN, which requires a structure of many 

convolutional layers to classify and detect several objects in a single architecture. In Figure 4, a 

general representation of CNN is provided for an image classification task. A CNN consists of an 

input image, hidden layers which are the combination of convolutional and pooling layers, then a 

fully connected layer is placed, and finally, the output layers are obtained by the SoftMax function. 

The basic concepts and significance of these layers are summarized in the following. 

a. Convolutional layer: This layer applies filters to extract the specific features of the images. It 

requires a certain number of filters along with the size of the filter, specific activation functions 
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like rectified linear activation function (ReLU), exponential linear unit (ELU), Swish, etc., and 

the number of strides. 

b. Pooling layer: This layer works for the dimensionality reduction of the neural network and 

requires the size of the window and the number of strides. It could be of two types, such as the 

max-pooling layer that takes the maximum value in a filter or the average pooling layer that takes 

the average value in a filter.  

c. Fully connected and output layers: The fully connected layer is placed before the output, 

flattening the results just before the classification of objects, and taking aggregation of feature 

maps. It requires nodes and activation functions such as ReLU. Then the final classification results 

are taken by using the SoftMax function, which requires the number of classes in a certain task. 

 

Figure 4. A general representation of a Convolutional Neural Network architecture. 

The concept of a deeper network came from the structure of various hidden layers connected to obtain 

classification results in which the output of the previous layer acts as an input to the next layer. For 

example, a neural network has an input image that applies to the convolutional layer that further 

connects to other layers like pooling layers, so the output obtained by the convolutional layer is 

considered as input to the pooling layer, and so on. Each layer has a certain significance in the 

classification of objects as the starting hidden layers extracts the basic features of an image such as 

corners and edges. The next/middle layers detect specific parts of the object like spots of disease in 

plants. Finally, the last layers detect the overall objects that train with various positions, brightness, 

contrast, sharpness, and other data augmentation techniques. 

1.6.2. Deep learning optimizers 

In this thesis, several DL optimizers were used to improve the performance of DL models. The basic 

characteristics of these optimization algorithms are given as follows: 

a. Stochastic Gradient Descent (SGD) with momentum: SGD is one of the most commonly used 

deep learning optimizers. It has a static learning rate for all parameters required for training the 
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neural network. The momentum version of SGD has a fast convergence ability [23]. The idea is 

to evaluate the exponentially weighted average of the gradients and use the gradient to update the 

weights and biases of the neural network. 

b. Adagrad: This optimizer uses different learning rates for every parameter in the neural network. 

It updates the learning rate according to the occurrence of the update of each parameter [24]. 

c. Root Mean Square Propagation (RMSProp): RMSProp optimizing algorithm has been 

proposed to reduce the training time perceived in Adagrad. It works on the idea of using the 

moving average of the squared gradient and dividing the gradient by the square root of the mean 

square [25]. The RMSProp restricts the oscillations that produce during loss optimization in the 

direction of bias, leading to selecting a large learning rate. 

d. Adadelta: Adadelta is an extended version of the Adagrad optimizer and assembles the previous 

gradients over a fixed time window to ensure the continuance of learning after several iterations 

[26].  

e. Adaptive Moment Estimation (Adam): Adam has the combined advantages of Adagrad and 

RMSProp optimizers. It contains the estimations of the first (mean) and second moments (un-

centered variance) of the gradient that are used to adapt the learning rate for each weight of the 

neural network [27]. Adam takes squared gradients to scale the learning rate and uses the moving 

average of the gradients.  

f. Adamax: A version of Adam has been also proposed named Adamax which is based on the 

infinity norm. It is useful for the updates of sparse parameter like word embedding. In this method, 

the weights of the neural network use the maximum of previous weights and the current absolute 

value of gradients [27]. 

1.6.3. Performance metrics 

Throughout this thesis, the DL models are evaluated by various performance metrics, described as 

under: 

a. Accuracy: Accuracy defines the proportion of correct predictions among overall predictions.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
               (1) 

True positive is the correctly predicted outcome of a positive class; true negative is the correctly 

predicted outcome of a negative class; false positive is the wrong prediction of a positive class; 

false negative is the wrong prediction of a negative class 
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b. Precision: Precision tells the proportion of positive detections/identifications that are actually 

correct. 

      𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                   (2) 

c. Recall: Recall defines the proportion of actual positives that are identified correctly. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                   (3) 

d. F1 score: The F1 score is the harmonic mean of precision and recall. 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                    (4) 

e. Mean Average Precision: Mean Average Precision (mAP) is the average of all individual 

Average Precisions (APs). Whereas, an AP is evaluated across all unique recall levels. At a certain 

recall level r, the interpolated precision (pint) is specified as the highest precision for a recall level 

r’ ≥ r. 

𝑝𝑖𝑛𝑡(𝑟)  =  𝑚𝑎𝑥𝑝(𝑟)’                        (5) 

Where p(r)’ is the measured precision at a maximum recall r’.  

Then, 11-point interpolated formula is applied to evaluate the mean precision at 11 recall rates 

equally spaced from [0, 0.1, 0.2, … 1.0]. 

       𝐴𝑃 =
1

11
∑ 𝑝𝑖𝑛𝑡(𝑟)

𝑛

𝑟𝜀{0,0.1,0,2,…,1}
                               (6) 

      𝑚𝐴𝑃 =
∑ 𝐴𝑃𝑖

𝑛
𝑖=1

𝑛
                               (7) 

1.6.4. Evolution in CNNs  

The CNNs require a large amount of data to extract the features of the objects. Therefore, at the early 

age of DL, CNNs take a long training time to achieve model convergence. This problem was solved 

with the use of graphical processing units (GPUs). Similarly, various developments have been 

observed in the last decade, in terms of advanced training techniques like transfer learning/fine-tuning 

[28-30]. Furthermore, several DL-based techniques have been presented for data augmentation, such 

as generative adversarial networks (GANs) [31]. Several new concepts of neural network layers were 

also evolved, for example, inception module [32], residual connections [33], depthwise separable 

convolution [34], residual attention network [35], and convolutional block attention [36]. These 

advancements have encouraged researchers to explore various real-life problems/applications, 

including medical image analysis [37], self-driving cars [38], text recognition [39, 40], financial 

trading [41], and numerous others, using deep learning.  
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1.6.5. General workflow of deep learning-based plant disease and weed detection 

In the last few years, deep learning has produced successful outcomes for plant disease detection, 

with the major/prominent work done on the PlantVillage dataset. This has opened a vast range of 

experimentation to get insight into various practical/real agricultural field problems. Similarly, recent 

studies have also focused on the detection of weeds using various state-of-the-art DL models. A 

general workflow is presented in Figure 5 showing the steps required to perform the deep learning-

based plant disease and weed detection tasks.  

 

Figure 5. A general workflow for deep learning-based plant disease and weed detection. 

1.7. Thesis layout 

The chapters in this thesis are structured as follows. 

Chapter 2 consists of a comprehensive literature review of deep learning-based plant disease 

detection. The review starts with a general flow diagram for recognizing plant disease by deep 

learning. Several visualization techniques that have been used to spot the symptoms of plant disease 

are summarized. Similarly, the significance of hyperspectral/multispectral imaging with DL 

architectures is presented. A summary is also provided containing valuable information such as the 

most used DL models with their performance on different datasets and selected crops in recent 

studies. The review also outlines the research gaps to get more interesting/clearer outcomes. The 

literature survey has been published in a Q1 journal named MDPI Plants and received the 2021 best 

paper award. 

Chapter 3 contains a comprehensive comparative analysis of 18 Convolution Neural Networks 

(CNN) divided into three categories: well-known, modified, and cascaded models. The performance 

of the best-selected models was optimized by training through various deep learning optimizers. All 
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experiments were carried out on the PlantVillage dataset, which contains 26 different diseases 

belonging to 14 plant species. This chapter has been published in MDPI Plants. 

In Chapter 4, the performance of three DL meta-architectures was evaluated, including various 

versions of the Single Shot MultiBox Detector (SSD), Faster Region-Based Convolutional Neural 

Network (R-CNN), and Region-Based Fully Convolutional Networks (R-FCN). Moreover, state-of-

the-art deep learning optimizers were attempted to improve the mean average precision (mAP) of the 

best-obtained deep learning architecture. This chapter has also been published in MDPI Plants.  

Chapter 5 elaborates a DL-based pipeline for the identification of eight classes of weeds and a 

negative class. The proposed methodology consists of obtaining the best-suitable model divided into 

single-stage and two-stage neural networks. Next, the effects of image resizing techniques (aspect 

ratio and fixed shape) were studied along with four image interpolation methods (bilinear, bicubic, 

area, and nearest neighbor). It led to optimization of the weights of the best-acquired model using 

initialization techniques such as truncated normal, scaling variance, and random normal. Then batch 

normalization was applied, and its effects were evaluated. Finally, DL optimization algorithms like 

SGD with momentum, RMSProp, and Adam were used. The proposed approach significantly 

improved the performance of the DL model compared to the default settings. All results were taken 

from the DeepWeeds dataset. The results were validated by the stratified k-fold cross-validation 

technique. Another contribution from this work is that all important data have been made publicly 

available online, such as the annotated DeepWeeds dataset, configuration files for each experiment, 

the inference graph of the final optimized DL model, and dataset folds for validation purposes. This 

work has been published in a Q1 journal named Frontiers in Plant Science.  

The work undertaken in Chapter 6 is the continuation of the previous chapter. A strong research 

motivation was derived to further improve the performance of the deep learning model. This phase 

of the research was dedicated to improving the average precision (AP) of the chinee apple that 

attained a low AP in the previous phase of the research. Moreover, maintaining the AP of other classes 

of weeds and a negative/non-weed class was also aimed. In this regard, an enhanced anchor box 

approach has been presented that consists of empirical modification/enhancement of anchor box 

scales and aspect ratios of the Faster R-CNN model. The robustness of this research was shown by 

the stratified k-fold cross-validation method and testing on an externally generated dataset. This work 

has been published in a Q1 journal named Agronomy. 

In Chapter 7, we presented a new plant disease dataset called NZDLPlantDisease-v1. It contains 20 

healthy and disease classes from five of the most important horticultural crops in New Zealand, 
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including apple, avocado, grapevine, kiwifruit, and pear. This research utilized various steps taken 

for weed identification, as presented in the previous chapter, with an additional two steps. For 

example, data augmentation techniques were divided into five categories, and empirical observations 

were made on the performance of the model and analyzed position-sensitive score maps. The results 

of this study have also been validated by two techniques including a five-fold stratified cross-

validation method and testing on an external dataset in different agricultural environments. This 

chapter has been published in a Q1 journal named IEEE Access. 

Chapter 8 demonstrates a transfer learning approach through weight optimization on the agricultural 

datasets. In this regard, the second part in the series of the proposed dataset was used, named 

NZDLPlantDisease-v2. First, the best-suited DL architecture was obtained by using the pre-trained 

weights on a large general-purpose dataset (COCO). Later, the best DL model was trained in the 

presence of data augmentation methods. The model was then trained and optimized on three 

agricultural datasets; two of them were the plant disease dataset (PlantVillage and 

NZDLPlantDisease-v1) and a weeds dataset (DeepWeeds). The weight optimization was achieved 

by the use of image resizer, interpolators, weight initializers, batch normalization, and DL optimizers. 

Finally, the updated/new weights from all three agricultural datasets were used to retrain the DL 

model on the proposed dataset. The performance was significantly improved and validated by cross-

validation and an external dataset. This work has been published in a Q1 journal named Frontiers in 

Plant Science. 

Finally, Chapter 9 includes the overall conclusion of the thesis along with various directions for 

future work to further advance research on deep learning-based plant diseases and weed 

identification. 

Appendix 1 presents a literature survey of various machine learning (ML) and deep learning (DL) 

models for the five selected agricultural applications, including detection and classification of plant 

diseases/pests, recognition of plants/leaves, discrimination, and classification of crop weeds, 

harvesting of fruits and vegetables, and classification of agricultural land cover. The focus of the 

survey was towards the use and implementation of the robotic/automated systems for the selected 

agricultural applications. The effectiveness of DL over traditional ML models for all agricultural 

operations was shown, summarizing the results presented in previous studies. Moreover, various 

important research gaps are highlighted from the previous articles and groundbreaking future 

directions are noted to achieve further advancement in agricultural automation. This literature survey 

has been published in a Q1 journal named Precision Agriculture. 
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Abstract: Plant diseases affect the growth of their respective species, therefore their early identification
is very important. Many Machine Learning (ML) models have been employed for the detection and
classification of plant diseases but, after the advancements in a subset of ML, that is, Deep Learning
(DL), this area of research appears to have great potential in terms of increased accuracy. Many
developed/modified DL architectures are implemented along with several visualization techniques
to detect and classify the symptoms of plant diseases. Moreover, several performance metrics are
used for the evaluation of these architectures/techniques. This review provides a comprehensive
explanation of DL models used to visualize various plant diseases. In addition, some research gaps
are identified from which to obtain greater transparency for detecting diseases in plants, even before
their symptoms appear clearly.

Keywords: plant disease; deep learning; convolutional neural networks (CNN)

1. Introduction

The Deep Learning (DL) approach is a subcategory of Machine Learning (ML), introduced
in 1943 [1] when threshold logic was introduced to build a computer model closely resembling
the biological pathways of humans. This field of research is still evolving; its evolution can be
divided into two time periods-from 1943–2006 and from 2012–until now. During the first phase, several
developments like backpropagation [2,3], chain rule [4], Neocognitron [5], hand written text recognition
(LeNET architecture) [6], and resolving the training problem [7,8] were observed (as shown in Figure 1).
However, in the second phase, state-of-the-art algorithms/architectures were developed for many
applications including self-driving cars [9–11], healthcare sector [12–14], text recognition [6,15–17],
earthquake predictions [18–20], marketing [21], finance [22,23], and image recognition [24–29]. Among
those architectures, AlexNet [30] is considered to be a breakthrough in the field of DL as it won
the ImageNet challenge for object recognition known as ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) in the year 2012. Soon after, several architectures were introduced to overcome
the loopholes observed previously. For the evaluation of these algorithms/architectures, various
performance metrics were used. Among these metrics, top-1%/top-5% error [24,26,30,31], precision and
recall [25,32–34], F1 score [32,35], training/validation accuracy and loss [34,36], classification accuracy
(CA) [37–41] are the most popular. For the implementation of DL models, several steps are required,
from the collection of datasets to visualization mappings are explained in Figure 2.
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When DL architectures started to evolve with the passage of time, researchers applied them to
image recognition and classification. These architectures have also been implemented for different
agricultural applications. For example, in [42], classification of leaves was performed by using
author-modified CNN and Random Forest (RF) classifier among 32 species in which the performance
was evaluated through CA at 97.3%. On the other hand, it was not as efficient at detecting occluded
objects [43]. Leaf and fruit counting were also performed by deep CNN in [44,45] and [46] respectively.
For classification of crop type, [47] used author-modified CNN, [36] applied VGG 16, [34] implemented
three unit LSTM, and [33] used CNN and RGB histogram technique. [47] used CA, [36] used CA and
Intersection over Union (IoU), [34] used CA and F1, and [33] used F1-score as a performance metric.
Among them, [33,47] did not provide training/validation accuracy and loss. Moreover, recognition of
different plants has been done by the DL approach in [48–50]. [48,50] employed user-modified CNN
while [49] used AlexNet architecture. All were evaluated on the basis of CA. [49] outperformed the
other two in terms of CA. Similarly, crop/weed discrimination was performed in [51,52], in which the
author proposed CNN be used, and two datasets were utilized for the evaluation of the model. [51]
evaluated precision and recall; however, [52] obtained CA for the validation of the proposed models
respectively. The identification of plants by the DL approach was studied and achieved a success rate
of 91.78% [53]. On top of that, DL approaches are also used for critical tasks like plant disease detection
and classification, which is the main focus of this review. There are some research papers previously
presented to summarize the research based on agriculture (including plant disease recognition) by
DL [43,54], but they lacked some of the recent developments in terms of visualization techniques
implemented along with the DL and modified/cascaded version of famous DL models, which were
used for plant disease identification. Moreover, this review also provides the research gaps in order to
get a clearer/more transparent vision of symptoms observed due to diseases in the plants.

The remaining part of the paper is comprised of Section 2, describing the famous and new/modified
DL architectures along with visualization mapping/techniques used for plant disease detection; Section 3,
elaborating upon the Hyperspectral Imaging with DL models; and finally, Section 4, concluding the
review and providing future recommendations for achieving more advancements in the visualization,
detection, and classification of plants’ diseases.
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ResNet were implemented for identifying the tomato leaf diseases. Training/validation accuracy 
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Figure 2. Flow diagram of DL implementation: First, the dataset is collected [25] then split into two
parts, normally into 80% of training and 20% of validation set. After that, DL models are trained from
scratch or by using transfer learning technique, and their training/validation plots are obtained to
indicate the significance of the models. Then, performance metrics are used for the classification of
images (type of particular plant disease), and finally, visualization techniques/mappings [55] are used
to detect/localize/classify the images.

2. Plant Disease Detection by Well-Known DL Architectures

Many state-of-the-art DL models/architectures evolved after the introduction of AlexNet [30] (as
shown in Figure 3 and Table 1) for image detection, segmentation, and classification. This section
presents the researches done by using famous DL architectures for the identification and classification
of plants’ diseases. Moreover, there are some related works in which new visualization techniques and
modified/improved versions of DL architectures were introduced to achieve better results. Among
all of them, the PlantVillage dataset has been used widely as it contains 54,306 images of 14 different
crops having 26 plant diseases [25]. Moreover, they used several performance metrics to evaluate the
selected DL models, which are described as below.
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2.1. Implementation of DL Models

2.1.1. Without Visualization Technique

In [56], CNN was used for the classification of diseases in maize plants and histogram techniques
to show the significance of the model. In [57], basic CNN architectures like AlexNet, GoogLeNet and
ResNet were implemented for identifying the tomato leaf diseases. Training/validation accuracy were
plotted to show the performance of the model; ResNet was considered as the best among all the CNN
architectures. In order to detect the diseases in banana leaf, LeNet architecture was implemented and
CA, F1-score were used for the evaluation of the model in Color and Gray Scale modes [32]. Five CNN
architectures were used in [58], namely, AlexNet, AlexNetOWTbn, GoogLeNet, Overfeat, and VGG
architectures in which VGG outclassed all the other models. In [35], eight different plant diseases were
recognized by three classifiers, Support Vector Machines (SVM), Extreme Learning Machine (ELM),
and K-Nearest Neighbor (KNN), used with the state-of-the-art DL models like GoogLeNet, ResNet-50,
ResNet-101, Inception-v3, InceptionResNetv2, and SqueezeNet. A comparison was made between
those models, and ResNet-50 with SVM classifier got the best results in terms of performance metrics
like sensitivity, specificity, and F1-score. According to [59], a new DL model—Inception-v3—was
used for the detection of cassava disease. In [60], plant diseases in cucumber were classified by
the two basic versions of CNN and got the highest accuracy, equal to 0.823. The traditional plant
disease recognition and classification method was replaced by Super-Resolution Convolutional Neural
Network (SRCNN) in [61]. For the classification of tomato plant disease, AlexNet and SqueezeNet v1.1
models were used in which AlexNet was found to be the better DL model in terms of accuracy [62]. A
comparative analysis was presented in [63] to select the best DL architecture for detection of plant
diseases. Moreover in [64], six tomato plant diseases were classified by using AlexNet and VGG-16
DL architectures, and a detailed comparison was provided with the help of classification accuracy. In
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Key Features and ProsParametersDeep Learning Models /Cons

60kLeNet
First CNN model. Few parameters as compared to

other CNNmodels. Limited capability of
computation

60MAlexNet

Known as the first modern CNN. Best image
recognition performance at its time. Used ReLU to

achieve better performance. Dropout technique was
used to avoid overfitting

145MOverFeat
First model used for detection, localization, and

classification of objects through a single CNN. Large
number of parameters as compared to AlexNet

42.6MZFNet Reduced weights (as compared to AlexNet) by
considering 7 × 7 kernels and improved accuracy

133M–144MVGG

3 × 3 receptive fields were considered to include
more number of non-linearity functions which made
decision function discriminative. Computationally

expensive model due to large number of parameters

7MGoogLeNet Fewer number of parameters as compared to
AlexNet model. Better accuracy at its time

25.5MResNet Vanishing gradient problem was addressed. Better
accuracy than VGG and GoogLeNet models

7.1MDenseNet Dense connections between the layers. Reduced
number of parameters with better accuracy

1.25MSqueezeNet

Similar accuracy as AlexNet with 50 times lesser
parameters. Considered 1 × 1 filters instead of 3 × 3

filters. Input channels were decreased. Large
activation maps of convolution layers

22.8MXception
A depth-wise separable convolution approach.

Performed better than VGG, ResNet, and
Inception-v3 models

4.2MMobileNet
Considered the depth-wise separable convolution

concept. Reduced parameters significantly. Achieved
accuracy near to VGG and GoogLeNet

Modified/ 0.5Reduced MobileNet /0.54M
Lesser number of parameters as compared to
MobileNet. Similar accuracy as compared to

MobileNet

132MVGG-Inception

A cascaded version of VGG and inception module.
The number of parameters were reduced by

substituting 5 × 5 convolution layers with two 3 × 3
layers. Testing accuracy was increased as compared

to many well-known DL models like AlexNet,
GoogLeNet, Inception-v3, ResNet, and VGG-16.

2.1.2. With Visualization Techniques

The following approaches employed DL models/architectures and also visualization techniques
which were introduced for a clearer understanding of plants’ diseases. For example, [55] introduced
the saliency map for visualizing the symptoms of plant disease; [27] identified 13 different types of
plant disease with the help of CaffeNet CNN architecture, and achieved CA equal to 96.30%, which
was better than the previous approach like SVM. Moreover, several filters were used to indicate the
disease spots. Similarly, [25] used AlexNet and GoogLeNet CNN architectures by using the publicly
available PlantVillage dataset. The performance was evaluated by means of precision (P), recall (R),
F1 score, and overall accuracy. The uniqueness of this paper was the implication of three scenarios
(color, grayscale, and segmented) for evaluating the performance metrics and comparison of the two
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the  above  approaches,  no  visualization  technique  was  applied  to  spot  the  symptoms  of  diseases  in 
the  plants.

Table  1.  Comparison  of  state-of-the-art  deep  learning  models.
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famous  CNN  architectures.  It  was  concluded  that  GoogLeNet  outperformed  AlexNet.  Moreover,
visualization  activation  in  the  first  layers  clearly  showed  the  spots  of  diseases.  In  [65],  a  modified  
LeNet  model  was  used  to  detect  olive  plant  diseases.  The  segmentation  and  edges  maps  were  used  to 
spot  the  diseases  in  the  plants.  Detection  of  four  cucumber  diseases  was  done  in  [66]  and  accuracy  was  
compared  with  Random  Forest,  Support  Vector  Machines,  and  AlexNet  models.  Moreover,  the  image 
segmentation  method  was  used  to  view  the  symptoms  of  diseases  in  the  plants.  A  new  DL  model  
was  introduced  in  [67]  named  teacher/student  network  and  proposed  a  novel  visualization  method  to  
identify  the  spots  of  plant  diseases.  DL  models  with  some  detectors  were  implemented  in  [68],  in  which 
the  diseases  in  plants  were  marked  along  with  their  prediction  percentage.  Three  detectors,  named 
Faster-RCNN,  RFCN  and  SSD,  were  used  with  the  famous  architectures  like  AlexNet,  GoogLeNet,
VGG,  ZFNet,  ResNet-50,  ResNet-101  and  ResNetXt-101  for  a  comparative  study  which  outlined  the  
best  among  all  the  selected  architectures.  It  was  concluded  that  ResNet-50  with  the  detector  R-FCN 
gave  the  best  results.  Furthermore,  a  kind  of  bounding  box  was  drawn  to  identify  the  particular  type 
of  disease  in  the  plants.  In  [69],  a  banana  leaf  disease  and  pest  detection  was  performed  by  using 
three  CNN  models  (ResNet-50,  Inception-V2  and  MobileNet-V1)  with  Faster-RCNN  and  SSD  detectors.
According  to  [70],  different  combinations  of  CNN  were  used  and  presented  heat  maps  as  input  to  the 
diseased  plants’  images  and  provided  the  probability  related  to  the  occurrence  of  a  particular  type  of  
disease.  Moreover,  ROC  curve  evaluates  the  performance  of  the  model.  Furthermore,  feature  maps  
for  rice  disease  were  also  included  in  the  paper.  LeNet  model  was  used  in  [71]  to  detect  and  classify  
diseases  in  the  soybean  plant.  In  [72],  a  comparison  between  AlexNet  and  GoogLeNet  architectures 
for  tomato  plant  diseases  was  done,  in  which  GoogLeNet  performed  better  than  the  AlexNet;  also,  it 
proposed  occlusion  techniques  to  recognize  the  regions  of  diseases.  The  VGG-FCN  and  VGG-CNN  
models  were  implemented  in  [73],  for  the  detection  of  wheat  plant  diseases  and  visualization  of  
features  in  each  block.  In  [74],  VGG-CNN  model  was  used  for  the  detection  of  Fusarium  wilt  in  radish  
and  K-means  clustering  method  was  used  to  show  the  marks  of  diseases.  A  semantic  segmentation  
approach  by  CNN  was  proposed  in  [75]  to  detect  the  disease  in  cucumber.  In  [76],  an  approach  based 
on  the  individual  symptoms/spots  of  diseases  in  the  plants  was  introduced  by  using  a  DL  model  for 
detecting  plant  diseases.  A  Deep  CNN  framework  was  developed  for  identification,  classification,  and 
quantification  of  eight  soybean  stresses  in  [77].  In  [78],  rice  plant  diseases  were  identified  by  CNN,  and  
feature  maps  were  obtained  to  identify  the  patches  of  diseases.  A  deep  residual  neural  network  was 
extended  in  [79]  for  the  development  of  a  mobile  application  in  which  a  clear  identification  of  diseases  
in  plants  was  done  by  the  hot  spot.  An  algorithm  based  on  the  hot  spot  technique  was  also  used  in  [80],
in  which  those  spots  were  extracted  by  modification  in  the  segmented  image  to  attain  color  constancy.
Furthermore,  each  obtained  hot-spot  was  described  by  two  descriptors,  one  was  used  to  evaluate  
the  color  information  of  the  disease  and  other  was  used  to  identify  the  texture  of  the  hot-spots.  The 
cucumber  plant  diseases  were  identified  in  [81]  by  using  the  dilation  convolutional  neural  network.  A  
state-of-the-art  visualization  technique  was  proposed  in  [82]  by  correlation  coefficient  and  DL  models  
like  AlexNet  and  VGG-16  architectures.  In  [83],  color  space  and  various  vegetation  indices  combined 
with  CNN  model  (LeNet)  to  detect  the  diseases  in  grapes.  To  summarize,  Table  2  outlines  some  of  the
visualization  mapping/techniques.
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Visualization Techniques/ ReferencesMappings

Visualization of features having filter from first to
final layer [27]

[Visualize activations in first convolutional layer 25]

[Saliency map visualization 55]

Classification and localization of diseases by
bounding boxes [68]

Heat maps were used to identify the spots of the
disease [70]

[Feature map for the diseased rice plant 78]

[Symptoms visualization method 72]

[Feature and spatial core maps 73]

[Color space into HSV and K-means clustering 74]

[Feature map for spotting the diseases 77]

[Image segmentation method 66]

Reconstruction of images on discriminant regions,
segmentation of images by binary threshold theorem,

and heat map construction
[67]

[Saliency map visualization 84]

Saliency map, 2D and 3D contour, mesh graph image [82]

[Activation visualization 85]

[Segmentation map and edge map 65]

For the practical experimentation of detection of plants’ diseases, an actual/real
background/environment should be considered in order to evaluate the performance of the DL
model more accurately. In most of the above approaches, the selected datasets considered
plain backgrounds which are not realistic scenarios for identification and classification of the
diseases [25,27,32,56–58,60,61,65,72,77,78], except for a few of them that have considered the original
backgrounds [35,59,68,70,73,74]. The output of the visualization techniques used in several researches
are shown in Figures 4–11.

In Figure 4, feature maps from the first to the fifth hidden layer are shown as the neuron in a
feature map having identical features at different positions of an image. Starting from the first layer (a),
the features in feature maps represent separate pixels to normal lines, whereas the fifth layer shows
some particular parts of the image (h).

Two types of visualization maps are shown in Figure 5, namely, heat map and saliency map
techniques. The heat maps identify the diseases shown as red boxes in the input image, but it should
be noted that one disease marked in (d) has not been detected. This problem was resolved in the
saliency map technique after the application of the guided back-propagation [55]; all the spots of plant
disease were successfully identified thanks to a method which is superior to the heat map.
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Figure 4. Feature maps after the application of convolution to an image: (a) real image, (b) first
convolutional layer filter, (c) rectified output from first layer, (d) second convolutional layer filter,
(e) output from second layer, (f) output of third layer, (g) output of fourth layer, (h) output of fifth
layer [27].
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Figure 5. Tomato plant disease detection by heat map: on left hand side (a) tomato early blight,
(b) tomato septoria leaf spot, (c) tomato late blight and (d) tomato leaf mold) and saliency map; on
right hand side (a) tomato healthy, (b) tomato late blight, (c) tomato early blight, (d) tomato septoria
leaf spot, (e) tomato early blight, (f) tomato leaf mold) [55].

Figure 6 represents the heat map to detect the disease in maize plants. First, the image was
represented in the form of the probability of each portion containing disease. Then, the probabilities
were placed into the form of a matrix in order to denote the outcome of all the areas of the input image.
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Figure 7. Bounding box indicates the type of diseases along with the probability of their occurrence [68].
A bounding box technique was used in Figure 7 in which (a) represents the one type of disease along
with its rate of occurrence, (b) indicates three types of plant disease (miner, temperature, and gray
mold) in a single image, (c,d) shows one class of disease but contains different patterns on the front and
back side of the image, (e,f) displays different patterns of gray mold in the starting and end stages [68].

A new visualization technique was proposed in [67] as shown in Figures 8 and 9. In Figure 8a,
the input image was regenerated for student/teacher architecture [67], and a single channel heat map
was produced after the application of simple aggregation on the channels of the regenerated image
(Figure 8b). Then, a simple binary threshold algorithm was applied to obtain sharp symptoms of
diseases in the plant. Then, [67] indicated the significance of the proposed technique by comparing it
with the other visualization techniques as shown in Figure 9. On the left hand side, LRP-Z, LRP-Epsilon,
and gradient did not identify plant diseases clearly. However, the Deep Taylor approach produced
better results but indicated some portion of the leaf disease. On the right hand side, an imperfect
localization of the plant disease was shown in grad-cam techniques which was resolved in the proposed
technique by the use of a decoder [67].
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Figure 9. Comparison of Teacher/student approach visualization map with the previous approaches [67].

In order to find the significance of CNN architectures to differentiate between various diseases of
plants, the feature maps were obtained as shown in Figure 10. The result proves a good performance
of the proposed CNN model as it clearly identifies the disease in plants [85].

In Figure 11 the segmentation and edged maps were obtained to identify the diseases in plants. It
is noted that the yellow colored area is marked as white surface in the segmentation map to show the
affected part of the leaf.
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VGG-Inception model (the plant disease is indicated by the red circle) [85].
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Figure  11.  Segmentation  and  edge  map  for  olive  leaf  disease  detection  [65].

2.2.  New/Modified  DL  Architectures  for  Plant-Disease  Detection

According  to  some  of  the  research  papers,  new/modified  DL  architectures  have  been  introduced
to  obtain  better/transparent  detection  of  plant  disease,  such  as  [86]  presented  improved  GoogLeNet
and  Cifar-10  models  and  their  performance  compared  with  AlexNet  and  VGG.  It  was  found  that
improved  versions  of  these  state-of-the-art  models  produced  a  remarkable  accuracy  of  98.9%.  In  [87],  a
new  DL  model  was  introduced  to  obtain  more  accurate  detection  of  plant  diseases  as  compared  to
SVM,  AlexNet,  GoogLeNet,  ResNet-20,  and  VGG-16  models.  This  model  achieved  97.62%  accuracy
for  classifying  apple  plant  diseases.  Moreover,  the  dataset  extended  in  13  different  ways  (rotation
of  90◦,  180◦,  270◦  and  mirror  symmetry  (horizontal  symmetry),  change  in  contrast,  sharpness  and
brightness).  Moreover,  the  whole  dataset  was  transformed  into  Gaussian  noise  and  PCA  jittering  as
well.  Furthermore,  the  selection  of  dataset  was  explained  by  the  help  of  plots  to  prove  the  significance
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of extending the dataset. A new CNN model named LeafNet was introduced in [88] to classify the
tea leaf diseases and achieved higher accuracy than Support Vector Machine (SVM) and Multi-Layer
Perceptron (MLP). In [89], two DL models named modified MobileNet and reduced MobileNet were
introduced, and their accuracy was near to the VGG model; the reduced MobileNet actually got 98.34%
classification accuracy and had a fewer number of parameters as compared to VGG which saves time
in training the model. A state-of-the-art DL model was proposed in [90] named PlantdiseaseNet
which was remarkably suitable for the complex environment of an agricultural field. In [85], five
types of apple plant diseases were classified and detected by the state-of-the-art CNN model named
VGG-inception architecture. It outclassed the performance of many DL architectures like AlexNet,
GoogLeNet, several versions of ResNet, and VGG. It also presented inter object/class detection and
activation visualization; it was also mentioned for its clear vision of diseases in the plants.

A bar chart presented in Figure 12 indicates, from the most to the least frequently used, DL models
for plant disease detection and classification. It can be clearly seen that the AlexNet model has been
used in most of the researches. GoogLeNet, VGG-16, and ResNet-50 are the next most commonly used
DL models. Similarly, there are some improved/cascaded versions (Improved Cifar-10, VGG-Inception,
Cascaded AlexNet with GoogLeNet, reduced/modified MobileNet, modified LeNet, and modified
GoogLeNet), which have been used for plant disease identification.
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Summing up Section 2, all the DL approaches along with the selected plant species and performance
metrics are shown in Table 3.

3. Hyper-Spectral Imaging with DL Models

For early detection of plant diseases, several imaging techniques like multispectral imaging [91],
thermal imaging, fluorescence and hyperspectral imaging are used [92]. Among them, hyperspectral
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imaging (HSI) is the focus of recent research. For example, [93] used hyperspectral imaging (HSI)
to detect tomato plant diseases by identifying the region of interest, and a feature ranking-KNN
(FR-KNN) model produced a satisfactory result for the detection of diseased and healthy plants. In
the recent approach, HSI was used for the detection of an apple disease. Moreover, the redundancy
issue was resolved by an unsupervised feature selection procedure known as Orthogonal Subspace
Projection [94]. In [95], leaf diseases on peanuts were detected by HSI by identifying sensitive bands
and hyperspectral vegetation index. The tomato disease detection was done by SVM classifiers based
on HSI, and their performance was evaluated by F1-score, accuracy, specificity, and sensitivity [96].

Recently, HSI has been used with machine learning (ML) for the detection of plant diseases. For
example, [97] described ML techniques for hyperspectral imaging for many agricultural applications.
Moreover, ML with HSI have been used for three ML models, implemented by using hyperspectral
measurement technique for the detection of leaf rust disease [98]. For wheat disease detection, [99]
used Random Forest (RF) classifier with multispectral imaging technique and achieved accuracy of
89.3%. Plants’ diseases were also detected by SVM based on hyperspectral data and achieved accuracy
of more than 86% [100]. There are some other ML approaches based on HSI [101], but this review is
focused on DL approaches based on HSI, presented below.

The DL has been used to classify the hyperspectral images for many applications. For medical
purposes, this technology is very useful as it is used for the classification of head/neck cancer in [102].
In [103], a DL approach based on HSI was proposed through contextual information as it provides
spectral and spatial features. A new 3D-CNN architecture allowed for a fast, accurate, and efficient
approach to classify the hyperspectral images in [104]. This architecture not only used the spectral
information (as used in previous CNN techniques [105]) but also ensured that the spatial information
was also taken into account. In [106], the feature extraction procedure was used with CNN for
hyperspectral image classification and used dropout and L2 regularization methods in order to prevent
overfitting. Just like CNN models used for hyperspectral imaging classification, RNN models are also
used with HSI as described in [107,108]. In the domain of plant disease detection, some researches
utilized Hyperspectral Imaging (HSI) along with DL models to observe clearer vision for symptoms of
plant diseases. A hybrid method to classify the hyperspectral images was proposed in [109] consisting
of DCNN, LR, and PCA and got better results compared to the previous methods for classification
tasks. In [110], a detailed review of DL with HSI technique was provided. In order to avoid the
overfitting and improve accuracy, a detailed comparison provided between several DL models like
1D/2D-CNN (2D-CNN better result), LSTM/GRU (both faced overfitting), 2D-CNN-LSTM/GRU (still
overfitting) was observed. Therefore, a new hybrid approach from Convolutional and Bidirectional
Gated Recurrent Network named 2D-CNN-BidLSTM/GRU was proposed for the hyperspectral images,
which resolved the problem of overfitting and achieved 0.75 F1-score and 0.73 accuracy for wheat
diseases detection [111]. According to [112], a hyperspectral proximal-sensing procedure based on
the newest DL technique named Generative Adversarial Nets (GAN) was proposed in order to detect
tomato plant disease before its clear symptoms appeared (as shown in Figure 13). In [84], a 3D-CNN
approach was proposed for hyperspectral images to identify the Charcoal rot disease in soybeans
and the CNN model was evaluated by accuracy (95.76%) and F1-score (0.87). The saliency map
visualization was used, and the most delicate wavelength resulted as 733 nm, which approximately
lies in the region of the wavelength of NIR. For the detection of potato virus, [113] described it by
DL on the hyperspectral images and achieved acceptable values of precision (0.78) and recall (0.88).
In [114], a DL model named multiple Inception-Resnet model was developed by using both spatial and
spectral data on hyperspectral UAV images to detect the yellow rust in wheat (as shown in Figure 14).
This model achieved an 85% accuracy, which is quite a lot higher than the RF-classifier (77%).
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Table 3. Comparison of several DL approaches in terms of various performance metrics.

DL Architectures/ Selected PlantDatasetsAlgorithms /s Performance Metrics (and Their
Results) Refs

[CA (92.85%)MaizePlantVillageCNN 56]

TomatoPlantVillageAlexNet, GoogLeNet, ResNet CA by ResNet which gave the best
value (97.28%) [57]

[CA (98.61%), F1 (98.64%)BananaPlantVillageLeNet 32]

AlexNet, ALexNetOWTBn, GoogLeNet,
Overfeat, VGG PlantVillage and in-field images

Apple, blueberry, banana,
cabbage, cassava, cantaloupe,
celery, cherry, cucumber, corn,

eggplant, gourd, grape, orange,
onion

Success rate of VGG (99.53%) which
is the best among all [58]

AlexNet, VGG16, VGG 19, SqueezeNet,
GoogLeNet, Inceptionv3,

InceptionResNetv2, ResNet50, Resnet101
Real field dataset Apricot, Walnut, Peach, Cherry F1(97.14), Accuracy (97.86 ± 1.56) of

ResNet [35]

[Experimental field dataset CA (93%)Inceptionv3 Cassava 59]

CNN Images taken from the research
center [CA (82.3%)Cucumber 60]

Super-Resolution Convolutional Neural
Network (SCRNN) [PlantVillage Accuracy (~90%)Tomato 61]

Caff Downloaded from the interneteNet Pear, cherry, peach, apple,
grapevine [Precision (96.3%) 27]

PlantVillageAlexNet and GoogLeNet

Apple, blueberry, bell pepper,
cherry, corn, peach, grape,
raspberry, potato, squash,

soybean, strawberry, tomato

[CA (99.35%) of GoogLeNet 25]

AlexNet, GoogLeNet, VGG- 16,
ResNet-50,101, ResNetXt-101, Faster

RCNN, SSD, R-FCN, ZFNet
Image taken in real fields Tomato

Precision (85.98%) of ResNet-50
with Region based Fully

Convolutional Network(R-FCN)
[68]

[Bisque platform of Cy Verse Accuracy (96.7%)CNN Maize 70]
[Images were taken in real field Accuracy (95.48%)DCNN Rice 78]

PlantVillageAlexNet, GoogLeNet Tomato Accuracy (0.9918 ± 0.169) of
GoogLeNet [72]

Wheat Disease Database 2017VGG-FCN-VD16 and VGG-FCN-S Wheat Accuracy (97.95%) of
VGG-FCN-VD16 [73]

[Images were taken in real field Accuracy (93.3%)VGG-A, CNN Radish 74]
[Images were taken in real field CA (94.13%)AlexNet Soybean 77]
[PlantVillage CA (95.65%) of AlexNetAlexNet and SqueezeNet v1.1 Tomato 62]

DCNN, Random forest, Support Vector
Machine and AlexNet

PlantVillage dataset, Forestry
Image dataset and agricultural

field in China
[CA (93.4%) of DCNNCucumber 66]
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Table 3. Cont.

DL Architectures/ Selected PlantDatasetsAlgorithms /s Performance Metrics (and Their
Results) Refs

Teacher/ PlantVillagestudent architecture

Apple, bell pepper, blueberry,
cherry, corn, orange, grape,

potato, raspberry, peach,
soybean, strawberry, tomato,

squash

Training accuracy and loss
(~99%,~0–0.5%), validation

accuracy and loss (~95%, ~10%)
[67]

Improved GoogLeNet, Cifar-10 PlantVillage and various
websites Maize Top-1 accuracy (98.9%) of improved

GoogLeNet [86]

MobileNet, Modified MobileNet,
Reduced MobileNet [PlantVillage dataset CA (98.34%) of reduced MobileNet24 types of plant 89]

VGG-16, ResNet-50,101,152, Inception-V4
and DenseNets-121 PlantVillage

Apple, bell pepper, blueberry,
cherry, corn, orange, grape,

potato, raspberry, peach,
soybean, strawberry, tomato,

squash

Testing accuracy (99.75%) of
DenseNets [63]

User defined CNN, SVM, AlexNet,
GoogLeNet, ResNet-20 and VGG-16 [Images were taken in real field CA (97.62%) of proposed CNNApple 87]

[PlantVillageAlexNet and VGG-16 CA (AlexNet)Tomato 64]
[Images were taken in real fieldLeafNet, SVM, MLP CA (90.16%) of LeafNetTea leaf 88]
[Real wheat field2D-CNN-BidGRU F1 (0.75) and accuracy (0.743)wheat 111]
[Real environmentOR-AC-GAN Accuracy (96.25%)Tomato 112]
[Real environment3D CNN CA (95.73%), F1-score (0.87)Soybean 84]

[Real environmentDCNN Accuracy (85%)Wheat 114]
[Real environmentResNet-50 Balanced Accuracy (87%)Wheat 79]
[Real environmentGPDCNN CA (94.65%)Cucumber 81]
[PlantVillage, CASC-IFWVGG-16, AlexNet CA (98.6%)Apple, banana 82]
[Real environmentLeNet CA (95.8%)Grapes 83]

Real environmentPlantDiseaseNet

Apple, bell-pepper, cherry,
grapes, onion, peach, potato,

plum, strawberry, sugar-beets,
tomato, wheat

[CA (93.67%) 90]

[CA (99.32%)PlantVillageLeNet Soybean 71]
[Mean average accuracy (78.8%)Real environmentVGG-Inception Apple 85]

Real environmentResnet-50, Inception-V2, MobileNet-V1 Banana Mean average accuracy (99%) of
ResNet-50 [69]

True positive rate (98.6PlantVillageModified LeNet Olives ± [1.47%) 65]
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Figure 14. Hyperspectral images by UAV: (a) RGB color plots, (b) Random-Forest classifier, and (c)
proposed multiple Inception-ResNet model [114].

From this section, we can conclude that, although there are some DL models/architectures
developed for hyperspectral image classification in the application of plant disease detection, this is still
a fertile area of research and should lead to improvements for better detection of plants’ diseases [115]
in different situations, like various conditions of illumination, considering real background, etc.

In Figure 13, the resultant images are taken from the proposed method described in [112]. The
green-colored portion indicates the healthy part of the plant; the red portion denotes the infected
portion. Note that (a) and (b) are the healthy plant images as there is no red color indication, whereas
(c) has infected disease which can be seen in its corresponding figure (d).

A comparison of proposed DCNN with RF classifier and RGB colored hyperspectral images are
shown in Figure 14. The red color label indicates the portion infected by rust. It should be observed
that the rust plots were identified in an almost similar manner (see (b) and (c) of first row), but in the
healthy plot, there was a large portion covered by the red label in (b) as compared to (c), which shows
a wrong classification by RF model [114].

4. Conclusions and Future Directions

This review explained DL approaches for the detection of plant diseases. Moreover, many
visualization techniques/mappings were summarized to recognize the symptoms of diseases. Although
much significant progress was observed during the last three to four years, there are still some research
gaps which are described below:

• In most of the researches (as described in the previous sections), the PlantVillage dataset was used
to evaluate the accuracy and performance of the respective DL models/architectures. Although
this dataset has a lot of images of several plant species with their diseases, it has a simple/plain
background. However, for a practical scenario, the real environment should be considered.

• Hyperspectral/multispectral imaging is an emerging technology and has been used in many
areas of research (as described in Section 3). Therefore, it should be used with the efficient DL
architectures to detect the plants’ diseases even before their symptoms are clearly apparent.

• A more efficient way of visualizing the spots of disease in plants should be introduced as it will
save costs by avoiding the unnecessary application of fungicide/pesticide/herbicide.
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• The severity of plant diseases changes with the passage of time, therefore, DL models should be
improved/modified to enable them to detect and classify diseases during their complete cycle
of occurrence.

• DL model/architecture should be efficient for many illumination conditions, so the datasets should
not only indicate the real environment but also contain images taken in different field scenarios.

• A comprehensive study is required to understand the factors affecting the detection of plant
diseases, like the classes and size of datasets, learning rate, illumination, and the like.
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Abbreviations

The abbreviations used in this manuscript are given as under:

Machine LearningML
Deep LearningDL
Convolutional Neural networkCNN
Deep Convolutional Neural NetworkDCNN
ImageNet Large Scale Visual Recognition ChallengeILSVRC
Random ForestRF
Classification AccuracyCA
Long Short-Term MemoryLSTM
Intersection of UnionIoU
Network in NetworkNiN
Region based Convolutional Neural NetworkRCN
Fully Convolutional Neural NetworkFCN
You Only Look OnceYOLO
Single Shot DetectorSSD
Pyramid Scene Parsing NetworkPSPNet
Inception Recurrent Residual Convolutional Neural NetworkIRRCNN
Inception Recurrent Convolutional Neural NetworkIRCNN
Densely Connected Recurrent Convolutional NetworkDCRN
Single Shot Detector with Inception module and Rainbow concatenationINAR-SSD
Recurrent Residual Convolutional Neural Network based on U-Net modelR2U-Net
Support Vector MachinesSVM
Extreme Learning MachineELM
K-Nearest NeighborKNN
Super-Resolution Convolutional Neural NetworkSRCNN
Region-based Fully Convolutional NetworksR-FCN
Receiver Operating CharacteristicROC
Principal Component AnalysisPCA
Multi-Layer PerceptronMLP
Layer-wise Relevance PropagationLRP
Hyperspectral ImagingHSI
Feature Ranking K-Nearest NeighborFRKNN
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Recurrent Neural NetworkRNN
Time-of-FlightToF
Logistic RegressionLR
Gated Recurrent UnitGRU
Generative Adversarial NetsAN
Global Pooling Dilated Convolutional Neural NetworkGPDCNN
2D-Convolutional-Bidirectional Gated Recurrent Unit Neural Network2D-CNN-BidGRU
Outlier Removal-Auxiliary Classifier-Generative Adversarial NetsOR-AC-GAN
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Abstract: Recently, plant disease classification has been done by various state-of-the-art deep learning
(DL) architectures on the publicly available/author generated datasets. This research proposed
the deep learning-based comparative evaluation for the classification of plant disease in two steps.
Firstly, the best convolutional neural network (CNN) was obtained by conducting a comparative
analysis among well-known CNN architectures along with modified and cascaded/hybrid versions
of some of the DL models proposed in the recent researches. Secondly, the performance of the
best-obtained model was attempted to improve by training through various deep learning optimizers.
The comparison between various CNNs was based on performance metrics such as validation
accuracy/loss, F1-score, and the required number of epochs. All the selected DL architectures were
trained in the PlantVillage dataset which contains 26 different diseases belonging to 14 respective
plant species. Keras with TensorFlow backend was used to train deep learning architectures. It is
concluded that the Xception architecture trained with the Adam optimizer attained the highest
validation accuracy and F1-score of 99.81% and 0.9978 respectively which is comparatively better
than the previous approaches and it proves the novelty of the work. Therefore, the method proposed
in this research can be applied to other agricultural applications for transparent detection and
classification purposes.

Keywords: plant disease classification; convolutional neural network; deep learning; validation
accuracy; F1-score

1. Introduction

In order to match the food demand, agricultural problems should be addressed by advanced
techniques. In this regard, the agricultural industries are focusing on artificial intelligence methods.
Several traditional machine learning (ML) algorithms have been used to perform various agricultural
operations. On top of that, deep learning (DL) produced significant developments in the agricultural
field of research. This is due to the automatic feature extraction capability of the deep learning
algorithms. Among several agricultural problems, the successful classification of plant diseases is
vital to improve the quality/quantity of agricultural products and reduce an undesirable application
of chemical sprayers such as fungicide/herbicide. Therefore, it is an emerging research topic to
advance agricultural automation. This agricultural task has a complexity due to the resemblance in the
occurrence of the plant containing diseases. In this regard, several studies have been conducted to
improve the classification of plant disease.
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  Many  conventional  machine  learning  (ML)  models  have  been  applied  for  plant  disease 
classification  [1,2].  Similarly,  advanced  imaging  techniques  including  hyperspectral  [3–7]  and  
multispectral  imaging  [8]  have  also  been  used  for  plant/leaf  disease  identification.  However,  after  the  
evolution  of  deep  learning  (DL),  many  state-of-the-art  architectures,  including  AlexNet  [9–14],
Visual  Geometry  Group  (VGG)  [10,11,13,15,16],  DenseNet  [16],  Inception-v4  [16]  and  ResNet  [11,13,14,16],
got  promising  results  for  the  classification  of  plant  disease.  In  this  regard,  several  studies  proved  the 
significance  of  deep  learning-based  methods  as  compared  to  the  traditional  ML  techniques.  For  example,
a  well-known  DL  model  named  GoogLeNet  outperformed  the  ML  algorithms  including  Support  Vector 
Machine  (SVM)  and  Random  Forest  (RF)  models  for  the  classification  of  disease  in  tomato  leaves  [9].
Another  research  showed  the  effectiveness  of  Convolutional  Neural  Networks  (CNN)  in  comparison  
with  the  other  state-of-the-art  techniques  such  as  Radial  Basis  Function  Neural  Network  (RBFNN),
Particle  Swarm  Optimization  (PSO),  and  SVM  for  the  classification  of  defects  in  mango  leaves  [17].
An  article  proposed  a  CNN  model  to  identify  diseases  in  apple  leaves,  which  provided  higher  accuracy 
than  SVM,  Back-Propagation  Neural  Network  model  (BPNN),  AlexNet,  GoogLeNet,  ResNet,  and  VGG 
models  [18].  In  [19],  a  CNN  model  was  proposed  to  classify  the  disease  in  the  leaves  of  PlantVillage  dataset;
its  performance  was  better  than  the  ML  techniques  such  as  SVM,  Decision  Tree  (DT),  Logistics  Regression
(LR),  and  K-Nearest  Neighbor  (KNN)  models.  This  model  also  performed  better  than  the  well-known  
DL  architectures  including  AlexNet,  ResNet,  VGG-16,  and  Inception-v3.  Therefore,  this  article  focuses 
on  the  DL-based  models  for  the  classification  of  plant  disease.

  Different  approaches  have  been  adopted  to  enhance  the  results  of  plant  disease  classification  
including  modified  versions  of  well-known  DL  models,  various  training  techniques,  data  augmentation  
techniques,  cascaded  versions  of  two  successful  DL  architectures,  etc.  [6].  For  example,  the  famous 
GoogLeNet  model  was  improved  to  achieve  better  testing  accuracy  for  the  identification  of  maize  leaf  
disease  in  a  small  period  due  to  its  lesser  number  of  parameters  [20].  Similarly,  inspired  by  the  AlexNet 
model,  a  modified  CNN  architecture  was  proposed  that  had  a  lesser  number  of  filters  in  convolutional 
layers  and  number  of  nodes,  which  apparently  reduced  overall  parameters  as  compared  to  the  original 
model  and  successfully  identified  the  disease  in  tea  leaves  [21].  By  using  an  extended  version  of  the 
PlantVillage  dataset,  two  modified  versions  of  MobileNet  models  were  proposed  and  their  performance  
was  compared  with  the  original  model  (MobileNet),  AlexNet,  and  VGG  models  [22].  Another  research  
proposed  a  cascaded  version  of  DL  architecture  to  classify  disease  in  apple  leaves  and  it  achieved  better 
results  as  compared  to  AlexNet,  GoogLeNet,  VGG-16,  Inception-v3,  and  various  versions  of  ResNet  
models  [23].  Moreover,  several  visualization  techniques  were  also  utilized  along  with  DL  models  to  
highlight  the  disease  spots  in  several  plant  species  [9,24–26].  Few  studies  have  been  conducted  to 
further  advance  the  research  of  plant  disease  classification  by  using  various  training  techniques.  In  [12],
the  performance  of  two  well-known  DL  models  (AlexNet  and  GoogLeNet)  was  compared,  which  were  
trained  from  transfer  learning  and  scratch  techniques.  Reference  [16]  implemented  ResNet,  VGG,
Inception-v4,  and  DenseNet  models  by  using  a  fine-tuning  technique.  Another  research  compared  the  
performance  of  DL  architectures  including  AlexNet,  ResNet,  DenseNet,  SqueezeNet,  Inception-v3,
and  VGG  by  training  through  transfer  learning  and  scratch  techniques  [24].

  The  research  in  deep  learning  has  been  progressing  with  the  passage  of  time  by  introducing  
various  methods  to  achieve  remarkable  outcomes.  For  example,  in  [27],  a  random  search  method  
was  proposed  for  tuning  the  hyperparameters  of  the  neural  network  to  reduce  forecasting  errors.
Similarly,  various  recent  studies  proposed  the  optimizations  algorithms  to  find  the  optimal  value  of  
hyperparameters  of  DL  architectures  [28].  Moreover,  deep  learning  requires  an  optimization  algorithm  
to  update  the  weight  parameters  and  reduce  the  losses.  Therefore,  various  deep  learning  optimizers 
have  been  developed  by  the  research  community  to  achieve  better  results  in  image  classification  tasks.
These  optimizers  produce  a  significant  improvement  in  the  performance  of  DL  models.  In  the  context  of 
plant  disease  classification,  the  previous  researches  either  focused  on  the  modification  of  state-of-the-art 
DL  models  or  the  deployment  of  various  training  techniques.  However,  none  of  the  previous  studies  
has  proposed  an  improvement  in  the  plant  disease  classification  by  state-of-the-art  DL  optimizers
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through  a  comparative  study.  In  this  regard,  this  article  presents  a  comprehensive  comparative  analysis  
to  perform  plant  disease  classification  in  two  steps.  In  the  first  step,  the  performance  of  18  convolutional  
neural  networks  was  evaluated:  10  famous/well-known  DL  architectures  that  were  previously  used  
for  several  image  recognition  tasks,  six  recently  published  modified  versions  that  were  derived  from  
the  famous  DL  models,  and  two  cascaded/hybrid  versions  that  were  developed  from  two  efficient  
DL  algorithms;  the  second  step  was  applied  to  improve  the  performance  of  the  best-obtained  model  
by  training  with  various  deep  learning  optimizers  including  RMSProp,  Adam,  Adadelta,  Adamax,
and  Adagrad.  For  a  comprehensive  evaluation,  validation  accuracy/loss,  F1-score,  and  the  number  of 
epochs  (required  to  converge  training  and  validation  plots)  were  compared.  The  PlantVillage  dataset  
was  selected  for  this  research,  which  contains  disease  in  14  different  plant  species.  The  successful/better 
classification  results  obtained  in  a  large  variety  of  dataset  classes  confirm  that  the  method  presented  in 
this  article  can  also  be  applied  to  other  datasets  related  to  plant  disease.  Furthermore,  the  better  results  
obtained  by  this  research  will  be  useful  for  future  studies  regarding  the  real-time  classification  and 
detection  of  plant  disease  in  a  single  framework.  Moreover,  the  proposed  methodology  could  also  be 
adopted  to  other  agricultural  applications.
  The  rest  of  the  paper  is  organized  as  follows:  Section  2  presents  the  details  of  the  dataset,
hardware/software  specifications,  DL  architectures,  DL  optimizers,  and  specifications  required  to
train  the  DL  models.  Section  3  presents  the  results  to  indicate  the  performance  of  all  the  well-known,
modified,  and  cascaded/hybrid  versions  of  DL  models  along  with  the  improvement  in  the  performance 
of  best-obtained  models  by  using  various  deep  learning  optimizers,  and  finally,  Section  4  describes  the 
concluding  remarks  along  with  some  future  recommendations.

2. Materials  and  Methods

  The  Convolutional  Neural  Networks  (CNNs)  are  mostly  used  for  image  classification  tasks.
Therefore,  in  this  research,  the  performance  of  many  state-of-the-art  CNN  architectures  was  evaluated  
for  the  classification  of  plant  diseases.  The  modified  and  cascaded  versions  of  DL  architectures  were 
also  considered,  which  were  recently  published  in  prominent  research  articles  related  to  plant  disease 
classification.  Figure  1  shows  all  the  18  DL  architectures  considered  for  this  research.  These  models
were  divided  into  three  categories:  well-known,  modified/improved,  and  cascaded/hybrid  versions.
An  overall  methodology  of  this  research  is  presented  in  Figure  2.  Firstly,  the  Stochastic  Gradient 
Descent  (SGD)  with  momentum  optimizer  was  selected  to  train  the  CNN  models  due  to  its  fast 
convergence  ability  [24].  Then,  18  CNN  architectures  were  trained  on  the  PlantVillage  dataset  and  
their  convergence  to  the  final  training/validation  values  was  observed  to  update  the  hyperparameters.
Next,  the  CNN  models  were  compared  in  terms  of  training  and  validation  accuracy/loss,  and  F1-score.
This  led  us  to  apply  the  DL  optimization  algorithms  for  further  improvement  in  the  performance  of  
those  CNN  architectures,  which  achieved  the  highest  F1-score  in  their  particular  category.  The  novelty  
of  the  work  is  proved  by  getting  the  most  suitable  combination  of  the  CNN  model  and  DL  optimizer,
which  provided  considerably  better  result  as  compared  to  the  previous  researches.

2.1.  Dataset

  All  the  DL  models  were  trained  on  a  publicly  available  dataset  called  PlantVillage  [29],  which  contains 
a  total  of  54,306  images  containing  38  different  healthy/diseased  leaves  related  to  their  14  plant  species
(some  of  the  plant  diseases  are  shown  in  Figure  3).  The  size  of  the  images  was  changed  to  224  ×  224  ×  3
and  normalization  was  considered  by  dividing  the  values  of  pixel  by  255  for  making  it  suitable  for  the  
initial  values  of  the  models.  The  dataset  was  divided  by  70%,  20%,  and  10%  into  three  categories  to 
avoid  overfitting:  training,  validation,  and  testing  datasets,  respectively  [22].
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Figure 1. Three categories of DL architectures: well-known, improved/modified, and cascaded/hybrid versions.
MLCNN: Multi-label Convolutional Neural Network, VGG: Visual Geometry Group.

2.2. Software and Hardware Specifications

The DL architectures were programmed in Python language due to the availability of very useful
libraries and DL frameworks. Keras with TensorFlow backend was utilized to build the architectures.
CuDNN library was installed as it increases the speed of training and works with TensorFlow. All the
experiments were carried out on a Graphical Processing Unit (NVIDIA Quadro K2200) having the
specifications: 4GB memory, 640 CUDA cores, 1045 MHz core clock, and 80 GB/sec memory bandwidth.

2.3. Deep Learning Architectures

After the development of the AlexNet architecture, a revolutionary period of state-of-the-art CNN
architectures was started for many image classification tasks. Therefore, in this article, we considered
very popular and successful CNN models such as AlexNet [30], OverFeat [31], VGG-16 [32], ZFNet [33],
ResNet-50 [34], Inception ResNet-v2 [35], Inception-v4 [35], MobileNet [36], DenseNet-121 [37]
and Xception [38].

Some researchers proposed improved/modified versions of state-of-the-art DL architectures to
achieve better/more results for classifying the diseases of plant species. Among them, we have considered
improved GoogLeNet [20], inspired by the famous GoogLeNet model [39], Cifar-10 [20], LeafNet [23],
a multilayer convolutional neural network (MLCNN) [17] derived from the AlexNet model [30],
and modified and reduced MobileNet [22] inspired by the MobileNet model [36]. Some cascaded/hybrid
versions of DL architectures have also been considered in this article such as a cascaded form of the
well-known AlexNet with GoogLeNet models as described in [18] and a hybrid DL architecture of
AlexNet with VGG models (AgroAVNET) as proposed in [40].
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Figure 2. The methodology of this research. CNN: Convolutional Neural Network, SGD: Stochastic
Gradient Descent.

Figure 3. Some of the plant diseases from the PlantVillage dataset [29].
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2.4. Deep Learning Optimizers

The Stochastic Gradient Descent (SGD) was used to train all the DL models during the first step
of the proposed method. After getting the best DL architecture, an improvement in the classification of
plant disease was also attempted. In this regard, we used five state-of-the-art deep learning optimizers
to train those DL models which attained the highest validation accuracy and F1-score in the first step
of the analysis. Few characteristics of these optimizers are provided as under:

• SGD: This is one of the simplest deep learning optimizers. A static learning rate for all the
parameters requires in the duration of whole training and it has a fast convergence ability [41].

• Adagrad: This optimizer uses different learning rates for every parameter in the model. It updates
the learning rate according to the frequency of the update of each parameter [42].

• RMSProp: To reduce the training time observed in Adagrad, the RMSProp optimizing functions
were proposed and its learning rate decays exponentially [43].

• Adadelta: This is an extended version of Adagrad optimizer and accumulates the previous
gradients over a fixed time window which ultimately ensures the continuation of learning even
after many iterations. Adadelta used Hessian approximation to ensure the update direction in the
negative gradient and eliminated the learning rate from update rule [44].

• Adam: The Adaptive moment estimation method (Adam) evaluates adaptive learning rates from
the first and second moments of gradients for various parameters [45]. It has combined advantages
of two extended versions of the SGD method that are Adagrad and RMSProp. In contrast with
the RMSProp, it calculates the average of the second moment of gradient and it also utilizes the
previous gradients to speed up learning [45].

• Adamax: A different version of Adam was also proposed in [45] which is based on the infinity
norm and could be useful for sparse parameter updates like word embeddings.

2.5. Training Specifications

All the DL models were trained from scratch on the PlantVillage dataset. The hyperparameters
were tuned by the random search method [46]. The internal covariate shift problem occurs on the
neural network because of the variation in the distribution of input data due to a change in the number
of parameters in the previous layer. This problem was addressed by Batch Normalization which is
a very useful technique for a high learning rate [47]. For training all the DL models, the ReLU activation
function was used as it is computationally efficient [24,30] and reduces the possibility of the gradient
vanishing. The specifications of all the DL optimizers are summarized in Table 1.

Table 1. Hyperparameters of the deep learning optimizers.

Optimizers Specifications

SGD learning rate = 0.001, weight decay = 0.0005,
momentum = 0.9, nesterov = False

Adagrad learning rate = 0.001, epsilon = 1 × 10−7

RMSProp learning rate = 0.001, rho = 0.9, epsilon = 1 × 10−7

Adadelta learning rate = 1.0, rho=0.95, epsilon = 1 × 10−6

Adam learning rate = 0.001, beta1 = 0.9, beta2 =
0.999, epsilon = 1 × 10−8, amsgrad = False

Adamax learning rate = 0.002, beta1 = 0.9, beta2 = 0.999,
epsilon = 1 × 10−8

3. Results and Discussion

This section first presents the comparative analysis of DL architectures to select the best model
which leads to the results obtained regarding the improvement in the performance of the best-suited
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models by using various DL optimization algorithms. All the results were evaluated in terms of training,
validation accuracy/loss, and F1-score. The F1-score is considered an important performance metric
especially for the case when there is an uneven distribution in the classes just such as the PlantVillage
dataset (for example, the Potato healthy class contains the least number of images (152), whereas,
the Citrus greening has the highest number of images (5507) [29]). Therefore, the model/optimizer that
attained the highest F1-score was considered the most suitable architecture for the classification of
plant disease. The performances of all DL architectures are represented by line graphs (Figures 4–6),
and it was empirically observed that they required 60 epochs (an epoch is a complete cycle of training
on each image sample in the training dataset) at which training/validation accuracy and loss were
converged. The overall performance of DL architectures is also summarized in Table 2.

Figure 4. Cont.
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Figure 4. Performance plots of well-known CNN architectures. (a), (b) provide training and validation
accuracy/loss of VGG-16, OverFeat, AlexNet, ResNet-50 and Inception-v4 architectures. (c), (d) provide training
andvalidationaccuracy/lossofZFNet, InceptionResNet-v2,DenseNet-121,MobileNetandXceptionarchitectures.

Figure 5. Performance plots of modified versions of CNN architectures. (a) Provides training and
validation accuracy, (b) provides training and validation loss.
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Figure 6. Performance plots of cascaded/hybrid versions of CNN architectures. (a) Provides training
and validation accuracy, (b) provides training and validation loss.
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Table 2. Training and validation accuracy/loss, precision, recall, and F1-score along with the number of parameters, training time, and epochs required to train deep
learning architectures (in the order of the lowest to the highest F1-score).

Deep Learning
Architectures

Parameters
(in Millions)

Epochs
Required to

Train the Model

Training Time
(in Hours)

Training
Accuracy

Validation
Accuracy

Training
Loss

Validation
Loss Precision Recall F1-score

LeafNet 0.324 M 59 5.95 0.8590 0.7961 0.4563 0.6658 0.7946 0.7971 0.7958

VGG-16 138 M 59 38.13 0.8339 0.8189 0.5328 0.5651 0.8182 0.8194 0.8188

OverFeat 141.8 M 58 6.75 0.8995 0.8603 0.3201 0.4330 0.8592 0.8628 0.8610

Improved Cifar-10 2.43 M 58 6.08 0.9256 0.8974 0.2628 0.3205 0.8944 0.8960 0.8952

Inception ResNet v2 54.3 M 58 32.83 0.9551 0.9091 0.1530 0.3047 0.9075 0.9105 0.9089

Reduced MobileNet 0.5 M 55 11.72 0.9570 0.9278 0.1860 0.2442 0.9269 0.9267 0.9268

Modified MobileNet 0.5 M 53 6.38 0.9534 0.9297 0.1632 0.2385 0.9278 0.9265 0.9271

ResNet-50 23.6 M 55 26.33 0.9873 0.9423 0.0468 0.1923 0.9351 0.9358 0.9354

MLCNN 78 M 57 67.33 0.9583 0.9402 0.1335 0.1820 0.9386 0.9411 0.9398

Inception v4 41.2 M 59 52.92 0.9586 0.9489 0.1410 0.1828 0.9410 0.9466 0.9438

Improved GoogLeNet 6.8 M 53 9.67 0.9829 0.9521 0.0522 0.1038 0.9528 0.9539 0.9533

AlexNet 60 M 54 6.10 0.9689 0.9578 0.1046 0.1298 0.9563 0.9570 0.9566

DenseNet-121 7.1 M 56 28.75 0.9826 0.9580 0.0758 0.1323 0.9581 0.9569 0.9575

MobileNet 3.2 M 47 14.70 0.9764 0.9632 0.0903 0.1090 0.9624 0.9612 0.9618

Hybrid AlexNet with
VGG (AgroAVNET) 238 M 54 49.90 0.9841 0.9649 0.0546 0.1078 0.9626 0.9674 0.9650

ZFNet 58.5 M 47 6.47 0.9752 0.9717 0.0746 0.1139 0.9746 0.9751 0.9748

Cascaded AlexNet and
GoogLeNet 5.6 M 57 6.5 0.9931 0.9818 0.0229 0.0592 0.9749 0.9751 0.9750

Xception 22.8 M 34 56.28 0.9990 0.9798 0.0140 0.0621 0.9764 0.9767 0.9765
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3.1. Step-1: Comparative Analysis of Deep Learning Architectures

3.1.1. Performance of Well-Known CNN Architectures

The performance of well-known CNN architectures is presented in Figure 4, and it indicates
that there is no sign of underfitting (the problem occurs during the training of deep learning models
according to which the model does not train accurately if training loss does not change or it continuously
decreases) and overfitting (the problem at which the model does not perform appropriately for new
data/validation dataset or validation loss decreases to some extent then suddenly increases for the
remaining epochs). Overall, 10 well-known CNN architectures were considered. A few important
observations from Figure 4 and Table 2 were made:

• The Xception model attained the highest validation accuracy, F1-score, and lowest validation loss
among all the well-known CNN models. Therefore, this model can be undoubtedly considered as
the best CNN architecture to classify plant disease on the PlantVillage dataset. It implies that the
concept of a modified version of depth-wise separable convolution [38] in the Xception model is
a useful way to obtain higher classification results. Moreover, this DL model converged to its
final value at the 34th epoch which is the least number of epochs as compare to all the other DL
architectures. On the other hand, it required a significant amount of time to complete one epoch
(around 3400 s). Therefore, future studies should propose another version of DL architecture that
can achieve Xception-level accuracy and require smaller training time for each epoch.

• The second highest F1-score/validation accuracy was attained by ZFNet architecture. Hence,
a smaller filter size and the increased number of activation maps used in ZFNet architectures
(as compared to AlexNet) improved its performance.

• Then, MobileNet, DenseNet, and AlexNet architectures have also achieved a good F1-score
followed by Inception-v4, ResNet-50, and Inception ResNet-v2 architectures. The MobileNet is
a comparatively more preferable model due to its lower number of parameters which reduced
its computation time significantly. The depthwise and pointwise convolutional layers helped
to achieve a better classification result. Therefore, a CNN model could be proposed in future
research based on the MobileNet architecture. Moreover, this model required a lower number
of epochs to achieve its final accuracy and loss as compare to DenseNet and AlexNet models
(as shown in Table 2).

• From Table 2, it is also noticed that the DL models, such as Inception-v4, Inception ResNet-v2,
OverFeat, and VGG-16, required 58-59 number of epochs to converge training/validation plots
(also shown in Figure 4), which significantly increased their training time.

• The VGG-16 and OverFeat were found unsuitable models for plant disease classification as they
achieved lower validation accuracy/F1-score and higher validation loss as compared to the other
well-known DL architectures. The smaller filter size of the VGG model degraded its performance.
However, the larger filter size of the OverFeat model significantly reduced its training time but
they were not enough to provide a noticeable classification performance. Additionally, they had
a higher number of parameters (in millions) which slow down their training time effectively.

3.1.2. Performance of Modified CNN Architectures

In this article, six modified/improved versions of CNN architectures were also considered.
Their performance is presented in Figure 5 from which the following points are discussed:

• The improved GoogLeNet architecture achieved the best performance in terms of validation
accuracy/loss and F1-score among all the modified versions of CNN architectures by utilizing the
concept of the Inception module from the original GoogLeNet model. Moreover, it got the final
value of accuracy and loss in 53 epochs which is the least as compared to other modified/improved
versions of the DL models considered in this article, but it required more training time to complete
one epoch as compared to the models like Modified and Reduced MobileNet.
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• The MLCNN architecture provided a good F1-score due to the inclusion of a dropout layer after
each max pooling layer and a reduction in the number of filters of the starting convolution layers in
the original AlexNet architecture. However, due to a higher number of parameters, this modified
DL architecture required considerably higher training time per epoch.

• The two versions of MobileNet named Modified and Reduced MobileNet models achieved
an acceptable F1-score closed to each other. These modified versions of DL architecture used
depthwise separable convolutional layers, which helped to attain a good classification result,
and they had six times fewer parameters than the original MobileNet model which reduced their
training time per epoch.

• Moreover, there were some models like Improved Cifar-10 and LeafNet models that had a lower
number of parameters which increased their speed of training per epoch. The Improved Cifar-10
model achieved a noticeable F1-score, but the reduced parameters of the LeafNet model were
not enough to obtain a good F1-score/validation accuracy. Therefore, it is not a suitable model
to classify diseases in the selected dataset. It is also observed that these two models required
a higher number of epochs as compare to other modified versions of DL architectures. Hence,
future research could comprise of proposing a DL model such as Improved Cifar-10 and LeafNet
for reducing the training time, but some convolutional layers should be added to attain acceptable
validation/testing accuracy.

3.1.3. Performance of Cascaded/Hybrid CNN Architectures

Figure 6 presents the performance of cascaded/hybrid version of CNN models as explained below:

• The cascaded AlexNet with GoogLeNet architecture outperformed all the DL models in terms
of validation accuracy; moreover, except for the Xception architecture, this model achieved the
highest F1-score among all the DL architectures considered in this research (as shown in Table 2).
Although it required almost 57 epochs to reach its final accuracy/loss values (as shown in Figure 6),
but it completed one epoch in a smaller period, which clearly shows its effectiveness in terms
of training time. There were a few important modifications in the original AlexNet model,
which helped to extract the features of plants containing disease including smaller convolution
kernel in different layers, the inclusion of max-pooling layer, cascading the Inception module
with the modified AlexNet layers, and convolutional layers after Inception to replace two fully
connected layers [18].

• Moreover, a hybrid version of AlexNet with VGG architectures has also been studied, and it
provided good performance in terms of validation accuracy (as shown in Figure 6) and F1-score,
but it had the highest number of parameters which significantly increased its training time to
complete each epoch. This model performed well due to the utilization of concepts such as
normalization and selection of filter depth from AlexNet and VGG models, respectively [40].

3.2. Step-2: Improvement in Classification Results by Deep Learning Optimizers

In this article, an improvement in the performance of CNN architectures has also been attempted by
training the best models (obtained from the previous step) through different deep learning optimization
functions. In this regard, the best DL model was selected from each of the three categories such as
the Xception, Improved GoogLeNet, and cascaded version of AlexNet with GoogLeNet models.
Table 3 summarizes the results obtained by using various optimization algorithms. Some important
observations can be made as follows:

• Considerable changes were observed in training/validation accuracy, loss, precision, recall,
and F1-score by training the DL models through various deep learning optimizers.

• Adam and Adadelta were the most successful optimizers for all the three selected DL architectures.
• The Xception model trained with the Adam optimizer achieved the highest validation accuracy

and F1-score of 99.81% and 0.9978, respectively, which clearly show the effectiveness of the
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proposed approach. Moreover, these results are better than previous studies that used the same
dataset but different approaches [12,16,19,24]. Therefore, the methodology proposed in this article
could be used for various other agricultural operations.

• The cascaded AlexNet with GoogLeNet and improved GoogLeNet models achieved their best
classification results by using the Adadelta and Adam optimizers, respectively.

• However, a degradation in the performance has also been observed when optimizing functions
were changed from SGD to Adagrad and RMSProp for Xception and cascaded models, respectively.

• It is also noticed that the Improved GoogLeNet showed its lowest validation accuracy/F1-score
when it was trained by the SGD optimizer.

Table 3. Performance of deep learning optimizers applied to train cascaded AlexNet with GoogLeNet,
Improved GoogLeNet, and Xception models.

Optimizers Training
Accuracy

Validation
Accuracy Training Loss Validation

Loss Precision Recall F1-score

Cascaded AlexNet with GoogLeNet

SGD 0.9931 0.9818 0.0229 0.0592 0.9749 0.9751 0.9750

RMSProp 0.9894 0.9757 0.0482 0.1479 0.9746 0.9613 0.9679

Adagrad 0.9956 0.9824 0.0153 0.0547 0.9815 0.9782 0.9798

Adamax 0.9990 0.9859 0.0029 0.0574 0.9828 0.9795 0.9811

Adam 0.9989 0.9857 0.0039 0.0750 0.9836 0.9836 0.9836

Adadelta 0.9993 0.9873 0.0024 0.0696 0.9846 0.9856 0.9851

Improved GoogLeNet

SGD 0.9829 0.9521 0.0522 0.1038 0.9528 0.9539 0.9533

RMSProp 0.9723 0.9685 0.1780 0.2272 0.9692 0.9666 0.9679

Adagrad 0.9889 0.9718 0.0350 0.0930 0.9651 0.9618 0.9634

Adamax 0.9998 0.9847 8.782 × 10−4 0.0875 0.9792 0.9826 0.9809

Adam 0.9992 0.9904 0.0026 0.0434 0.9859 0.9872 0.9864

Adadelta 0.9991 0.9905 0.0022 0.0567 0.9828 0.9879 0.9861

Xception

SGD 0.9990 0.9798 0.0140 0.0621 0.9764 0.9767 0.9765

RMSProp 0.9998 0.9924 6.922 × 10−4 0.0433 0.9877 0.9920 0.9900

Adagrad 0.9987 0.9621 0.0164 0.1460 0.9682 0.9505 0.9593

Adamax 1.0000 0.9889 0.0012 0.0415 0.9902 0.9874 0.9888

Adam 1.0000 0.9981 6.890 × 10−4 0.0178 0.9981 0.9975 0.9978

Adadelta 1.0000 0.9906 8.407 × 10−4 0.0364 0.9926 0.9887 0.9906

4. Conclusions and Future Recommendations

In this article, a comprehensive comparative analysis has been performed between various
state-of-the-art deep learning architectures divided into three categories namely well-known, modified,
and cascaded versions. Moreover, the performance of the best-obtained models was further
improved by using various deep learning optimization algorithms. It was found that the Xception,
Improved GoogLeNet and cascaded version of AlexNet with GoogLeNet models obtained the highest
validation accuracy and F1-score in their respective category. When these three DL models were
trained by using various deep learning optimizers, the Xception model trained by the Adam optimizer
achieved the highest F1-score of 0.9978 which suggests that this combination of the CNN model and the
optimization algorithm is the most suitable way to classify the plant disease. This research provided
us some interesting future directions for upcoming research given as follows:
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• Various deep learning optimizers such as Adam, and Adadelta, can also be used to enhance
research on other agricultural applications, such as crop/weed discrimination, classification of
weeds, plant recognition, etc.

• The classification performance of the other datasets related to plant disease could also be improved
by adopting the methodology proposed in this research.

• Furthermore, although the Xception model provided the best results according to the analysis
provided in this article, it required a significant amount of time to complete each epoch. Therefore,
an attempt should be made to achieve an Xception level accuracy with small training time.
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Abstract: The identification of plant disease is an imperative part of crop monitoring systems.
Computer vision and deep learning (DL) techniques have been proven to be state-of-the-art to
address various agricultural problems. This research performed the complex tasks of localization and
classification of the disease in plant leaves. In this regard, three DL meta-architectures including the
Single Shot MultiBox Detector (SSD), Faster Region-based Convolutional Neural Network (RCNN),
and Region-based Fully Convolutional Networks (RFCN) were applied by using the TensorFlow object
detection framework. All the DL models were trained/tested on a controlled environment dataset to
recognize the disease in plant species. Moreover, an improvement in the mean average precision
of the best-obtained deep learning architecture was attempted through different state-of-the-art
deep learning optimizers. The SSD model trained with an Adam optimizer exhibited the highest
mean average precision (mAP) of 73.07%. The successful identification of 26 different types of
defected and 12 types of healthy leaves in a single framework proved the novelty of the work. In the
future, the proposed detection methodology can also be adopted for other agricultural applications.
Moreover, the generated weights can be reused for future real-time detection of plant disease in a
controlled/uncontrolled environment.

Keywords: deep learning; plant disease detection; transfer learning; optimization algorithms; mean
average precision

1. Introduction

In agricultural crops, leaves play a vital role to provide information about the amount and nature
of horticultural yield. Several factors affect food production such as climate change, presence of
weed, and soil infertility. Apart from that, plant or leaf disease is a global threat to the growth
of several agricultural products and a source of economic losses [1]. The failure to diagnose
infections/bacteria/virus in plants leads subsequently to insufficient pesticide/fungicide use. Therefore,
plant diseases have been largely considered in the scientific community, with a focus on the biological
features of diseases. Precision farming uses the most advanced technology for the optimization of
decision-making. The visual inspections by experts and biological review are usually carried out
through plant diagnosis when required. This method, however, is typically time-consuming and
cost ineffective. To address these issues, it is necessary to detect plant diseases by advanced and
intelligent techniques.
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  To  perform  the  agricultural  operations,  conventional  machine  learning  (ML)  algorithms  have  
been  applied  in  many  studies  [2,3].  However,  recently,  deep  learning  (DL)  as  a  sub-set  of  ML,  has  been  
strikingly  effective  for  real-life  object  detection,  recognition,  and  classification  purposes  [4–6].  Therefore,
agricultural  research  has  been  moving  towards  the  DL-based  solutions.  The  DL  techniques  have 
been  accomplished  state-of-the-art  results  to  perform  the  agricultural  operations  including  crop/weed 
discrimination  [7,8],  fruit  harvesting  [9,10],  and  plant  recognition  [11–14].  Similarly,  recent  studies 
have  also  focused  on  another  important  agricultural  issue  of  plant  disease  identification  [6].
  Several  state-of-the-art  DL  models  have  been  applied  to  perform  plant  disease  classification  by 
using  well-known  DL  architectures.  Moreover,  some  researchers  introduced  modified  versions  of  DL 
algorithms  to  improve  the  performance  of  the  classification  of  disease  in  several  plant  species.  A  few
of  the  prominent/recent  studies  are  highlighted  in  this  section.  For  example,  a  recent  article  presented
acomparative  analysis  of  various  Convolutional  Neural  Networks  (CNN)  and  DL  optimizers  to 
attain  better  results  of  plant  disease  classification  [15].  A  study  proposed  a  CNN  model  to  classify 
disease  in  tea  leaves  [16].  Another  study  was  conducted  to  propose  two  revised  versions  of  MobileNet  
models  for  the  classification  of  several  plant  diseases  [17].  A  recent  article  presented  two  deep  learning 
architectures  based  on  residual  learning  and  attention  methods  to  classify  tomato  leaf  diseases  and  
achieved  a  higher  overall  accuracy  [18].  Another  CNN-based  architecture  was  proposed  to  classify 
disease  in  the  PlantVillage  dataset,  and  it  performed  better  than  the  well-known  DL  models  including 
AlexNet,  VGG-16,  Inception-v3,  and  ResNet  [19].  A  recent  article  proposed  a  CNN-based  model  for  
the  classification  of  groundnut  disease  [20].  Similarly,  few  studies  focused  on  the  advanced  training  
techniques;  for  example,  [21]  evaluated  the  performance  of  AlexNet  and  GoogLeNet  trained  from 
scratch  and  transfer  learning  approaches.  A  comparative  study  was  conducted  to  show  the  significance
of  the  fine-tuning  technique  by  comparing  state-of-the-art  DL  architectures  for  the  classification  of 
plant  disease  [22].  More  recent  developments  regarding  the  specific  task  of  plant  disease  classification 
are  comprehensively  presented  in  [6,15].

  To  address  the  task  of  object  identification,  the  classification  and  localization  of  objects  are  
performed  in  a  single  platform  by  using  deep  learning  meta-architectures.  In  this  regard,  few  DL 
algorithms  have  been  developed.  The  Region-based  Convolution  Neural  Network  (RCNN)  was  
among  the  first  modern  techniques  towards  image  detection  tasks  through  CNN  [23].  Afterward,
the  successful  implementation  of  regional  proposal  methods  proved  significant  developments  in  object  
identification.  In  the  context  of  plant  disease  recognition,  very  few  studies  have  been  conducted
to perform  this  complex  agricultural  operation  by  DL  techniques.  For  example,  in  [24],  the  deep  
learning  models  were  implemented  to  perform  plant  disease  localization  and  diagnosis.  The  authors  
used  their  own  annotated  images  of  tomato  leaf  and  successfully  obtained  a  higher  mean  average 
precision.  In  [25],  two  different  approaches  were  developed  and  compared  to  perform  automated  pest  
detection  based  on  ML/DL  learning  strategies.  This  work  focused  on  the  detection  of  the  harmful 
pest  in  greenhouse  tomato  and  pepper  crops.  Their  findings  showed  that  the  deep  learning  methods  
provided  a  better  result  as  compared  to  the  machine  learning  algorithms  due  to  its  capability  to  perform  
detection  and  classification  tasks  in  one  step.  A  recent  article  presented  the  DL  approach  to  diagnose 
disease  in  Cassava  leaves  by  using  the  Single  Shot  MultiBox  Detector  (SSD)  and  achieved  satisfactory 
results  [26].  Another  recent  research  considered  the  plant  disease  recognition  task  by  CNN  to  estimate  
the  severity  of  defects  in  the  plant  leaves  [27].

  From  the  literature,  it  can  be  concluded  that  most  of  the  recent  researches  have  been  focused  on 
the  task  of  plant  disease  classification  (only  classify  the  type  of  disease  among  several  plant  species).
However,  the  complex  task  of  plant  disease  identification  (both  localization  and  classification  of  the  
disease  in  the  plant)  has  been  given  very  little  attention.  Moreover,  none  of  the  previous  approaches  has  
performed  a  comprehensive  study  regarding  the  detection/identification  of  38  classes  of  plant  disease  by  
advanced  DL  meta-architectures.  Therefore,  in  this  research,  an  evaluation  of  three  successful  DL-based 
object  detection  techniques  including  the  Single  Feed-forward  Neural  Network,  Region  Proposal  
Network,  and  Region-based  Fully  Convolutional  Network  has  been  carried  out  using  a  transfer
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learning  technique  that  focused  on  an  important  agricultural  problem  of  plant  disease  identification.
The  transfer  learning  technique  is  applied  due  to  its  successful  performance  for  many  object  recognition 
tasks.  From  the  practical  point  of  view,  reuse  or  transfer  of  information  from  previously  learned  tasks  
for  learning  new  tasks  increases  the  accuracy  of  the  DL  architectures.  In  this  research,  we  have  shown 
the  final  ConvNet  checkpoints  of  the  detection  tools.  Moreover,  recently,  the  research  community  is 
focusing  on  better  optimization  of  weight  parameters  of  neural  networks  [15].  Thereby,  in  this  work,  the  
performance  of  three  state-of-the-art  deep  learning  optimizers  was  also  analysed,  which  significantly
improved  the  prediction  ability  (true  positive  detection  rate)  of  top  selected  DL  meta-architectures.
  The  main  contributions  of  this  research  are  summarized  as  follows:

1. A  comprehensive  study  of  deep  learning  meta-architectures  has  been  conducted  for  the 
identification  of  disease  in  several  plant  species  infected  by  fungi,  infection,  virus,  and  bacteria.

2. An  attempt  has  been  made  towards  the  improvement  in  the  performance  of  DL  meta-architectures  
specifically  for  plant  disease  recognition/identification  tasks  by  using  three  different  state-of-the-art 
DL  optimization  methods  including  Stochastic  Gradient  Descent  (SGD)  with  Momentum,
Adaptative  Moment  Estimation  (Adam),  and  Root  Mean  Square  Propagation  (RMSProp).

3. The  weights  obtained  after  the  training  of  the  DL  models  could  also  be  used  for  the  other  datasets  
related  to  plant  disease.

  The  rest  of  the  article  is  presented  as  follows:  Section  2  explains  the  overall  methodology,  applied  
framework,  selection  of  datasets,  annotation  of  dataset  images,  DL  meta-architecture,  DL  optimizers,
experimental  setup,  and  performance  metric.  Section  3  presents  the  performance  of  all  the  DL  methods  
along  with  the  improvement  in  their  performance  by  optimization  algorithms,  and  Section  4  provides 
the  conclusion  with  some  future  works.

2. Materials  and  Methods

  This  article  addresses  the  plant  disease  identification  task  by  state-of-the-art  three  deep  learning  
meta-architectures  prominently  Faster  Region-based  Convolutional  Neural  Network  (RCNN),  Single 
Shot  MultiBox  Detector  (SSD),  and  Region-based  Fully  Convolutional  Networks  (RFCN).  The  overall 
methodology  for  this  research  is  presented  in  Figure  1.  The  first  step  was  the  selection  of  two  datasets:
a  large  dataset  to  obtain  the  pre-trained  weights  for  transfer  learning,  and  the  second  dataset  was 
related  to  the  different  classes  of  disease  on  plant  leaves.  The  next  step  was  the  annotation  of  the  
training  dataset  by  an  online  available  tool  called  LabelImg.  This  led  to  constructing  and  training 
the  DL  architectures.  Then,  the  recognition  of  all  the  classes  of  plant  disease  was  checked  to  tune  the  
hyperparameters  of  the  SGD  optimizer.  Next,  the  performance  of  the  learned  neural  networks  was 
evaluated  on  the  images  of  the  testing  (unseen)  dataset.  Here,  the  actual  outputs  were  compared  with  
the  expected  outputs  to  identify  errors.  Furthermore,  the  mean  average  precision  (mAP)  of  all  the 
neural  networks  was  measured  to  obtain  the  best  suited  DL  model.  The  further  improvement  in  the 
mAP  was  proposed  by  using  various  DL  optimizers.  Finally,  the  proposed  method  was  successful  to 
classify  and  localize  the  healthy/diseased  leaves  of  various  plant  species.
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Figure 1. The flow diagram of this research.

2.1. Generalized Framework

The generalized framework of training and testing the DL models is presented in Figure 2 which
consists of dataset images having their corresponding XML files. The XML data were converted
into CSV format. Then, TF records from the CSV files were generated, as TensorFlow accepts the TF
format of the data to feed into the network while training the DL architectures. The DL detectors
were constructed by taking training images with bounding box coordinates and then evaluated their
performance on the testing dataset.
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Figure 2. Generalize framework to train and test the deep learning (DL) meta-architectures for plant
disease identification.

2.2. Dataset Selection

Few datasets have been developed and used for various real-life operations consisting of a huge
number of classes. For example, in object classification/detection research, the dataset of ImageNet [28],
which includes unprecedented numbers of images, has recently made breakthroughs. Similarly, the MS
COCO dataset [29] consists of 91 common object classes with 82 of these having more than 5k labelled
instances. A total of 2500k data instances are labelled in 328k pictures. The MS COCO dataset contains
substantially more object instances per picture (7.7) as compared to the ImageNet (3.0) and PASCAL
(2.3) datasets. Therefore, we used the training weights of the MS COCO dataset for the transfer learning
purpose. Next, the PlantVillage dataset [30] was selected, as it contains images that are relevant to
the area of interest. This dataset consists of images of 14 plant varieties. The dataset shows 17 fungal
infections, 4 bacterial diseases, 2 fungal illnesses, 2 infectious diseases, and 1 mite-induced disease [30].
Twelve plant species also show images of healthy leaves that have no obvious illness.

2.3. Annotation of the Training Dataset

The PlantVillage dataset was divided into three sub-datasets: 70% (38017 images) for training, 20%
(10858 images) for validation, and 10% (5431 images) for testing [15,17]. Then, the annotation of training
dataset images was the first step towards the plant disease identification task by DL meta-architectures.
In this study, the training images were annotated by LabelImg, which is an open-source graphic image
annotation application. As a result, the bounding box coordinates (Xmin, Ymin, Xmax, and Ymax) were
created. These bounding boxes are the ground truth boxes that evaluate as the intersection of the union
(IoU) with the prediction bounding box. To save annotations as XML files, the Pascal VOC format
was used. An example of an annotated dataset image is given in Figure 3. Table 1 shows the details
regarding the classes of the PlantVillage dataset.
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Table 1. List of classes of PlantVillage dataset along with the cause of disease, annotation labels, number
of training, validation, and testing images.

Classes of PlantVillage Dataset Disease
Cause

Annotation
Label

Training
Images

Validation
Images

Testing
Images

Apple Scab 63126441A_ScabFungi
Apple Black Rot 62124435A_Blk_RotFungi

Apple Cedar Rust 2855192A_C_RustFungi
Apple Healthy 1653291151A_Healthy-

Blueberry Healthy 1513001051B_Healthy-
Cherry Healthy 85171598Ch_Healthy-

Cherry Powdery Mildew 106210736Ch_MildewFungi
Corn (maize) Common rust 119238835Corn_RustFungi

Corn (maize) Healthy - Corn_Healthy 116233813
Corn (maize) Northern Leaf Blight 98197690Corn_BlightFungi

Corn (maize) Gray leaf spot 52102360Corn_SpotFungi
Grape Black Rot 118236826G_Blk_RotFungi

Grape (Black Measles) Fungi G_Blk_Measles 138277968
Grape Healthy 4285296Grp_Healthy-

Grape Leaf Blight (Isariopsis Leaf Spot) 108215753Grp_BlightFungi
Orange Huanglongbing (Citrus greening) 55111013855O_HLBingBacteria

Peach Bacterial Spot Bacteria Pec_Bact_Spot 2304591608
Peach Healthy 3672252Pec_Healthy-

Pepper Bell Bacterial Spot Bacteria Pep_Bact_Spot 100199698
Pepper Bell Healthy 1472971034Pep_Healthy-
Potato Early Blight 100200700Po_E_BlightFungi

Potato Healthy 1530107Po_Healthy-
Potato Late Blight 100200700Po_L_BlightInfection
Raspberry Healthy 3774260Ras_Healthy-
Soybean Healthy 50910183563Soy_Healthy-

Squash Powdery Mildew 1833671285Sq_PowderyFungi
Strawberry Healthy - Straw_Healthy 4691319

Strawberry Leaf Scorch 111222776Straw_ScorchFungi
Tomato Bacterial Spot Bacteria Tom_Bact_Spot 2134261488
Tomato Early Blight Fungi Tom_E_Blight 100200700

Tomato Healthy 1593181114Tom_Healthy-
Tomato Late Blight Infection Tom_L_Blight 1913821336
Tomato Leaf Mold 95190667Tom_L_MoldFungi

Tomato Septoria leaf Spot 1773541240Tom_SeptFungi
Tomato Spider Mites Mite Tom_Sp_Mite 1673351174
Tomato Target Spot 140280984Tom_TargetFungi

Tomato Mosaic Virus 3774262Tom_MosaicVirus
Tomato Yellow Leaf Curl Virus 53610713750Tom_CurlVirus
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L(x, c, l, g) =
1
N
[Lcon f (x, c) + αLloc(x, l, g)] (1)

where, N, Lconf, α, and Llos represent the number of matched default boxes, confidence loss, weight
term, and localization loss, respectively.

Figure 4. The basic architecture of the Single Shot MultiBox Detector (SSD) [32].

2.4.2. Faster Region-based Convolutional Neural Network (Faster-RCNN)

In Faster RCNN architecture, the object detection task performs at two different stages as compared
to SSD. At the region proposal network (RPN) stage, the images are processed to generate region
proposals directly through feature extractors (Inception and ResNet) instead of an external algorithm
such as Edge Boxes. These features are used to forecast class-specific proposals for each intermediate
convolutional layer. Then, the generated anchor boxes are used at the second step of detecting the

Plants  2020,  9,  1451  

2.4.  Deep  Learning  Meta-Architectures

  In  this  research,  three  successful  DL  meta-architectures  were  considered  for  the  detection  of  plant  
disease.  These  models  consist  of  a  base  network  and  a  feature  extractor.  The  following  sub-sections 
provide  an  insight  of  these  DL  architectures  to  elaborate  their  functionality  for  performing  an  image 
recognition/identification  task  along  with  the  overall  loss  function  of  the  respective  models.

2.4.1.  Single  Shot  MultiBox  Detector  (SSD)

  The  SSD  model  is  simple  due  to  the  elimination  of  the  region  proposal  and  subsequent  pixel  or  
resampling  of  features.  This  DL  model  includes  all  computations  in  one  network,  which  is  why  it  is  
known  as  a  single-shot  detector  [31].  Experimental  findings  on  the  MS  COCO,  ILSVRC,  and  PASCAL  
VOC  datasets  revealed  that  the  SSD  achieved  comparatively  better  precision  than  the  other  DL  models  
such  as  Faster  RCNN,  and  much  faster  computation  time  while  providing  a  unified  training  and  
inference  framework  [31].  The  key  feature  of  SSD  is  the  use  of  small  convolution  filters,  such  as  4x4  and 
8x8;  feature  maps  for  category  score;  and  box  offset  prediction  for  the  collection  of  default  bounding  
boxes.  The  conceptual  diagram  of  the  SSD  model  is  presented  in  Figure  4.  The  overall  loss  for  SSD
architecture  is  evaluated  by  Equation  (1)  [31]:
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L[{pi}, {ti}] =
1

Ncls

∑
i

Lcls(pi, pi
∗) + λ

1
Nreg

∑
i

pi
∗Lreg(ti, ti

∗) (2)

where i indicates the index of anchor (responsible for obtaining bounding boxes of various sizes/ratios
and used as a reference while predicting object locations); pi, pi

*, ti, Ncls, λ, Lcls, Lreg, and Nreg present
the output score from classification branch for anchor i, ground truth label (0/1), output prediction
of the regressor layer (which consists of 4 variables (tx, ty, tw, th)), number of anchors in mini-batch,
balancing parameter, classification loss, the regressor loss (it actuates only if anchor contains an object
that is ground truth (pi

*) is 1), and number of anchors in mini-batch, respectively. Here, ti
* is the ground

truth box with a positive anchor.

Figure 5. The basic architecture of the Faster Region-based Convolutional Neural Network (RCNN) [32].

2.4.3. Region-based Fully Convolutional Networks (RFCN)

This network is much like the Faster-RCNN, except for the removal of fully convolutional layers
after the region of interest (ROI) pooling. After ROI pooling, the region proposals generate the same set
of score maps for average voting. Moreover, this DL architecture has a lesser complexity level because
there is no learnable layer after ROI which significantly reduces its computation time as compared to
the models such as Faster RCNN. Figure 6 presents the basic concept of RFCN architecture with its
corresponding proposal generator and feature extractor. The overall loss expression can be seen in
Equations (3) and (4) [34]:

L(s, tx,y,w,h) = Lcls(sc
∗) + λ[c∗ > 0]Lreg(t, t∗) (3)

where Lcls (sc
*) is a cross-entropy loss for classification and calculates by:

Lcls = −log(sc
∗) (4)

In Equation (3), λ is the balance weight, which is set to 1; [c* > 0] is an indicator, which is equal to 1 if
the argument is true and 0 otherwise. Lreg(t,t*) is the bounding box regression loss and evaluated by

Plants  2020,  9,  1451  

characteristics  of  the  same  immediate  layer  of  an  image.  Figure  5  presents  the  basic  concept  of  the 
Faster  RCNN  model,  and  the  overall  loss  is  evaluated  by  Equation  (2)  [33]:
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Figure 6. The basic architecture of the Region-based Fully Convolutional Network (RFCN) [32].

2.5. Deep Learning Optimizers

This article also attempted an improvement in the performance of DL meta-architectures by using
various deep learning optimizers. The basic concept of these optimizing functions along with the
mathematical details are presented in the following sub-sections.

2.5.1. Stochastic Gradient Descent (SGD) with Momentum

The gradient descent is the most widely used optimization algorithm for neural networks [35].
Its momentum version has faster convergence ability than the standard algorithm. The basic idea
is to calculate the exponentially weighted average of the gradients and use the gradients to update
the weights. To optimize the cost function, gradient descent slowly oscillates the loss towards the
minimum, this slows down gradient descent and avoids by a large learning rate. However, if a
larger learning rate is used, then it might end up with problems such as overshooting and diverging
output. In contrast with the SGD optimizer, which used dw (calculated gradient of the weights) and db
(calculated gradient of the biases) independently, the exponentially weighted averages of dw and db
are taken for the momentum algorithm by the following equations (Equations (5) and (6)):

Vdw = β ∗Vdw + (1− β) ∗ dw (5)

Vdb = β ∗Vdb + (1− β) ∗ db (6)

where, β indicates the momentum that should be higher to smooth the update, and its default value is
0.9. Vdw and Vdb are weighted averages of optimization parameters weights and biases, respectively.
After obtaining the exponentially weighted averages, weights and biases are updated by (Equations (7)
and (8)):

W = W − lr ∗Vdw (7)

b = b− lr ∗Vdb (8)

where lr, W and b are learning rate, weight, and bias, respectively.

Plants  2020,  9,  1451  

smoothL1  function,  c*  indicates  the  ground-truth  label  of  the  region  of  interest  (ROI),  and  t*  presents  
ROI’s  ground  truth  box.
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Vdw = β ∗Vdw + (1− β) ∗ dw2 (9)

Vdb = β ∗Vdb + (1− β) ∗ db2 (10)

W = W − lr ∗
dw

√
vdw + ξ

(11)

b = b− lr ∗
db

√
vdb + ξ

(12)

The Vdw of the RMSProp optimizer could be relatively small (even 0); therefore, epsilon (ξ) adds
in the denominator for numerical stability. When Vdw is relatively small, it increases weights (W),
and then the updates in the direction of weights become fast. However, Vdb is relatively large, which
decreases bias (b) to slow down the updates in its direction.

2.5.3. Adaptive Moment Estimation (Adam)

The idea behind the Adam optimization algorithm is taking momentum and RMSProp and putting
them together [37]. It means that the Adam optimizer retains an exponentially decaying average
gradient of the previous gradients as well as previously squared gradients. First, the initialization
of Vdw, Vdb, Sdw (element-wise squaring of Vdw), and Sdb (element-wise squaring of Vdb) is set to
zero. Then, for a certain number of iterations, this algorithm computes the dw and db using current
mini-batch and performs exponentially weighted average by using Equations (5), (6), (9), and (10):

Then, the calculations for the corrected Vdw, Vdb, Sdw, and Sdb are performed for bias correction
by the following equations (Equations (13)–(16)):

Vdwcorrected = Vdw/(1− β1t) (13)

Vdbcorrected = Vdb/(1− β1t) (14)

Sdwcorrected = Sdw/(1− β2t) (15)

Sdbcorrected = Sdb/(1− β2t) (16)

where, β1 and β2 indicate exponential decay rate for the first moment and second moment, respectively.
Weight (W) and bias (b) are updated by (Equations (17) and (18)):

W = W − lr
Vdwcorrected

√

Sdwcorrected + ξ
(17)

b = b− lr
Vdbcorrected

√

Sdbcorrected + ξ
(18)

2.6. Experimental Setup

The experiments are based on three popular DL meta-architectures: SSD, Faster-RCNN, and
R-FCN, which were previously trained on 1.5 million images (80 categories) of the Common Objects in
Context (COCO) dataset. The transfer learning technique was used to obtain better detection results.
First, the trained layers were frozen to reuse some fundamental features such as corners, borders,
and edges; then, a few new and workable layers were added that learned the specific features of the new
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2.5.2.  Root  Mean  Square  Propagation  (RMSProp)

  The  RMSProp  optimization  algorithm  [36]  limits  the  oscillations  that  generate  during  the  loss 
optimization  in  the  direction  of  bias,  which  helps  to  consider  a  larger  learning  rate  without  having  an 
overshooting  problem  in  training  of  the  model.  The  difference  between  momentum  and  RMSProp  lies 
in  the  calculation  of  their  gradients,  and  weight/bias  updates  as  shown  below  (Equations  (9)–(12)):
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mAP (%) for COCO DatasetFeature Extraction MethodsBase Networks

SSD 24Inception v2

Faster-RCNN

Inception v2 28
ResNet-50 30
ResNet-101 32

Inception-ResNet v2 37
R-FCN 30ResNet-101

Table 3 presents the hyperparameters: α (learning rate), β1 known as the first moment has a
default value of 0.9, β2 known as the second moment has a default value of 0.999, and epsilon (ξ)= 10−8.
However, the default value of ξ may not be sufficient in general for some machine learning problems.
The best learning rate was selected from three sets (10−4, 10−5, 10−6) to determine the efficacy
of the initializations. These learning rates were considered for different steps of iterations while
training [31,33,37]. The tuning of the hyperparameters of all the DL optimizers was performed using
the random search technique [15,41]. All the DL models were trained using Graphics Processing Units
(NVIDIA GTX 1650 and 1050) for high-performance acceleration.

Table 3. List of hyperparameters of the respective DL optimizers.

DL Optimizers lr Momentum β/β1 β2 ξ

SGD with Momentum (default) ---0.90.01
SGD with Momentum (modified) ---0.90.0003

Adam (default) 0.9-0.001 0.999 1 × 10−08

Adam (modified) 0.9-0.0002 0.9997 1 × 10−03

RMSProp (default) -0.90.00.001 1 × 10−08

RMSProp (modified) -0.950.00.0004 1 × 10−02

2.7. Performance Metric

The performance of the DL-based plant disease detectors was evaluated by using mean average
precision (mAP). This performance metric is commonly used with the DL meta-architectures (SSD,
Faster-RCNN) to detect artifacts such as COCO [29] and PASCAL’s VOC challenge [42]. Any algorithm
providing the predicted bounding boxes as an output can be assessed with intersection of union (IoU),
Average Precision (AP), and mAP [42]. The x, y coordinates require (Xmin, Xmax, Ymin, and Ymax) to
track the efficiency of the DL architectures. In Figure 7, an image belongs to a strawberry leaf class is
presented, where the DL model provided an output in the form of a predicted bounding box with
scorch disease on the image. Two bounding boxes can be seen in Figure 7: one shows the exact location
of the healthy/defected part in an image, named as the ground-truth bounding box. Another is an
actual predicted bounding box that is drawn by the trained DL model.
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dataset  (PlantVillage).  The  backbone  architectures  named  Inception-v2  [38],  Inception  ResNet-v2  [39],
and  versions  of  ResNet  including  ResNet-50  and  ResNet-101  [40]  were  used  with  the  base  networks  
to  classify  and  localize  the  plant  disease.  Table  2  presents  the  base  networks  with  feature  extraction
methods  along  with  their  performance  measured  in  mAP  on  the  COCO  dataset.

Table  2.  List  of  base  DL  models  with  feature  extraction  methods  along  with  mean  average  precision
(mAP)  on  the  Common  Objects  in  Context  (COCO)  dataset.
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Figure 7. Visual example of ground truth bounding box (green) versus predicted bounding box (yellow)
for intersection of the union (IoU) metric.

For evaluating the mAP, it should be noted that the precision measures how accurate the predictions
are—that is, the percentage of the correct predictions—and recall measures how well all positive
outcomes are found. The average precision (AP) was assessed with an 11-point interpolated average
precision method. The precision and recall were computed for each class. The AP is the average
precision across all unique recall levels. Before measuring AP, we first interplay the precision at
multiple recall levels. At a certain recall level r, the interpolated precision (pint) is specified as the
highest precision for a recall level r′ ≥ r [24,42] (Equations (19) and (20)).

pint(r) = maxp(r′) (19)

where p(r′) is the measured precision at the max recall rr′.
The AP is then described as the mean precision at the eleven recall rates equally spaced [0, 0.1, 0.2,

......, 1].

AP =
1

11

∑
r∈{0,0.1 , 0.2, ..... 1}

pint(r) (20)

The mean average accuracy (mAP) is the approximate average value of all individual APs.
To evaluate the mAP, the AP of each class was first calculated (as described above). Then, the mAP
was found by Equation (21):

mAP =

n∑
i=1

APi

n
(21)

where n = 38 (number of classes).

3. Results and Discussion

The goal of this research is not only the identification of the presence of diseased and healthy
leaves but also to locate a confidence score indicating the likelihood that there is a correct (true positive)
class in a bounding box. The score was considered between 0 and 1 (or 0–100%), indicating how
much precisely the type of plant disease was recognized. It was empirically observed that all the DL
meta-architectures required 126 epochs (200,000 iterations) to converge their training. The loss plots of
each DL architecture with its detection results are presented in this section. Moreover, the improvement
in the performance of the best-suited architectures is also presented. The mAP attained by each DL
meta-architecture with its corresponding optimizer is shown in Table 4.
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Annotated
Class

Labels

DL Meta-Architectures with Feature Extractors and Optimizers

R-FCN
ResNet-101

Faster-RCNN

SSD Inception-v2
ResNet-50 Inception

ResNet-v2 Inception-v2 ResNet-101

SGD with
Momentum

SGD with
Momentum

SGD with
Momentum

SGD with
Momentum

SGD with
Momentum AdamRMSProp SGD with

Momentum AdamRMSProp

A_Scab - 27.2736.1627.2422.9399.8361.3731.2290.0490.61
A_Blk_Rot 89.69 54.5545.4545.4243.8257.4141.8224.6-47.36
A_C_Rust 65.33 54.5545.4545.4535.4891.6434.987.27-90.24
A_Healthy 99.97 90.9110090.9118.136.7143.4275.912.1990.85
B_Healthy - 10090.9110088.822.779085.5810099.97

Ch_Healthy - 90.9190.9190.8663.6699.8475.6987.32-79.22
Ch_Mildew - 45.4545.4536.3698.8795.3999.5599.62-40.46
Corn_Rust - 99.9299.8990.9199.6310099.8999.85-0.76

Corn_Healthy - 90.9190.9190.9190.8776.1399.96100--
Corn_Blight - 54.2954.5545.4596.0993.5366.3451.01-42.57
Corn_Spot - 33.135.620.7310.9531.8320.561.15-0.31
G_Blk_Rot - 72.7372.7371.260.0553.8753.91.16-7

G_Blk_Measles - 99.8790.9110099.61100100100-0.09
Grp_Healthy - 10090.9110090.5598.8699.399.59--
Grp_Blight - 72.7372.7372.7381.0694.2999.9372.73-0.21
O_HLBing - 90.9190.9190.9190.9198.1490.9199.99-12.74

Pec_Bact_Spot - 27.2318.149.09-74.1640.2314.23-0.28
Pec_Healthy - 10099.2890.915.3442.9334.118.21--
Pep_Bact_Spot - 36.2718.119.09-35.612.581.86-6.8
Pep_Healthy - 90.9190.890.912.3319.082.116.45-50.95
Po_E_Blight - 26.849.099.09-322.51--59.95
Po_Healthy - 90.9190.6190.91-0.18----
Po_L_Blight - 44.9243.8129.16-1.79---94.77
Ras_Healthy - 10010090.911.149.531.60.33-0.23
Soy_Healthy - 90.9190.1390.913.359.659.4326.03-88.11
Sq_Powdery - 81.8290.9181.8254.615.6599.452.68-99.46
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Table  4.  Summary  of  plant  disease  identification  results  indicating  the  Average  Precision  (AP)  for  each  leaf  class  and  the  overall  mAP  for  each  DL  meta-architecture.
The  hyphen  (-)  denotes  the  failed  detection  in  the  respective  classes.
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Table 4. Cont.

Annotated
Class

Labels

DL Meta-Architectures with Feature Extractors and Optimizers

R-FCN
ResNet-101

Faster-RCNN

SSD Inception-v2
ResNet-50 Inception

ResNet-v2 ResNet-101Inception-v2

SGD with
Momentum

SGD with
Momentum

SGD with
Momentum

SGD with
Momentum

SGD with
Momentum AdamRMSProp SGD with

Momentum AdamRMSProp

Straw_Healthy -- 10090.9110062.531.118.0753.3399.3
Straw_Scorch -98.34 72.6972.772.666.9486.4570.4772.62100
Tom_Bact_Spot 99.93- 36.2826.6718.03-5.572.30.2998.85
Tom_E_Blight -- 54.4536.3627.1211.5964.239.387.04-
Tom_Healthy -- 10010010010049.6587.131000.2
Tom_L_Blight -- 90.7781.7281.7990.3695.9299.9699.96-
Tom_L_Mold -- 63.6463.645.4182.2199.5598.796.213.87

Tom_Sept -- 90.9190.8890.8699.8310095.2499.56-
Tom_Sp_Mite -- 90.9190.8890.8899.998.7398.0698.5285.12
Tom_Target -- 45.435.2435.8196.4183.7799.9861.561.12
Tom_Mosaic -- 63.6454.5572.73-22.1785.989.898.15

Tom_Curl -- 10010010010099.8699.9899.6885.48
mAP (%) 7.699.30 73.0768.8966.5148.6359.4160.9251.1941.45
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During the first phase of the proposed approach, all the DL architectures were trained with the
momentum optimizer due to its fast convergence ability [43]. The SSD model outperformed Faster
RCNN and RFCN models. Further explanations of the results of each model are provided as follows:

3.1.1. SSD Architecture

An input image of 300 × 300 size was considered for all the experiments. The SSD architecture was
trained with the feature extraction method called Inception-v2 with different learning rates. The model
was trained by using SGD with the momentum optimizer using the learning rate as 3 × 10−4, 3 × 10−5,

and 3 × 10− 6 for 90k, 30k, and 80k iterations, respectively. This model took approximately 4.25 days to
complete its training. The training loss curve of the SSD model is shown in Figure 8. At the end of
the training, the loss curve indicated its fluctuation between 0.64% and 3.73%. After the training of
the SSD model, the images from the testing dataset were used to classify and localize the defected
spots of plant disease. Figure 9 shows the detection results obtained by the SSD along with their
confidence score. Table 4 indicates the average precision of each leaf category and the mAP of 38 leaf
disease categories. The mAP obtained by this state-of-the-art DL architecture was 66.51%, which is the
highest among all the other models. It is noticed that the results of six plant classes such as blueberry
healthy, grape healthy, grape black measles, strawberry healthy, tomato healthy, and tomato curl virus
were quite promising, due to their 100% average precision. For around 12 leaf categories, the average
precision was more than 90%. Around 14 disease classes achieved low precision (less than 50%). It is
also noticed that the precision of corn gray leaf spot was the lowest among all the other classes of plant
disease, which was addressed in the next step of the proposed method.
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Figure 9. The detection results by the SSD with the Inception-v2 model having a threshold score of 
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To obtain a noticeable improvement in the identification results by the Faster-RCNN model, two 
other classification models/feature extractors (Inception-v2 and ResNet-101) were also considered. 
Due to different feature extractors, the training time of the Faster RCNN model was varied. For 
example, ResNet-50 required the lowest training time of around 34 h, whereas Inception-v2 was the 
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Figure 9. The detection results by the SSD with the Inception-v2 model having a threshold score of 0.5.
Each predicted box is associated with a category label having a confidence score between 0 and 100%.

3.1.2. Faster-RCNN Architecture

The Faster-RCNN model was trained with the feature extractors including ResNet-50, ResNet-101,
Inception-v2, and Inception ResNet-v2. All the feature extraction methods were trained with momentum
optimizer using learning rate 3× 10−4, 3× 10−5, and 3× 10−6 for 90k, 30k, and 80k iterations, respectively.
Initially, the Faster RCNN model was trained with the feature extraction methods such as ResNet-50
and Inception Resnet-v2, but they failed to detect and localize most of the classes (as shown in Figure 10,
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Figure 11, and Table 4) and resulted in the lowest mAP among all the DL architectures. This was due to
the presence of some challenging disease categories (potato early blight, potato late blight, tomato early
blight, and tomato late blight, etc.), since specific features such as leaf shape, disease spots, and colour
of disease spot were quite similar.
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ResNet-101. It achieved 60.92% mAP@0.5, which is 9.73% higher than with the Inception-v2 (51.19%) 
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RCNN with ResNet-101 architecture identified Grape Black Measles disease with 100% precision. 
Moreover, it attained more than 90% precision for almost 14 leaf classes. However, 13 classes achieved 
a precision of less than 50%. A further five classes were poorly detected and resulted in less than 10% 
precision. It is also noticed that two classes (potato healthy and potato late blight) failed to detect by 
Faster-RCNN with the ResNet-101 model. 

 

Figure 10. False positive detection results of healthy classes by Faster-RCNN with ResNet-50 
architecture. The first image is from the apple healthy category, which is the only class that the model 
detects correctly. Other images were originally from blueberry, cherry, corn, grape, peach, pepper 
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Figure 11. Some of the examples of false positives detection results using the Faster-RCNN with 
Inception ResNet-v2 architecture. It identified most of the leaf categories as the tomato bacterial spot. 

Figure 10. False positive detection results of healthy classes by Faster-RCNN with ResNet-50 architecture.
The first image is from the apple healthy category, which is the only class that the model detects correctly.
Other images were originally from blueberry, cherry, corn, grape, peach, pepper bell, potato, raspberry,
soybean, strawberry, and tomato healthy classes, but the model identified them as Apple healthy class.

Plants 2020, 9, x FOR PEER REVIEW 15 of 23 

Plants 2020, 9, x; doi: FOR PEER REVIEW www.mdpi.com/journal/plants 

ResNet-101. It achieved 60.92% mAP@0.5, which is 9.73% higher than with the Inception-v2 (51.19%) 
with the same training settings. The training loss obtained by the Faster RCNN with the ResNet-101 
model is presented in Figure 12, and its lower percentage error proved the effective learning of the 
specific features of plant disease after 200k iterations. From Table 4, it can be observed that the Faster 

Moreover, it attained more than 90% precision for almost 14 leaf classes. However, 13 classes achieved 
a precision of less than 50%. A further five classes were poorly detected and resulted in less than 10% 
precision. It is also noticed that two classes (potato healthy and potato late blight) failed to detect by 
Faster-RCNN with the ResNet-101 model. 

 

Figure 10. False positive detection results of healthy classes by Faster-RCNN with ResNet-50 
architecture. The first image is from the apple healthy category, which is the only class that the model 
detects correctly. Other images were originally from blueberry, cherry, corn, grape, peach, pepper 
bell, potato, raspberry, soybean, strawberry, and tomato healthy classes, but the model identified 
them as Apple healthy class. 

 
Figure 11. Some of the examples of false positives detection results using the Faster-RCNN with 
Inception ResNet-v2 architecture. It identified most of the leaf categories as the tomato bacterial spot. 
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Inception ResNet-v2 architecture. It identified most of the leaf categories as the tomato bacterial spot.

To obtain a noticeable improvement in the identification results by the Faster-RCNN model,
two other classification models/feature extractors (Inception-v2 and ResNet-101) were also considered.
Due to different feature extractors, the training time of the Faster RCNN model was varied. For example,
ResNet-50 required the lowest training time of around 34 h, whereas Inception-v2 was the slowest
among the other classification models as it took approximately 48 h to complete its training. However,
ResNet-101 and Inception ResNet-v2 needed 37.5 and 44.20 h, respectively. It was observed that the
baseline Faster-RCNN performed well when combined with the feature extraction method ResNet-101.
It achieved 60.92% mAP@0.5, which is 9.73% higher than with the Inception-v2 (51.19%) with the
same training settings. The training loss obtained by the Faster RCNN with the ResNet-101 model
is presented in Figure 12, and its lower percentage error proved the effective learning of the specific
features of plant disease after 200k iterations. From Table 4, it can be observed that the Faster RCNN
with ResNet-101 architecture identified Grape Black Measles disease with 100% precision. Moreover,
it attained more than 90% precision for almost 14 leaf classes. However, 13 classes achieved a precision
of less than 50%. A further five classes were poorly detected and resulted in less than 10% precision.
It is also noticed that two classes (potato healthy and potato late blight) failed to detect by Faster-RCNN
with the ResNet-101 model.
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3.1.3. R-FCN Architecture

Using the ResNet-101 as the feature extractor, the RFCN model achieved good detection results
of 83.6% mAP on the PASCAL VOC dataset. Therefore, the same feature extractor with the baseline
model (RFCN) was also considered in this research. In this DL method, all learnable weight layers are
convolutional, which computes the feature map on the entire image. The R-FCN model was fine-tuned
and trained with the momentum optimizer using the learning rate 3 × 10-4 for 90k steps, and then
continued training for the next 30k steps with 3 × 10-5, and finally, 80k steps with 3 × 10− 6. This model
completed 200k iterations in 33.7 h. The training loss obtained by the RFCN model is presented in
Figure 13, and its percentage loss oscillated from 0.03% to 1.28% after 200k iterations.
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This model identified a lesser number of classes than the SSD and Faster RCNN (with ResNet-101)
models; the failed classes were: corn healthy, grape healthy, peach healthy, potato healthy, tomato
Septoria, tomato early blight, and tomato late blight (as shown in Table 4). The strawberry scorch
class achieved the perfect average precision of 100%. It is also observed that 9 plant classes provided
good detection results and achieved considerable precision (more than 90%). Around 11 other classes
showed an average precision of less than 10%. Few examples of the false/confused detection results by
the RFCN model are shown in Figure 14.
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3.2. Overall Remarks for SSD, Faster RCNN, and RFCN Architectures

From Table 4, important observations regarding the performance of the DL meta-architectures are
presented as follows:

• The SSD model achieved the highest mAP among all the DL meta-architectures. This is due to
the structural behaviour of the SSD model which provides a fixed-size predictive box set and
scores at each feature-layer position of a kernel. The convolutional layers are added to the last
of the base network which predicts multiple scales [31]. The projected performance value boxes
in each feature map location compared to the default position boxes are determined using an
intermediate connected layer in these positions instead of a fully convolution layer.

• Another significant distinction of the SSD model is that the information in ground-level truth
boxes allocates to different outputs within the defined collection of detector outputs during SSD
training compared to other regional networks. The structure of the network decides which ground
box should be matched with its corresponding default box during the training stage, known
as matching strategy in SSD. Thereby, the use of several convolutional bounding box outputs
connected to features maps at the top of the network made this model successful as compared to
other region-based methods.

• The base network SSD combined with the” Inception” model performed better than the
Faster-RCNN combined with the same feature extraction method. Moreover, Table 4 shows that
the base network Faster-RCNN with feature extractor ResNet-101 showed relatively higher mAP
than with the Inception model.

• The RFCN model achieved lower mAP than the SSD and Faster RCNN (with
ResNet-101) architectures.

• More interestingly, the SSD architecture was able to detect few of those classes that were completely
undetected by the Faster RCNN and RFCN models (as shown in Table 4).

• Following the proposed methodology presented in Section 2, the SSD with Inception-v2 and
Faster RCNN with ResNet-101 models achieved the highest mAP among all the other DL
meta-architectures. Therefore, they were selected for the next stage of this research.

3.3. Performance Improvement by DL Optimization Algorithms

After obtaining two best-suited DL meta-architectures, better optimization of the weight
parameters was attempted by Adam and RMSProp optimization algorithms. Their learning rate is
presented in Table 3. Table 4 presents the change in mAP for both the selected models. Some concluding
remarks are provided as follows:

• The Faster-RCNN with the ResNet-101 model trained by Adam and RMSProp optimizers failed
to improve its overall mAP as compared to the SGD (with momentum) optimizer.

• On the other hand, the SSD model achieved 66.51% mAP when it was trained by the momentum
optimizer. Then, its mAP was increased by about 2.38% with the RMSProp optimizer. Further
improvement of 3.39% in the mAP was observed when the weights of the SSD model were
optimized by the Adam optimization algorithm.

• It is also noticed that when the SSD model was trained by Adam optimizer, the average precision
of several leaf categories significantly improved, due to which the highest mAP of 73.07% was
attained. The AP of classes such as Apple black rot, Apple cedar rust, Tomato early blight,
and disease was increased to more than 50%. The AP of few other classes also improved (but still
less than 50%) including Tomato target spot, Tomato bacterial spot, Potato late blight, Potato early
blight, Pepper bacterial spot, and Peach bacterial spot. The AP of corn gray leaf spot class also
improved, which was previously unsuccessful in providing a noticeable AP when the dataset
was trained with the SGD with momentum and RMSProp optimizers. However, the further
improvement in AP should be considered in future research.
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• Figure 15 presents the change in AP for each class of the PlantVillage dataset when they were
trained by the SSD model with all the three DL optimizers.

• A summary of the mAP achieved by DL meta-architectures trained with different optimization
algorithms is presented in Figure 16.

Figure 15. Performance plot of the SSD model trained with three DL optimizers.

Figure 16. Summary of mean average precision (%) achieved by the DL meta-architectures with
their respective optimizers (the best combination of DL meta-architecture and optimizer is shown by
green bar).

4. Conclusions and Future Work

The main goal of this research was to perform the complex task of plant disease localization and
classification in a single framework. In this regard, state-of-the-art deep learning meta-architectures
including SSD, Faster RCNN, and RFCN models were trained and tested on 38 different classes of
healthy/defected plant leaves. Moreover, an improvement in their performance was also attempted
by better optimization of weight parameters through Adam and RMSProp optimizers. The SSD
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model trained with the feature extractor Inception-v2 attained the highest mean average precision as
compared to the other DL meta-architectures. It achieved the best identification results by training
through an Adam optimizer and attained 73.07% of mAP. All the healthy/diseased leaf classes were
identified, which proves the novelty of the proposed approach. Practically, the successful detection of
plant disease by DL technique would be useful to reduce the undesirable application of fungicide spray.

Few future recommendations for the research community are presented as follows:

• The trained and tested DL models’ pipeline, checkpoints, and weights can be reused as a transfer
learning approach for upcoming researches related to plant disease detection.

• Various factors affecting the performance of best-suited DL architecture should be investigated
such as data augmentation techniques, batch size, aspect ratios, etc.

• Although, all the classes of the PlantVillage dataset were identified by the proposed methodology;
still, few of them achieved a lower average precision. Therefore, few modifications in DL networks
can also be proposed in the future to further improve the mean average precision.

• This research could also be beneficial for several robotic systems to identify/classify healthy and
unhealthy crops in real-time that would contribute to agricultural automation.
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The accurate identification of weeds is an essential step for a site-specific weed

management system. In recent years, deep learning (DL) has got rapid advancements

to perform complex agricultural tasks. The previous studies emphasized the evaluation

of advanced training techniques or modifying the well-known DL models to improve

the overall accuracy. In contrast, this research attempted to improve the mean

average precision (mAP) for the detection and classification of eight classes

of weeds by proposing a novel DL-based methodology. First, a comprehensive

analysis of single-stage and two-stage neural networks including Single-shot MultiBox

Detector (SSD), You look only Once (YOLO-v4), EfficientDet, CenterNet, RetinaNet,

Faster Region-based Convolutional Neural Network (RCNN), and Region-based Fully

Convolutional Network (RFCN), has been performed. Next, the effects of image resizing

techniques along with four image interpolation methods have been studied. It led to the

final stage of the research through optimization of the weights of the best-acquired model

by initialization techniques, batch normalization, and DL optimization algorithms. The

effectiveness of the proposed work is proven due to a high mAP of 93.44% and validated

by the stratified k-fold cross-validation technique. It was 5.8% improved as compared

to the results obtained by the default settings of the best-suited DL architecture

(Faster RCNN ResNet-101). The presented pipeline would be a baseline study for the

research community to explore several tasks such as real-time detection and reducing

the computation/training time. All the relevant data including the annotated dataset,

configuration files, and inference graph of the final model are provided with this article.

Furthermore, the selection of the DeepWeeds dataset shows the robustness/practicality

of the study because it contains images collected in a real/complex agricultural

environment. Therefore, this research would be a considerable step toward an efficient

and automatic weed control system.

Keywords: deep learning, convolutional neural network, weed detection, optimization algorithms, transfer learning

83 

Chapter 5

ORIGINAL  RESEARCH
published:  25  April  2022

doi:  10.3389/fpls.2022.850666

https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://doi.org/10.3389/fpls.2022.850666
http://crossmark.crossref.org/dialog/?doi=10.3389/fpls.2022.850666&domain=pdf&date_stamp=2022-04-25
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles
https://creativecommons.org/licenses/by/4.0/
mailto:k.arif@massey.ac.nz
https://doi.org/10.3389/fpls.2022.850666
https://www.frontiersin.org/articles/10.3389/fpls.2022.850666/full


Saleem et al.

INTRODUCTION

With the fast-growing global population, food demand is
expected to increase up to 70% by 2050 (Caldera and Breyer,
2019). Therefore, various challenges in the agricultural sector
have been addressed by the research community to get smart
and intelligent solutions. Among various agricultural problems,
weeds are a serious threat to crop yield that causes economic
loss (Ahmad et al., 2021). An effective way to manage the
weed is to use herbicide spray specifically in the field that
contains the weeds. Accurate and precise detection of weeds is
important to successfully deploy the weed management system
(Hasan et al., 2021). This agricultural task is time-consuming
and requires a great amount of human and machine resources.
Furthermore, fast and automatic identification of weeds is
essential to reduce excessive/unrequired application of a chemical
spray that produces adverse effects on human beings and
ecosystems (Lottes et al., 2020).

After the introduction of the AlexNet model in 2012
(Krizhevsky et al., 2012), deep learning (DL) has recognized
its ability to detect, classify, and localize several objects
quickly. The object identification tasks are performed in
controlled/laboratory and uncontrolled/real environments.
Similarly, the agricultural field of research is being accelerated
by leveraging various developments in DL. The research
community is extensively focusing on agricultural tasks
including fruit harvesting/recognition (Fu et al., 2021; Gai
et al., 2021), plant recognition (Quiroz and Alférez, 2020;
Bisen, 2021), identification of crop water stress (Chandel et al.,
2021), land cover classification (Saleem et al., 2021), and plant
disease detection (Priyadharshini et al., 2019; Saleem et al., 2019;
Uguz and Uysal, 2021) by investigating DL-based techniques.
Similarly, recent advances in DL have encouraged researchers to
address the classification and detection of weeds in several plant
species (Hasan et al., 2021).

On the other hand, after rapid developments in DL, still,
the robustness of the DL-based solutions is a critical research
question among the scientific community. There are various
aspects to realize the strength of DL, and the environment
of the collected dataset images is one of the important
factors. It is commonly observed that DL architectures provide
higher accuracy on the images collected in controlled or
with plain/single background compared to those which were
collected in a real environment. This is due to the presence
of various unessential or background elements/objects that
could have characteristics similar to the required objects.
Furthermore, occlusion is another aspect of reducing or
degrading the performance of the DL models. Therefore,
agricultural researchers and data scientists started collecting
images for the datasets in real agricultural environments. To
address the concerns described above, a publicly available dataset
called DeepWeeds (Olsen et al., 2019) has been used throughout
this research, which contains various characteristics of the real
agricultural environment.

A summary of prominent studies regarding the identification
of weeds by various methodologies related to DL is presented
in Table 1. It can be concluded that previous studies focused

on DL-based weed detection in four ways: evaluation of transfer
learning techniques, investigation of the performance of state-
of-the-art DL models, integration of DL models with other
image processing-based/traditional machine learning methods,
and modification of the well-known DL architectures. To the
best of the authors’ knowledge, none of the previous articles
has provided a comprehensive study of weed detection by
performing an in-depth analysis of single- and/or two-stage
DL-based object detectors along with an extensive investigation
of various aspects of DL in terms of image resizers, image
interpolation, weight initialization, batch normalization, and
optimization methods. The major contributions of this study are:
(1) a novel DL-based methodology is presented to identify the
weeds by analyzing and evaluating the performance of various
single-stage and two-stage neural networks; (2) also, the effects
of various image resizing techniques are discussed. Moreover,
weights of the best-obtained neural network are optimized with
initialization method, batch normalization, and optimization
algorithms; their effects on the training and testing datasets
are also thoroughly studied; (3) the optimized/modified DL
approach improved the mean average precision (mAP) with a
significant margin as compared to the default settings; attained
enhanced average precision in individual classes; the presented
approach can be adapted to other agricultural operations due
to a high mAP for weed detection; (4) an in-depth analysis of
the best-obtained DL architecture is performed; it has provided
a strong basis of the future research to propose a modified DL
model for further enhancing the research on weed detection;
(5) the trained weights of various DL models can also be used
as transfer learning for other weed-related datasets. Moreover,
the proposed methodology can be treated as an earlier step
before modifying the hidden layers of neural networks for other
agricultural applications.

MATERIALS AND METHODS

This article presents a DL-based approach to detect and classify
eight types of weeds. First, a publicly available dataset called the
DeepWeeds dataset is selected, which covers different aspects of
a real agricultural environment. The proposedmethod comprises
four steps. The first step is the analysis of various single-
stage and two-stage object detectors and the best-suited DL
model which attained the highest mAP. It led to the empirical
evaluation of image resizing techniques like aspect ratio and
fixed shape resizers by using the image interpolation methods
including bilinear, bicubic, area, and nearest neighbor. Then,
an attempt was made to optimize the weights of the DL model
in two stages. First, the parameters of the weight initialization
methods, such as the truncated normal, variance scaling, and
random normal techniques, were studied. Later, the effects
of batch normalization were studied. Finally, adaptive DL
optimization techniques including Adam and RMSProp were
applied to further enhance the performance of the best-obtained
DL architecture as presented for other agricultural applications
(Saleem et al., 2020a,b); their hyperparameters were tuned with
the random search method. The final mAP was compared with
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TABLE 1 | Summary of research articles related to weed detection by deep learning (DL) (divided in terms of novelty and research ideas of the work).

NumberDL modelsNovelty/research ideas

of classes

Best modelDataset conditions

performance

References

Investigation of DL models for

the identification of weeds

AlexNet, GoogLeNet, VGGNet,

DetectNet

Various surface conditionThree

regimes.

DetectNet F1-score =

0.9843

Yu et al., 2019a

DL architectures were leveraged

for weed detection and

classification

DetectNet, GoogLeNet, and

VGGNet

Different stages and densities ofThree

growth

F1-score by DetectNet >

0.99

Yu et al., 2019b,c

Speed-optimized CNN models

were proposed

Images were taken with a fieldTwoCNN model

robot in a real environment.

A speed-up factor of 31 Knoll et al., 2019

DL model used with color

index-based segmentation

Different illumination conditions,OneCenterNet

backgrounds, and growth stages

F1-score by the

CenterNet model = 0.953

Jin et al., 2021

A tiny version of the YOLO model

was proposed to reduce the

computation time

Modified tiny YOLO-v3,

YOLO-v3-tiny

Synthetic images wereTwo

generated

Mean average precision:

0.829

Gao et al., 2020

Various factors to develop weed

identification system along with

the significance of transfer

learning

AlexNet, VGG-F, VGG-VD-16,

Inception-v1, ResNet-50,

ResNet-101

A robotic platform was used toTwo

take images on the field.

Accuracy by ResNet-101:

97.1+/-0.1%

Kounalakis et al., 2019

Two DL detectors were used

through a UAV

Images were taken by a cameraSixFaster RCNN and SSD

mounted on a UAV

Mean IoU by Faster

RCNN: 0.85

Veeranampalayam

Sivakumar et al., 2020

An improved DL model was

proposed

Proposed Faster RCNN, KNN,

SVM, and YOLO-v3

A camera mounted on a UAV inTwo

two agricultural fields

Overall average

identification accuracy:

94.7%

Khan et al., 2021

A CNN model was optimized for

real-time weed recognition

Dataset images were collectedSixResNet-18

by a UAV

Overall accuracy: 94% De Camargo et al.,

2021

Three ML and DL-based

methods were used and

compared

SVM, YOLO-v3, and Mask

R-CNN

A multispectral camera mountedTwo

on a drone was used

F1-score by YOLO and

RCNN models: 94%

Osorio et al., 2020

DL-based classification and

detection models were used

VGG-16, ResNet-50,

Inception-v3, YOLO-v3

Images were collected in a realFour

field environment

mAP: 54.3% Ahmad et al., 2021

A graph CNN-based model was

proposed to detect weeds

GCN-ResNet-101, AlexNet,

ResNet-101, VGG-16

The Weeds were collected inFour

three crops and a fourth was

obtained by combining the three

datasets.

Average recognition

accuracy: 98.15%

Jiang et al., 2020

A combination of DL and ML

methods was considered

Xception, Inception-ResNet,

VGNets, MobileNet, DenseNet,

SVM, XGBoost, and Logistic

Regression

The dataset was collected underTwo

variable soil, color and

illumination conditions.

F1-score: 99.29% Espejo-Garcia et al.,

2020

the one obtained by default settings to show the effectiveness of
this research. The obtained mAP was validated by the stratified
k-fold cross-validation method. An overall methodology is also
presented in Figure 1.

Selection of the Dataset
The main criteria for selecting the dataset were the images should
be collected in a real agricultural environment considering
various features of the actual field. These characteristics include
natural background, occlusion, rotation, geographical/seasonal
changes in plants, and variable lighting conditions. As
the DeepWeeds dataset (Olsen et al., 2019) had all these
characteristics, it was selected for this research. These conditions
were important to consider because a higher accuracy attained
on this kind of dynamic dataset would prove the robustness
of the proposed work. The dataset contains 17,509 images
divided into eight classes of weeds, including one negative class

that has non focused plants, and the images were collected in
Northern Australia.

Dataset Division and Annotation
The DeepWeeds dataset was divided into three sub-datasets:
training (70%), validation (20%), and testing (10%). For models
like Single-shot Multibox Detector (SSD), RetinaNet, Faster
Region-based Convolutional Neural Network (RCNN), Region-
based Fully Convolutional Networks (RFCN), CenterNet,
and EfficientDet in TensorFlow object detection Application
Programming Interface (API), the dataset images were annotated
using an open-source image annotation tool called LabelImg. The
bounding box coordinates were obtained in Xmin, Xmax, Ymin,
and Ymax. The annotations were saved in XML format, which
was converted to CSV format and later to TF records (Saleem
et al., 2020a). Unlike TensorFlow models, images annotated
in XML format were then converted to TXT format to train
the YOLO-v4 model. To visualize the detected results within
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FIGURE 1 | Framework of this research.

a bounding box, a shortened name of each class was set to
label the images before training. For example, chinee apple was
replaced by C_App, lantana was replaced by Lntna, prickly acacia
was replaced by P_acacia, parthenium with P_nium, parkinsonia
with P_sonia, rubber vine with R_vine, siam weed with S_weed,
snakeweed with Snk_wd, and negative with Ngtv. A sample of
annotated images of each class is presented in Figure 2.

DL-Based Object Detectors
In this article, the performance of various versions of DL
models integrated with different feature extractors or backbone
models were analyzed on the selected dataset. These DL meta-
architectures are divided into two categories: single-stage and
two-stage neural networks. Among single-stage detectors, state-
of-the-art models like SSD (Liu et al., 2015), CenterNet (Duan
et al., 2019), EfficientDet (Tan et al., 2019), RetinaNet (Lin
et al., 2017), and YOLO-v4 (Bochkovskiy et al., 2020) were
included. These models were trained using TensorFlow (1 and
2) object detection API and the YOLO/Darknet neural network
framework. The two-stage DL models were also trained and
tested using TensorFlow Object Detection API 1. These networks
generally contain the first stage of the region proposal by

Region Proposal Network (RPN). While the second stage refines
the classification and localization of the proposals. The most
prominent among them were the Faster RCNN (Ren et al., 2015)
and RFCN (Dai et al., 2016) models.

Image Resizing Techniques
The second step of the proposedmethodwas the evaluation of the
best-obtained DL object detector using image resizing techniques
along with image interpolation methods. In this regard, the
input images were resized to a fixed shape or by using an
aspect ratio having minimum and maximum image dimensions
in pixels. For example, Faster RCNN used a shorter pixel value
of 600 and a longer one equal to 1,000 pixels as default values.
Furthermore, these image resizers were used with interpolation
techniques including bilinear (bilinear interpolation), bicubic
(cubic interpolation), area, and nearest neighbor (multivariate
interpolation for multiple dimensions).

Weight Initializers
The approach proposed in this article extensively considers
weight optimization in three ways. First, the effects of
initialization methods were analyzed depending on the type
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FIGURE 2 | Sample of the annotated dataset for each class.

of neural network layer/activation function. Three initialization
methods include truncated normal, variance scaling, and random
normal initializers. The truncated normal creates a tensor having
a truncated normal distribution, which is useful to avoid dead
neurons due to ReLU activation functions. It discards and
redraws values more than two SD from the mean. It is the
most recommended weight initialization technique for neural
network-based DL models.

When the ReLU activation function came after the Sigmoid
function, it was proven to successfully solve the problem of
vanishing gradients. Then a weight initialization technique was
proposed which balances the variance of the output layer with
the input layer (He et al., 2015) and is known as He initialization.
In the TensorFlow Object Detection API, the He initialization is
named as the variance scaling initializer. The last initializer is a
random normal initializer that is used to generate tensors with a
normal distribution.

Batch Normalization
Batch normalization was introduced to solve the problem of
internal covariate shift due to the change in the distribution of
the input of the neural network layer with the change in the
parameters of the previous layers (Ioffe and Szegedy, 2015). The
use of BN increases the training speed to get the convergence of
the model with a high learning rate.

Deep Learning Optimization Techniques
The next step of the research was weight optimization using
DL optimizers. Their hyperparameters were tuned with the help
of the random search method. Three optimizers were used for
this purpose, namely, Stochastic gradient descent (SGD) with
momentum, Root mean square propagation (RMSProp), and
Adaptive moment estimation (Adam). SGD (with momentum)

is one of the most commonly used DL optimizers to train
DL architectures for various applications (Saleem et al., 2020a)
due to its fast convergence, which is a result of the inclusion
of an exponentially weighted average of weights and bias
gradients (Ruder, 2016). On the other hand, RMSProp limits
the oscillations generated during the training by considering the
square of gradients of weights and biases. Furthermore, it allows
the algorithm to consider a larger learning rate (Hinton et al.,
2012). Adam optimizer is the combination of RMSProp and
momentum optimizers. It includes an exponentially decaying
average of the previous gradient with squared gradients (Kingma
and Ba, 2014).

Stratified k-Fold Cross-Validation
Technique
The DeepWeeds dataset has the class imbalance problem, for
example, the negative/non-weed class has a significantly higher
number of images as compared to all eight classes of weed.
Therefore, a stratified k-fold cross-validation technique was
selected to validate the final results. This method avoids biasness
while creating the folds of training/testing dataset and allows to
maintain the same proportion of each class sample in each fold,
as in the initial distribution (He and Ma, 2013). It was made sure
that the testing images in each fold were not the same.

Software and Training Specifications
The DL meta-architectures were trained and tested using
TensorFlow object detection API 1, 2, and YOLO/Darknet neural
network framework. All experiments were carried out using a
Graphical Processing Unit (NVIDIA GeForce GTX 1080 Ti)
with specifications: 11 GB memory, 1,582 MHz boost clock,
3,584 CUDA cores, and 484 GB/secmemory bandwidth. CuDNN
library was imported to increase the training speed.
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TABLE 2 | Hyperparameters of deep learning optimization algorithms with their respective DL architectures.

HyperparametersDL optimizersDL models

Yolo-v4 learning rateSGD with momentum = 1 x 10−3, momentum = 0.9

RetinaNet learning rate = 3 x 10−4, momentum = 0.9

EfficientDet learning rate = 2 x 10−4, momentum = 0.9

RFCN ResNet-101 learning rate = 4 x 10−4, momentum = 0.9

Faster RCNN Inception-v2 learning rate = 2 x 10−4, momentum = 0.9

Faster RCNN ResNet-50 learning rate = 3 x 10−4, momentum = 0.9

learning rateRMSPropSSD MobileNet = 2 x 10−3, rho = 0.9, momentum = 0.9, epsilon = 1.0 x 10−2

SSD Inception-v2 learning rate = 2 x 10−4, rho = 0.9, momentum = 0.9, epsilon = 1.0 x 10−4

learning rateAdamCenterNet ResNet-50 = 1 x 10−3, epsilon = 1 x 10−7

learning rateSGD with momentumFaster RCNN ResNet-101 = 3 x 10−4, momentum = 0.9

learning rateAdam = 1 x 10−5, epsilon = 1 x 10−2

learning rateRMSProp = 3 x 10−4, rho = 0.9, momentum = 0.9, epsilon = 1.0

To leverage transfer learning, the pre-trained weights on the
COCO dataset were used. Depending on the DL architecture and
GPU limitations, batch sizes equal to 2, 4, 6, and 8 were the most
reasonable values to minimize the trade-off between mAP and
training time (Masters and Luschi, 2018). The learning rate and
the values of other hyperparameters were selected by the random
search technique (Bergstra and Bengio, 2012) as presented in
Table 2.

RESULTS AND DISCUSSION

This article aims to identify and localize eight classes of weeds
using DL architectures. In this regard, seven DL architectures
were trained with different feature extractors/backbone models.
The performance of these architectures is evaluated in terms
of mAP, which is a commonly used performance metric for
object detection tasks. Equation (1) presents the formula to
evaluate mAP.

mAP =

∑
n

i = 1
APi

n
(1)

where AP is the average precision calculated for each class and
accessed by the 11-point interpolated AP method and n is the
number of classes. The AP is defined as the average precision
across all unique recall levels. Therefore, the precision at various
recall values is first evaluated. Then, interpolated precision is
calculated as the maximum precision for a certain recall level.
Further details of this performance metric can be found in
(Saleem et al., 2020a).

This section is divided into two steps. First, the weed detection
results obtained by the single- and two-stage DL architectures
are provided along with their class-wise performance analysis
and loss plots. Secondly, the effects of various image resizing
techniques on the best-obtained DL model are presented.
Furthermore, the weights were optimized by leveraging
initialization techniques along with batch normalization and
DL optimizers. Finally, a significant improvement in the mAP
of the optimized DL architecture is discussed compared to

its default settings to demonstrate the effectiveness of the
proposed approach.

Step 1: Selection of the Best-Suited DL
Architecture
Performance of Single-Stage Neural Networks

YOLO-v4
This DL architecture has the backbone model CSPDarknet-53
having input image size 608 x 608. The SGD with momentum
optimizer was used to train the model. Various batch sizes
were tested and eight was found to be the most feasible to
reduce the trade-off between accuracy and training time as
minimum as possible. The plot in Figure 3A shows that the
model started to converge after 48K iterations, and the model
training took around 12 h. The final average loss value was
found to be 2.83%. A few classes of weeds were successfully
identified, including parthenium, rubber vine, and siam weed,
with an average precision of more than 90%. Therefore, their
distinct characteristics were successfully extracted. None of the
classes attained <50% AP which shows the significance of
this model to detect several classes of weed. An example of
the three classes which achieved the highest AP is presented
in Figure 3B. Furthermore, some of the images of classes
such as lantana and snakeweed were undetected, as shown
in Figure 3C. The mAP of all classes was calculated to
be 79.68% as shown in Table 3. Each prediction box is
related to the class label with a confidence score of 0 to
100% (0 to 1).

SSD
A Single-shot MultiBox detector was trained with different
backbone models to extract the features of weed classes.
The feature extractors like Inception v2 and MobileNet from
TensorFlow 1 API were considered. The fixed input image resizer
was applied with 300 × 300 dimensions. The model was trained
with an RMSProp optimizer, as the momentum optimizer was
unable to converge the training. It took around 11 h to complete
the training in 70K steps for the Inception model, and the batch
size was equal to 8. However, the MobileNet model took around
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FIGURE 3 | Performance of the You look only Once (YOLO)-v4 model: (A) loss plot; (B) true positives for parthenium, rubber vine and siam weed; (C) examples of

undetected images for lantana and snake weed classes.

FIGURE 4 | Performance of the single-shot multibox detector (SSD) architecture: (A) total loss with the Inception model; (B) total loss with the MobileNet model; (C)

examples of a false-positive result for the negative class with the Inception-v2 model; (D) example of false positives for the eight classes of weeds with the

MobileNet model. TP: true positive, FP: false positive.

Frontiers in Plant Science | www.frontiersin.org April 2022 | Volume 13 | Article 85066689 

Chapter 5

https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles


Saleem et al. Weed Identification by Deep Learning

TABLE 3 | Summary of the weed detection results of the DL single-stage and two-stage object detectors in terms of the average precision (in %) of each class.

Annotated weed and

negative classes

DL architectures with backbone models

Single-stage networks Two-stage networks

Yolo-v4

CSPDarknet-53

EfficientDetSSD

EfficientNet

CenterNet

ResNet-50

RFCN

ResNet-101

Faster RCNN

Inception-

v2

ResNet-50MobileNet

(RetinaNet)

Inception-

v2

ResNet-50 ResNet-101

99.898.2110034.2926.3443.9745.3118.8326.2567.4C_App 7

82.4699.4596.831009.0928.799.0931.6562.2266.61Lntna

70.94.0828.6456.51.829.679.090.7534.4573.87P_acacia 06

99.9499.9438.8323.8533.8417.8826.3654.1693.48P_nium 99.33

99.8999.2499.735.7744.2317.0530.9253.9379.51P_sonia 88.85

99.10099.7792.935.8844.1827.2776.9960.4496.33R_vine 84

99.10082.4941.6153.3163.2954.5526.3566.0698.6S_weed 85

86.15.384.170.5533.5734.7914.9121.3662.458.19Snk_wd 17

62.378.1351.2831.1826.6126.570.1181.7213.283.17Ngtv 5

87.2373.5955.0627.3636.5921.6934.9948.1279.68mAP (%) 87.64

Bold values shows the highest mAP to select the best DL architecture.

5 h to converge the training in 60K steps, which was the fastest
among all other models due to its fewer parameters (Huang
et al., 2016). The total loss was fluctuated between 4 to 6% in
the case of the Inception-v2 model (Figure 4A) while it was 3
to 6% for the MobileNet model (Figure 4B). From the results,
it can be concluded that none of the weed classes was able to
achieve an AP of more than 90%, with the SSD model trained
with Inception and MobileNet feature extractors. However, the
siam weed class achieved the highest AP of 66.06% with the
Inception model, and the negative class achieved the lowest AP
of 13.2%. The reason for the false detection of the negative
class was confusion with three classes, including snakeweed, siam
weed, and lantana, as presented in Figure 4C. The negative class
worked well with the MobileNet model, while the prickly acacia
was almost undetected, as its AP was only 0.75%. All weed classes
were confused with the negative class when the feature extractor
wasMobileNet as shown in Figure 4D. It resulted in a lowermAP
of approximately 35%, as shown in Table 3.

RetinaNet
In this research, three DL object detectors from TensorFlow
object detection API 2 were also tested. The first model was
the RetinaNet, which had an SSD model as a base architecture,
and ResNet-50 was used as a feature extractor. Although other
versions of ResNet (with 101 and 152 layers) were also available
in the API, due to GPU memory limitations, only ResNet-50 was
feasible to train and test on the DeepWeeds dataset. An input
image fixed shape resizer of 640 × 640 dimensions was used
with the SGD optimizer. The batch size equal to 4 was found
to be a reasonable value. With all the described settings, the
model took around 14 h. The loss plot to understand the training
performance of the model is presented in Figure 5A. In almost
60K iterations, the model settled to its final loss value with a small
fluctuation between 0.55 and 0.75%. None of the classes achieved
a satisfactory AP, and the siam weed class achieved the highest
AP of 54.55% among all other classes. Three classes including

lantana, prickly acacia, and negative achieved the lowest AP of
9.09, 9.09, and 0.11% respectively. Most of the testing images
belonging to the negative class did not detect and the remaining
images resulted in parthenium and siam weed as shown in
Figure 5B.

EfficientDet
Another single-stage DL object detector was utilized for this
study named EfficientDet. This model used the aspect ratio
resizer technique with dimension 512 × 512. The other versions
of the model couldn’t be trained due to GPU limitations. The
optimum batch size was 4 with a momentum optimizer, and this
setting required 11.5 h to get convergence in the training to 70K
iterations. According to the loss plot presented in Figure 6A, the
model received a final loss ranging between 0.25 and 0.45%. The
model also detected the siamweed with the highest AP of 63.29%.
However, the prickly acacia got the lowest average precision
among all seven other classes of weeds. Just like the other single-
stage detectors, this DL model also gave false positives for the
seven classes in terms of negative class as shown in Figure 6B.
This model could also not detect any class of weeds with a
higher AP.

CenterNet
The last model among single-stage DL object detectors was
CenterNet which had various versions in TensorFlow API
including Hourglass, ResNet-101, and MobileNet-v2. Among
them, only 50 layered ResNet feature extractor was able to detect
some of the weed images with 512 x 512. However, most of
the images of the eight classes of weeds could not be detected
well. Moreover, the SGD with momentum optimizer failed to
detect the testing images with the CenterNetmodel. Therefore, an
Adam optimizer was used to train the model, and the batch size
was set to 6. The model got converged after 60k iterations and it
took around 12.5 h to train the model. The final loss ranged from
approximately 1.5 to 2.5%, as shown in Figure 7A. This model
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FIGURE 5 | Performance of RetinaNet: (A) total loss plot; (B) examples of false-positive results for the negative class.

also achieved more than 50% average precision for the siam weed
class and almost failed to detect the prickly acacia class having
only 1.82% AP. However, the chinee apple and the lantana were
confused with snakeweed as presented in Figure 7B.

Performance of Two-Stage Networks

RFCN
This article also considers two-stage DL object detectors like
RFCN and Faster RCNN. Both the RFCN and Faster RCNN
models were trained to 60k iteration steps with input aspect
ratio, minimum pixel size 600, and maximum 1,000. ResNet-
101 was used as the backbone model and SGD with momentum
optimizer was used to train the RFCN model with batch size 2.
It took 10 h to get the convergence in 60K iterations. The total
loss was reduced to almost 1.5% as shown in Figure 8A. The
model was successful to detect three classes of weeds (lantana,
parkinsonia, and rubber vine). However, classes such as negative
and snakeweed were confused with the other classes, as shown in
Figures 8B,C. Overall, five classes of weeds achieved an average
precision of <50%.

Faster RCNN
At last, the Faster RCNN model was trained with several
feature extractors. The backbone models that included Inception

ResNet, ResNet, and Inception were available along with
their trained weights on the COCO dataset in TensorFlow
object detection API 1. Three models, including Inception-
v2, ResNet-50, and ResNet-101, were able to train with the
available graphics memory. The total training loss with the
Inception-v2 model was settled at almost 1.5% (as shown in
Figure 9A). However, models like ResNet-50 and ResNet-101
got their convergence having fluctuation between 0 and 1%, as
shown in Figures 9B,C, respectively. Furthermore, it can also
be observed that the Faster RCNN model with the ResNet-
101 model converged earlier than the ResNet-50 model. All
versions of the Faster RCNN model had an input with the
aspect ratio image resizing technique having 600 minimum and
1,000 maximum pixel dimensions, and the batch size was set
to 2. Furthermore, the momentum was used to optimize the
weights in this step of the proposed study; the models were
trained up to 60K iteration steps. Among these three backbone
models, the Inception model trained in the shortest time of
around 8.5 h. However, ResNet-50 and ResNet-101 required 9
and 10 h, respectively.

For concluding the detection results, the Inception model was
successful to detect five classes of weed. However, the prickly
acacia and snakeweed obtained a low average precision. A few
examples of both classes with their false-negative results are
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FIGURE 6 | Performance of the EfficientDet model; (A) total loss plots; (B) false positives of different classes with negative class.

shown in Figures 9D,E. The ResNet-50 model detected seven
classes of weeds with high AP (more than 90%) as shown
in Figure 9F. The negative classes also achieved an acceptable
percentage of AP as shown in Table 3. However, the snakeweed
class suffered from lower precision, as it was confused with the
chinee apple, lantana, and siam weed classes.

Faster RCNN ResNet-101 was found to be the most suitable
DL architecture for this study due to its highest mAP compared
to all other DL architectures. This model succeeded to detect
four classes of weed with more than 90% average precision;
three classes achieved more than 80% AP. This model achieved
more than 50% AP for negative; the prickly acacia achieved the
lowest AP of almost 70% among all the other classes of weeds.
Few samples of images detected by the Faster RCNN ResNet-
101 model are presented in Figure 9G. From the results, it can
be understood that the model was successful in extracting the
unique features of several classes of weeds, but could not correctly
extract the features of classes such as negative and prickly acacia.

Therefore, the overall performance of this model was optimized
in the second step of the proposed research. It further improved
the mAP along with an enhancement in the average precision of
individual classes.

Step-2: Optimization of the Faster RCNN
ResNet-101 Model
The Faster RCNN model trained with the ResNet-101 feature
extractor achieved the highest mAP. Therefore, the rest of
the steps of the proposed work were applied to this DL
architecture and the effects of image resizing techniques, weight
initializers, batch normalization, andDL optimization algorithms
were studied.

Effects of Image Resizing Techniques
This research evaluated the effects of two image resizing
techniques, including fixed shape and aspect ratio, along with
four image interpolation methods such as bilinear, bicubic, area,
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FIGURE 7 | Performance of the CenterNet model: (A) total loss; (B) false-positive results for the chinee apple, and lantana classes.

FIGURE 8 | Performance of the Region-based fully convolutional network (RFCN) model: (A) total loss plot; (B) false-positive results for the negative class; (C)

false-positive results for the snakeweed class.

and nearest neighbor. First, the default settings of the Faster
RCNN model were considered and tested using the model
with the hyperparameters described in an earlier section. Later,

the best image resizing method was found considering bilinear
interpolation as the default method. It led to the application
of three other interpolation methods. An overall mAP along
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FIGURE 9 | Faster Region-base fully convolutional neural network (RCNN) performance with various versions of DL models: (A) total loss plot for Inception-v2: (B)

total loss plot for ResNet-50; (C) total loss plot for ResNet-101; (D) false positives of prickly acacia with Inception-v2; (E) false positives of snake weed classes with

Inception-v2; (F) true positives with ResNet-50; (G) true positives with ResNet-101.

with class-wise precision of each weed class was evaluated.
Furthermore, various types of training losses are also presented
to show the dependence of image resizers/interpolators on the
performance of the DL model. The most suitable technique
was selected for the next phase of the research. In this regard,
the following observations are taken from this stage of the
proposed methodology.

• In the Faster RCNN paper (Ren et al., 2015), the aspect
ratio image resizer was selected as the default technique with
minimum and maximum pixel dimensions equal to 600 and
1,000, respectively, and considered bilinear interpolation as
the default method.

• The mAP of the default resizer was found to be 87.64%, as
shown in Table 3.

• Although, the Faster RCNN model achieved good detection
results. However, there was room to further enhance
the performance of the neural network with other
resizing methods.

• Later, the fixed-shape resizer method was applied. This
method was first tested with bilinear interpolation, which
provided a comparatively lower mAP. Furthermore, three
interpolation methods like bicubic, area, and nearest neighbor
with fixed image resizer attained lower mean average precision
compared to the default technique, which was the aspect ratio
with bilinear interpolation.

• Therefore, the aspect ratio resizer was selected as the best
image resizing method for training the Faster RCNN ResNet-
101 model. Here, the effectiveness of the aspect ratio resizing
technique has also been validated through the experiments
presented in this article, as it was also applied in the original
Faster RCNN paper (Ren et al., 2015).

• The bilinear interpolation takes the closest 2 x 2 neighborhood
of known pixel values and calculates the weighted average of
4 pixels to get the resultant interpolated value (Malik et al.,
2017). Therefore, the pixels of weed images were interpolated
to get sharper images to be provided as an input to the Faster
RCNNmodel.
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TABLE 4 | Summary of results and conclusions from each step of the proposed methodology.

Experiment/step

of the analysis

Model assessment on training andTraining detailsDL models

testing datasets

Link toModel performance analysis

training

code
(Image

resizers/interpolators/

initializers/optimizers)

Total loss

(%)

Training

time (h)

mAP (%)

Training with

default settings

Few of the weed classes wer79.68122.83FS (608 x 608)Yolo-v4 e successfully

identified

GitHub

None of the weed cla48.12114–6FS (300 x 300)SSD Inception-v2 sses was succeeded in

achieving an AP of more than 90%

Fastest model conv34.9953–6FS (300 x 300)SSD MobileNet-v2 ergence, but

unsatisfactory testing outcomes

SSD ResNet-50

(RetinaNet)

Achieved the lowest mAP amon21.69140.55–0.75FS (640 x 640) g all the DL

models

11.0.25–0.45EfficientDet EfficientNet AR (min: 512, max: 512) Eight classes attained AP of36.595 <50%

27.12.51.5–2.5CenterNet ResNet-50 AR (min: 512, max: 512) None of the classes achieved a satisfactory36

AP

The mo55.06101.50RFCN ResNet-101 AR (min: 600, max: 1,000) del was successful to detect three

classes of weeds

Faster RCNN

Inception-v2

The model was success73.598.51.50AR (min: 600, max: 1,000) ful to detect five

classes of weed

Faster RCNN

ResNet-50

Seven classes of weeds wi87.2390–1AR (min: 600, max: 1,000) th high AP (more

than 90%)

Faster RCNN

ResNet-101

The most suitable DL arc87.64100–1AR (min: 600, max: 1,000) hitecture for this

study due to its highest mean average

precision compared to all other DL

architectures.

Effects of image

resizers/

interpolators

Faster RCNN

ResNet-101

Could not contribute to provid81.33100–1.4AR with bicubic e better

detection results

GitHub

Found as the best interpolator91.55100–0.87AR with area

Almost similar performance to the b86.93100–0.98AR with NN ilinear

method

Provided a comparatively l85.099.50–0.92FS with bilinear ower mAP

Attained a low mAP just like wi82.389.50–1.2FS with bicubic th AR

Area interpolator did not work wi85.689.50–1.5FS with area th fixed

shape resizer

Attained low AP of the weed classes82.649.50–1.4FS with NN

Effects of

initializers and

batch

normalization

Tr (std: 0.01); SV (sf: 1.0,

nd: true, mode: Fan_avg);

RN (std: 0.01)

Very small values of std should not be taken91.55100–0.87

close to zero; the normal distribution with an

average of input and output units in the

weight tensor should be considered

GitHub

An improvement o93.378.50–0.82BN (decay: 0.99, eps: 0.01) f 1.82% was obtained with

BN with a fast training convergence

Effects of

optimizers

The default optimizer att93.378.50–0.87SGD with momentum ained a high AP

except for the negative clas

GitHub

Faster convergence with adaptive alg91.567.750–0.94Adam orithm

The best-obtained DL optimizer, s93.447.750–0.86RMSProp lightly

improved the mAP without BN

FS, Fixed-shape resizer; AR, Aspect ratio resizer; NN, Nearest neighbor; Tr, Truncated normal initializer; std, standard deviation; SV, Scaling variance initializer; sf, scaling factor; nd,

normal distribution; RN, random normal initializer; BN, Batch normalization; eps, epsilon.

• Subsequently, three interpolation methods were also
applied to the aspect ratio resizer. The bicubic method
could not contribute to the improvement of mAP or
detection results.

• The nearest neighbor’s performance was almost
similar to the bilinear method. However, the ’area’

interpolation method provided significantly better
training performance than the Faster RCNN model.
It resulted in a higher mAP of 91.55% as presented
in Table 4.

• Moreover, the average precision of the individual five
classes was improved by a significant margin; these classes
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include lantana, prickly acacia, parkinsonia, snakeweed,
and negative.

• The area interpolation method reduces noise from the images.
The final images fed into the network contributed to better
feature extraction of the weed classes.

• It was also noticed that the input provided to the Faster
RCNN ResNet-101 model with aspect ratio resizer with
area interpolation method achieved an improvement in both
training and testing performance. This has been shown
graphically by various losses that constitute the total training
loss. The losses like RPN (Region Proposal Network) and
final classifier losses are presented by RPN objectness loss
(R_obj_loss), RPN localization loss (R_loc_loss), classification
loss (Class_loss), and localization loss (Loc_loss) as shown
in Figure 10. It is important to consider these losses in the
analysis because this research is dedicated to performing the
weed detection task, which contains both classification and
localization operations.

• From Figure 10, it can be concluded that the losses related
to the localization and classification tasks were reduced when
the area interpolation method was applied. For example,
the localization loss (Loc_loss) was settled with a small
fluctuation between 0 and 0.52% for the bilinear interpolation
method, which got reduced to 0–0.45%. Similarly, the
classification loss (Class_loss) was 0–0.35% and reduced to 0–
0.3%. Furthermore, RPN losses were improved with the area
interpolation method.

• Since both the localization and classification losses were
reduced in the region proposal and classifier stages of the
network, therefore, total losses were also reduced from 0–1%
to 0–0.87%. Hence, a small reduction in the model’s losses
produced a considerable effect on weed detection results.

In summary, an improvement in various losses along with
AP (of individual classes) and mAP indicates that the area
interpolation method with the aspect ratio resizer can also
be applied to the Faster RCNN model for other relevant
datasets. An improvement in detection output proves that the
scientific community should focus on further advances in image
resizing/interpolation techniques using CNN (Islam et al., 2018).

Weights Optimization

Initialization Techniques
The previous studies have been performed several agricultural
tasks by using various advancements in DL including training
techniques, augmentation methods, and modifying particular
types of hidden convolutional layers of neural networks. In
contrast, this research studied the effects of weight optimization
methods on the performance of DL models.

An optimized version of the Faster RCNN model is presented
by analyzing the effects of weight initializers, batch normalization
(BN), and DL optimizers. Firstly, the initialization techniques
were studied since they are important for a neural network to
prevent vanishing gradients, which is essential to get convergence
of the models (Narkhede et al., 2021). It is vital to initialize the
weights with neither too large nor too small standard deviation,
as both conditions fail the network to learn the features properly.

Three weight initializers were studied, including truncated
normal, scaling variance, and random normal initializers,
according to the names presented in the TensorFlow object
detection API. The optimum selection of the weight initializer
parameters for the Faster RCNN model and its effects are
discussed as follows.

• The truncated normal initializer is the most recommended
weight initializing technique for a convolutional neural
network due to the use of the ReLU activation function in
almost all the networks. The reason is its vanishing gradient
solving capability. This initializer is very useful for eliminating
dead neurons.

• The truncated normal initializer was used to avoid any value
beyond twice the standard deviation. Different values of the
standard deviation of the truncated initializer affected the
overall model’s performance. Initially, the Faster RCNNmodel
was trained with unit standard deviation, but it was an
unsuitable value to converge the training. It can be concluded
that the higher the value of standard deviation and the closer
to 1, the more the training time and the lower mAP would
be obtained.

• Therefore, this initializer was used with a standard deviation
equal to 0.01 and a zero mean value (Ren et al., 2015). When
selecting a lower standard deviation value, it should not be
taken very close to zero because the mAP obtained with a
standard deviation equal to 0.001 was almost 8% less than the
mAP with the selected SD (0.01).

• Then, the random normal initializer was also tested that
attained a mAP of 89.07%.

• Later, a scaling variance initializer with a fully convolutional
layer (FC) was used. It also contains a few tunable parameters
including scaling factor, normal distribution, and three modes
of operation depending on input and output units in the
weight tensor.

• With the combination of scaling factor 2 without normal
distribution and considering only input units in the weight
tensor (Fan_In), a considerably good performance in terms of
losses and a mAP of 85.47% was observed.

• Furthermore, the scaling factor 1.0 considering the normal
distribution of the Fan_Avg mode (which contains an average
of the number of input and output units in the weight tensor)
was found to be the most appropriate setting to get the best
detection results in terms of mAP. Table 4 presents the mAP
(91.55%) having parameter values of the weight initializer
described in this section with the aspect ratio resizer by the
area interpolation method.

Batch Normalization
The next step was to study the effects of batch normalization
(BN) on the performance of the Faster RCNN ResNet-101
model. Training/testing profiles were evaluated in the absence
and presence of BN. The following observations were made:

• First, the model was trained with default values of decay
and epsilon of 0.99 and 0.001, respectively. The training
performance of the Faster RCNN model was improved in
terms of a total loss of 0.85%. The iterations were reduced
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FIGURE 10 | Training plots for bilinear and area interpolation methods with aspect ratio image resizer (iteration steps from 50K and onwards are shown, when the

model got training convergence).

Frontiers in Plant Science | www.frontiersin.org April 2022 | Volume 13 | Article 85066697 

Chapter 5

https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles


Saleem et al. Weed Identification by Deep Learning

to only 47K steps from 50K iterations. It shows the fast
convergence of the DL architecture with the application of BN
(Santurkar et al., 2018).

• However, the mAP was almost equal as obtained in the
previous step of weight initialization with 91.34%.

• Next, the decay and epsilon were tuned, and it was found that
a higher value of epsilon improved the overall training/testing
performance of the model. For instance, at an epsilon value
of 0.01 and default decay value, the mAP was improved with
a margin of 1.82% as compared to the former stage of the
weight initialization. The total training loss was also reduced
to almost 0.82%.

• AP of individual classes was also improved including chinee
apple, prickly acacia, parkinsonia, and siam weed with a
difference of 22.85, 13.13, 8.99, and 9.39%, respectively. On
the other hand, two classes such as lantana and negative
(non-weed) attained a lower AP with BN.

• Otherwise, a smaller epsilon (0.0001) degraded the
performance of the Faster RCNN model with only 76.83%
of mAP. Similarly, the smaller decay could not contribute to
improving the mAP and attained 88.46% with 0.5 decay value.

Deep Learning Optimizers
The final step of the study presented in this article is
comprised of the optimization of weights by three DL optimizers.
Hyperparameters were selected using the random search method
(Bergstra and Bengio, 2012) as presented in Table 2. The SGD
with momentum was the default optimizer for training the Faster
RCNN ResNet-101 model. Subsequently, Adam and RMSProp
were used to optimize the weights of the model. A class-wise
performance of the DL optimizers is presented in Figure 11. The
effects of all three optimizers are discussed below.

• First, the DL optimizers were analyzed with and without BN.
In the presence of BN, the SGD with momentum and Adam
optimizers improved the performance with 1.82 and 1.05% in
mAP, respectively, compared to the results obtained without
BN. However, RMSProp got a reduction of 0.5% in mAP
with BN.

• The RMSProp attained the highest mAP of 93.44% in the
absence of BN. However, the SGD optimizer attained a
comparable mAP of 93.37%with BN. Due to a slight difference
of mAP by RMSProp (without BN), it was selected as the best
DL optimizer. Moreover, RMSProp attained a much higher
AP of classes including lantana and negative (non-weed), as
shown in Figure 11.

• In terms of the number of training steps, the Faster RCNN
model required a lesser number of steps with BN. For example,
the SGD optimizer required around 47K steps to obtain the
model convergence. However, adaptive optimizers including
Adam and RMSProp required around 44K steps and showed a
faster training convergence (Zhou et al., 2020).

• Few classes attained the same/high average precision with the
three DL optimizers, such as parthenium and rubber vine. It
suggests that these classes of weeds should not be addressed in
future studies.

• It is also noticed that all classes achieved an AP of more
than 90% except for chinee apple, when the model was
trained with RMSProp. Therefore, it can be concluded that
the features of this particular class of weed were not extracted
through RMSProp.

• The effectiveness of the fine-tuned adaptive method
like RMSProp has been shown from these experiments.
Furthermore, the significance of the random search method
(Bergstra and Bengio, 2012) has also been evidenced for not
only the learning rate but also for the other hyperparameters,
including decay factor, momentum, and epsilon (presented in
Table 2).

• The stratified k-fold cross-validation technique was used to
further confirm the final mAP of 93.44%. In this regard, the
dataset images were redistributed in five folds (fold1-fold5).
The initial distribution of the dataset was considered the
first fold (fold1). The optimized Faster RCNN ResNet-101
model was retrained with the rest of the four-folds. A small
difference in mAP was observed from 0.14 to 0.46%, and
attained 93.30, 93.84, 93.71, and 92.98% using fold2, fold3,
fold4, and fold5, respectively.

To conclude, an overall summary of all the experiments
performed for this research is presented in Table 4, including
the model assessment on training/testing datasets and relevant
comments indicating the significance of each step taken.

CONCLUSIONS AND FUTURE
RECOMMENDATIONS

This article presents a deep learning-based approach consisting
of five steps for the detection of weeds. First, an open-source
dataset called DeepWeeds was selected due to its dynamic nature,
which considered various practical aspects of an agricultural
field. Next, the performance of various single-stage and two-
stage neural networks was evaluated. After an in-depth analysis
of the DL architectures, Faster RCNN trained with the ResNet-
101 feature extractor model achieved the highest mAP of 87.64%.
Later, several attempts were made to improve the class-wise
average precision of the best-obtained DL model. Formerly, the
effects of image resizing techniques and image interpolation
methods were studied. The aspect ratio resizer with the area
interpolation method attained the highest mAP of 91.55% which
was 3.91% better than the default settings. Furthermore, the
training performance of the Faster RCNN model was also
enhanced in terms of various classification and localization
losses. Next, weight-optimization techniques were thoroughly
studied. In this regard, the effects of weight initializers, including
truncated normal, scaling variance, and random normal, were
evaluated. The performance of the model was also analyzed with
batch normalization and an enhancement of 1.82% in mAP was
observed. Finally, the adaptive DL optimizers including Adam
and RMSProp were used to retrain the Faster RCNN model. The
optimal selection of hyperparameters of the RMSProp optimizer
slightly improved the mAP by 93.44%. Hence, an improvement
of 5.8% mAP in the best-obtained DL architecture was achieved
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FIGURE 11 | Average precision of each class by the Faster RCNN ResNet-101 model trained with three DL optimizers in the absence and presence of

batch normalization.

as compared to the default settings and it proved the effectiveness
of the weed detection pipeline presented in this article.

The methodology presented in this research would be a
considerable step toward precision agriculture due to a significant
improvement in a complex agricultural task such as weed
identification. Furthermore, this research also provides various
future directions to further enhance the agricultural field of
research by DL:

• The chinee apple class attained the lowest average precision
with the optimized settings of the Faster RCNN model.
Therefore, future research could include the modification
of the Faster RCNN model to extract the unique feature
of the chinee apple and maintain the average precision of
other weed classes. For example, the Faster RCNN ResNet-
101 contains a region proposal network and a classification
model (ResNet-101). The ResNet-101 has several hidden layers
to extract the distinct features of the objects. Therefore, an
in-depth analysis of various hyperparameters of ResNet-101
could be performed including the number of hidden layers,
filter size, number of strides, and using the latest advancement
in activation functions.

• This research could be useful for other agricultural
applications, including detection of plant diseases,
classification of agricultural land cover, recognition of
fruits, etc. After analyzing the performance of the single-stage
and two-stage DL object detectors, the proposed DL-based
study can be treated as an intermediate step before proposing
any modification in the DL architecture.

• The weights obtained by the final optimized Faster RCNN
model can be reused as transfer learning to other weed-
related datasets.

• This research was dedicated to improving the final mAP of the
Faster RCNN ResNet-101 model. Future research could also
attempt to analyze/reduce the computation/training time and
real-time detection of weeds.

• Other advanced DL optimizers can be used for upcoming
studies such as Ranger optimizer.
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Abstract: To apply weed control treatments effectively, the weeds must be accurately detected. Deep
learning (DL) has been quite successful in performing the weed identification task. However, various
aspects of the DL have not been explored in previous studies. This research aimed to achieve a
high average precision (AP) of eight classes of weeds and a negative (non-weed) class, using the
DeepWeeds dataset. In this regard, a DL-based two-step methodology has been proposed. This article
is the second stage of the research, while the first stage has already been published. The former phase
presented a weed detection pipeline and consisted of the evaluation of various neural networks,
image resizers, and weight optimization techniques. Although a significant improvement in the mean
average precision (mAP) was attained. However, the Chinee apple weed did not reach a high average
precision. This result provided a solid ground for the next stage of the study. Hence, this paper
presents an in-depth analysis of the Faster Region-based Convolutional Neural Network (RCNN)
with ResNet-101, the best-obtained model in the past step. The architectural details of the Faster
RCNN model have been thoroughly studied to investigate each class of weeds. It was empirically
found that the generation of anchor boxes affects the training and testing performance of the Faster
RCNN model. An enhancement to the anchor box scales and aspect ratios has been attempted by
various combinations. The final results, with the addition of 64 × 64 scale size, and aspect ratio of
1:3 and 3:1, produced the best classification and localization of all classes of weeds and a negative
class. An enhancement of 24.95% AP was obtained in Chinee apple weed. Furthermore, the mAP
was improved by 2.58%. The robustness of the approach has been shown by the stratified k-fold
cross-validation technique and testing on an external dataset.

Keywords: deep learning; convolutional neural network; weed detection; optimization algorithms;
transfer learning

1. Introduction

Conventional weed control methods are generally cost-ineffective and produce adverse
effects on the environment [1]. Hence, there is a need for an automatic weed control system
that can reduce human and machinery efforts. Before deploying a weed management
system, a precise identification/detection of weeds is a mandatory task. In this regard,
computer vision plays a vital role in conjunction with artificial intelligence. Deep learning
(DL), a class of machine learning (ML), has been a promising tool for performing various
real-life object detection tasks, including agricultural operations, such as identification
of plant diseases [2], agricultural land cover classification [3], fruit recognition [4], plant
recognition [5], and many others [6].

Recently, weed recognition has also been focused on by the research community.
Several DL-based methods have been introduced to detect various weed classes. A recent
review paper presents a summary of the characteristics along with the advantages and
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disadvantages of traditional ML-based techniques, deep learning algorithms, and available
datasets and weeding equipment [7]. At the beginning of research into DL-based weed
identification, most of the studies were focused on the weed classification task by DL-
based feature extractors. For instance, one study presents a combined convolutional neural
network (CNN) with a support vector machine (SVM) for the recognition of weeds [8].
Similarly, other research has proposed a graph-based CNN with ResNet-101 for weed
classification [9]. Hu et al. [10] also presented a graph-based DL model to classify weeds.
Then, the research community started to focus on both classification and localization tasks
using DL-based object detection methods. For example, a research article used two DL
models including EfficientDet and a version of You Only Look Once (YOLO-v5) to detect
monocot/dicot weeds [11]. For that research, in-field images were collected that showed
the usefulness of the state-of-the-art deep learning models for real/complex environments.
On the other hand, loss plots should also be presented to show the training performance
of the models. Furthermore, some of the older DL architectures could also be tested to
show the significance of the selected model. Various DL classification models such as
GoogLeNet, VGG, and DetectNet were used to detect broadleaf weeds [12]. The research
evaluated various feature extractors, but training profiles that could be useful to understand
the training performance of the DL models were not presented. A research showed the
importance of the YOLO-v3 architecture for weed identification, and the performance of two
commonly used DL frameworks was evaluated, including TensorFlow and Keras [13]. The
trained model successfully detects weeds, but the selection of YOLO-v3 was not justified
clearly. Hence, a comparative analysis with other object detection methods could further
support the selection of the YOLO-v3 model. A recent article addressed an important
task of weed identification in the seedling growth stage using DL architectures [14]. That
study not only addressed an important agricultural problem but also evaluated different
DL classification and detection models along with various considerations of image sizes.
However, training performance should also be analyzed. Gao et al. [15] proposed a
reduced model of YOLO for the recognition of weeds and proved the usefulness of the
proposed approach by comparing it with former versions of YOLO. That research provided
inference time for the proposed methods, which is one of the main practical aspects of the
implementation of such research. The CenterNet model was used to detect weeds in [16].

The research community also evaluated transfer learning for weed recognition. The
DL models were used in research for classification purposes along with conventional/
traditional ML techniques to detect several classes of weeds [17]. A study presented the
performance of 35 DL models through transfer learning for the identification of weeds in
the real environment [18]. Suh et al. [19] presented a transfer learning-based approach
to classifying weeds using pre-trained weights on ImageNet. One of the key features of
that research was the evaluation of DL models on the images collected at different periods.
It shows the strength of DL for weed detection. Although the transfer learning methods
produced significant results, the main research gap was that the proposed approaches
have not been tested on an external dataset with the same weed/crop classes. This would
show the robustness of the methodologies in different field environments. Few of the
studies analyzed the significance of DL model for Unmanned Aerial Vehicles (UAVs). A
study investigated images of UAVs to recognize weeds using a ResNet-based model [20].
Research has been conducted on the identification of weeds using the ResNet model [21].
Ukaegbu et al. [22] used a CNN model on a quadcopter to detect broadleaf and grassweeds
and to evaluate herbicide spraying. A UAV was used to detect weeds using Faster RCNN
and SSD models [23]. An article presented an improved version of the Faster RCNN
model for the image collected by UAV for weed identification [24]. The performance
of the proposed method was compared with other DL and ML methods. However, the
specifications of the anchor boxes were not analyzed in detail, which is a major research gap.
Few robotic platforms have also been proposed for weed detection by DL. For example, the
YOLO-v3 model with a DarkNet-53 feature extractor was trained and tested on a mobile
platform to identify crops and weeds in a practical field, and a chemical spray was applied
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to the detected weeds [25]. Kounalakis et al. [26] designed a prototype robotic system for
weed detection using a CNN model. Furthermore, few studies have been conducted to
perform weed segmentation [27–29], but it is not the focus of this research.

From the literature presented earlier, it can be summarized that most of the previous
studies relied on either proposing the backbone models/feature extractors or leveraging the
state-of-the-art DL object detection methods for weed identification purposes. However, to
the best of our knowledge, none of the previous approaches has provided a systematic way
to analyze the robustness of deep learning by exploiting various aspects of image resizing
and optimization methods for the recognition of weeds. Moreover, a detailed analysis of a
well-known object detector, Faster Region-based Convolutional Neural Network (RCNN),
has not been performed at its architectural level to successfully detect weeds. Therefore, a
DL-based approach has been proposed for weed identification, divided into two stages.
The first stage has already been published in another journal. It presented a weed detection
framework and obtained the best DL architecture along with the selection of the most
optimum image resizer, interpolator, weights initializer, and DL optimizer (in the absence
and presence of batch normalization) [30]. However, this paper is dedicated to the second
stage of the research. The proposed method is based on our observations during the initial
stage of the study.

It was found during the former phase of the study that all weed classes attained a
high (more than 90%) average precision (AP), except for the Chinee Apple class from
the selected dataset called DeepWeeds [31]. The Faster RCNN ResNet-101 model was
found to be the most suitable method trained with the RMSProp optimizer and aspect
ratio resizer technique with area interpolation. A high AP of seven weed classes showed
that the ResNet-101 performed well in extracting the unique features of the weed classes.
However, the distinct features of the Chinee apple weed were not well extracted. Few
of the test images belonging to the Chinee apple were detected with a high confidence
score. However, most of the images of the Chinee apple were undetected by the trained
model. Hence, there was a need to further investigate the Faster RCNN model to detect the
remaining images of the Chinee apple, along with maintaining the high AP of the other
weed classes (and a negative/non-weed class).

The main contributions of this research are:

1. Obtained a 24.95% higher AP for Chinee apple and maintained the performance of all
other weed classes and a negative class with AP > 89%;

2. Investigated another robust way to improve the weed detection task by deep learning;
3. Evaluated the significance of various anchor box scales and aspect ratios for weed

identification that can be replicated for other agricultural applications;
4. Achieved an improvement of 2.58% in mean average precision compared to the former

phase of the research;
5. Shown the robustness of the approach by the stratified k-fold cross-validation tech-

nique and testing on an externally generated dataset;
6. Made all data including the final weights of the optimized Faster RCNN model

publicly available to reuse as a transfer learning for other weeds-related datasets.

The rest of the paper is organized as follows: Section 2 describes the dataset, training,
specifications, and steps of the enhanced anchor boxes. Section 3 presents the summary
of the first phase of the research and results and discussion of the proposed approach by
graphical/training plots, and detection outcomes. Section 4 concludes the research along
with future directions.

2. Materials and Methods

This section elaborates on the selected dataset, specifications related to the deep
learning setup, and methodology for the enhancement in the anchor boxes.

The overall flow of both stages of the research is presented in Figure 1.
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Figure 1. The overall methodology of the two-step DL-based weed identification.

2.1. Dataset Specifications

The DeepWeeds dataset [31] was used throughout this research. This dataset contains
images of eight weed classes including a negative/non-weed class, collected in Northern
Australia. The reasons for the dataset selection were the diverse nature and consideration of
various properties of the real field environment, including actual background, inconsistent
lighting, occlusion, etc. Hence, the high detection precision of each class in such a dynamic
dataset would show the effectiveness/robustness of the deep learning-based method for
weed identification purpose. The dataset contains 17,509 images; it was divided into three
sub-datasets for training (70%), validation (20%), and testing (10%). The class names were
shortened to visualize the detected results more clearly, such as Chinee apple was annotated
as C_App, Lantana was annotated as Lntna, Prickly acacia was annotated by P_acacia,
Parthenium with P_nium, Rubber vine with R_vine, Siam weed with S_weed, Parkinsonia
with P_sonia, Snakeweed with Snk_wd, and Negative with Ngtv. For the annotations of the
dataset images, the XML files were obtained using an open-source tool named LabelImg.
These XML files were later converted into CSV and then TF records [32].
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2.2. Deep Learning Specifications

From the first step of the research [30], the Faster RCNN model was found to be
the best model. It was trained through TensorFlow Object Detection API 1. The transfer
learning technique was applied using the weights of the Common Objects in Context
(COCO) dataset [33]. Furthermore, all training was conducted using NVIDIA GeForce
GTX 1080 Ti GPU card. The most suitable batch size for the Faster RCNN model was
equal to 2 [30]. Moreover, the hyperparameters used in the DL optimization method
(learning rate, epsilon, momentum, and decay) were selected using the random search
technique [34]. According to the methodology presented for the first phase of the research,
different DL optimizers were used including Stochastic Gradient Descent (SGD) with
momentum, Root Mean Square Propagation (RMSProp), and Adaptive Moment Estimation
(Adam). RMSProp attained the best results in terms of mean average precision with the
hyperparameters: learning rate = 3 × 10−4, momentum = 0.9, rho = 0.9, and epsilon = 1.0.

The performance of the DL model was evaluated in terms of average precision (AP)
for each class obtained by the 11-point interpolation method [35] and defined as AP at
unique recall levels. This method first evaluates the precision at different recall levels and
then an interpolated precision is evaluated by taking the maximum/highest precision for a
specific recall level. Finally, the average of the AP values for each class is calculated and the
mean average precision (mAP) is evaluated. More details can be seen in [35].

Validation of the final results was performed using the stratified k-fold cross-validation
method. This technique was adopted due to the class imbalance problem of the DeepWeeds
dataset as the negative class has a considerably higher number of images than all weed
classes. This method maintains the class distribution in each fold [30]. Furthermore, an
external dataset has been generated by random internet search to test the approach in
different environments.

2.3. Selection of the Faster RCNN ResNet-101

The first phase of the research evaluated various DL models to select the best-suited ar-
chitecture for weed detection. In this regard, models including YOLO-v4, Single-Shot Multi-
Box Detector (SSD) with Inception-v2, MobileNet, and ResNet-50, EfficientDet, CenterNet
ResNet-50, Region-based Fully Convolutional Networks (RFCN) ResNet-101, Faster Region-
based Convolutional Neural Networks (RCNN) with feature extractors such as Inception-
v2, ResNet-50, and ResNet-101, were trained and tested on DeepWeeds dataset [30]. The
Faster RCNN ResNet-101 attained superior performance due to its highest mean aver-
age precision of 87.64% [30]. Therefore, performance optimization was attempted for the
Faster RCNN model in the previous stage and further enhancement has been presented in
this article.

2.4. Methodology of the Enhanced Anchor Box Approach

The comprehensive analysis presented in the first stage of the research provided a
solid ground for investigating the performance of Faster RCNN in more detail. Careful
observation of the detected images of the Chinee apple led to the conclusion that some
of the test images were identified with a high confidence score, but most of them remain
undetected. To cope with this problem, the main architecture of the Faster RCNN has
been thoroughly investigated. The generation of the anchor boxes is one of the main
characteristics of the Faster RCNN model. Therefore, an in-depth analysis of anchor
box scales and aspect ratios has been performed to improve the AP of the Chinee apple.
Furthermore, the AP of all other classes was aimed to be maintained.

2.4.1. Major Novelty of the Original Faster RCNN Model

The weakness of the former version of the Faster RCNN model was its slow speed
due to the use of the selective search (SS) method to generate the region proposals [36]. It
was addressed through the Region Proposal Network (RPN) in the Faster RCNN model.
This version of RCNN takes input images to a feature extractor through a convolutional
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neural network model (CNN). Then, the feature map from the convolutional layer is fed to
the RPN that generates region proposals in the form of a sliding window. Then, a similar
structure comes to its previous model (Fast RCNN), including Region of Interest (ROI)
pooling, a classifier, and a bounding box regressor. The main concept and characteristics of
the original Faster RCNN are summarized as follows:

• A new network named Region Proposal Network (RPN) was introduced that generates
proposals with different scales and aspect ratios.

• In contrast to the Fast RCNN model, the region proposals can be modified according
to the specific application.

• The Faster RCNN model combines the RPN and Fast RCNN model; the same convo-
lutional layers are shared between the parts of the model. Hence, no additional time is
required to generate the proposals.

• The concept of an anchor box was developed, which is a reference box of specific size
and aspect ratio. While training RPN, the training images were passed through the
sliding windows using various anchor boxes. The dimensions of the anchor boxes were
specified in terms of scale size and aspect ratio and placed in the center of the sliding
window. The candidate boxes are then obtained using anchor boxes that operate for
the regression. Hence, the anchor box contributes to identifying and localizing the
objects with varying dimensions/coordinates.

• The generation of the anchor box was one of the key elements behind the success of
the Faster RCNN model. These boxes help solve multiclass classification problems,
detect objects of variable size in the dataset, and identify overlapping objects. These
reference boxes are placed at various points in the image.

2.4.2. Steps to Obtain Enhanced Anchor Boxes

As discussed in the previous subsection, the generation of several anchor boxes plays
a vital role in the detection of target objects. Various aspect ratios and scales together
generate anchor boxes, and these boxes make a sliding window that passes through the
images.

While annotating the training images from the DeepWeeds dataset, it was empirically
observed that the weed classes vary in terms of their bounding box coordinates. Therefore,
an enhancement in the anchor box has been attempted through this research to provide a
better weed detection outcome. This idea led to a range of new experiments with Faster
RCNN to successfully detect and classify all classes of weeds, including the Chinee apple.
A detailed explanation of the enhanced anchor box approach is shown in Figure 2.

Figure 2. An explanation of the enhanced anchor box approach.

The overall flow of this approach is explained as under:

• First, Faster RCNN was trained on the DeepWeeds dataset with the default scale size
and aspect ratio of the anchor boxes according to the original Faster RCNN model. In
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this regard, anchor boxes with 128 × 128, 256 × 256, and 512 × 512 scales combined
with aspect ratios of 1:1, 2:1, 1:2, and only 1:1 were considered.

• Then, an empirical observation was made to observe whether all testing images are
detected or not. In the case of finding undetected images, an enhancement was
attempted in the anchor boxes according to the features/characteristics of the weed
classes.

• Primarily, the anchor boxes were enhanced by adding one scale. If the insertion of
a scale fits the anchor boxes to detect the weed classes, those scales were fixed for
the rest of the analysis. Otherwise, more scales were added to obtain the optimum
combination. The addition of the scales was performed in the form of twice/half of
the previous scale size. For example, the default sizes were 128 × 128, 256 × 256, and
512 × 512; then, a 64 × 64 scale size was inserted. The effects of adding a scale were
evaluated in terms of training loss, mAP, and AP of individual classes.

• If the mAP was improved significantly, again, the remaining testing images were
carefully observed to check whether all classes were detected or not.

• Then, aspect ratios were modified in two further stages. First, aspect ratios with a
small gap, such as a ratio of 1:4 between the default anchor boxes, were added. If the
model produces unsuccessful results, reciprocal aspect ratios were considered. The
detected images with their confidence scores were compared with the results obtained
in the previous step of the analysis.

• In this way, the empirical adjustment of the scale size and aspect ratio contributed to
getting the successful detection of weeds. It was further observed that the proposed
method not only obtained better true positive results, but also reduced the region
proposal network (RPN), classification, and localization errors.

3. Results and Discussion
3.1. Highlights of the First Stage of the Research
3.1.1. Analyzed the Performance of Several DL-Based Object Detectors

First, a comprehensive analysis of various single- and two-stage neural networks
was performed in terms of percentage training loss and mean average precision. The
Faster RCNN architecture achieved the highest mean average precision. It was trained
with various DL backbone/classification models such as Inception-v2, ResNet-50, and
ResNet-101. ResNet-101 was found to be the most suitable model that successfully extracted
distinct features of seven weed classes and a negative class. The mean average precision
was found to be 87.64%, and most of the weed classes were successfully detected, except
for the negative class that achieved the lowest average precision (AP) of 62.35% [30].

3.1.2. Studied the Effects of Image Resizing and Interpolation Techniques

The second step was studying the effects of image resizing techniques on the deep
learning models. Two image resizers were evaluated, including aspect ratio and fixed-
shape resizers. Moreover, image interpolation methods were also used with both resizing
techniques, including bilinear, bicubic, area, and nearest neighbor. The aspect ratio resizer
with the area interpolation method was found to be the most suitable technique. This step
contributed to improving the AP of the negative class to 96.61% and the mAP was also
improved to 91.55%. On the other hand, this step of the work degraded the performance of
the Chinee apple class to 75.78%.

3.1.3. Performance Optimization by Weight Initializers, Batch Normalization, and
DL Optimizers

Finally, the weights of the Faster RCNN model were optimized. This step was divided
into three stages. First, various parameters of weight initialization were investigated.
Truncated normal, scaling variance, and random normal initialization techniques were
used. The truncated normal and scaling variance initializers performed well, and the
random normal initializer did not produce satisfactory results. The most appropriate
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parameters of the truncated normal were found to be 0.01 standard deviation and zero
mean; the parametric values of scaling variance were 1.0 scaling factor with the normal
distribution and considered an average of the input and output weight tensor as the mode
of operation.

Then, two well-known DL optimizers including RMSProp [37] and Adam [38] were
analyzed in the presence and absence of batch normalization to further enhance the per-
formance of the Faster RCNN model. It was found that the RMSProp optimizer (without
batch normalization) attained the highest mAP of 93.44%. It was also observed that all
classes achieved more than 90% AP, except the Chinee apple, which was degraded with an
AP of 68.62%. Therefore, it was concluded that future research should attempt a higher
AP of Chinee apple along with sustaining the AP of all other weed classes. Additionally,
the outcomes of the former stage were validated by a stratified k-fold cross-validation
technique.

Each step of the first phase of the research contributed to an improvement in mean
average precision. A summary of the results obtained through the former stage of the
research is presented in Figure 3.

Figure 3. Highlights of the first step of the research.

3.2. Performance of the Second Phase of the Research: Enhanced Anchor Box Approach

This section presents the effects of the enhanced anchor box approach by using various
combinations of scale size and aspect ratios, on the detection of weed classes and a negative
class. The training performance has been analyzed by the graphical plots. The testing
performance has been shown by the average precision (AP) of each class along with the
mean average precision (mAP) (Table 1) along with the detection outcomes of the weed
classes, to show the effectiveness of the proposed methodology.
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Table 1. Effects of anchor scale sizes and aspect ratios on the average precision of each class.

Anchor Box Scale
Sizes

Anchor Box Aspect
Ratios

Average Precision (%)
mAP
(%)

Training
Time (h)Chinee

Apple Lantana Prickly
Acacia ParkinsoniaParthenium Rubber

vine
Siam
Weed

Snake
Weed Negative

{1282, 2562, 5122} 1078.5849.399.9510099.83 24.5687.8498.1381.2366.39{1:2, 1:1, 2:1}

{1282, 2562, 5122} 1073.6394.923.6298.9499.8498.3338.1160.12 92.8156.111:1

{642, 1282, 2562, 5122} 90.993.2298.7199.7699.8910099.78 90.0968.62{1:2, 1:1, 2:1} 93.44 10

{322, 642, 1282, 2562,
5122}

9.7282.5186.1878.3979.4175.6293.7510085.54 72.1271.60{1:2, 1:1, 2:1}

{162, 322, 642, 1282,
2562, 5122}

9.6183.6785.5079.3886.8372.5594.8810087.38 76.1170.39{1:2, 1:1, 2:1}

{642, 1282, 2562, 5122} 1087.7158.9583.9298.95100100100100 65.9781.65{1:4, 1:2, 1:1, 2:1}

{642, 1282, 2562, 5122} 10.7275.2192.3419.7540.7999.7699.37100100 53.4971.38{1:4, 1:2, 1:1, 1.5:1, 2:1}

{642, 1282, 2562, 5122} 86.0588.2398.9496.1999.7899.7696.02 88.1598.16{1:2, 1:1, 1.5:1, 2:1} 94.58 10.17

{642, 1282, 2562, 5122} 10.2268.5855.5126.3511.8295.6798.91100100 48.0380.94{1:2, 1:1.25, 1:1, 1.5:1, 2:1}

{642, 1282, 2562, 5122} 10.1181.7279.0830.4899.9299.6199.7210092.63 34.4499.64{1:2, 1:1, 1.25:1, 1.5:1, 2:1}

{642, 1282, 2562, 5122} 10.6188.7894.2151.5594.9710097.7468.7999.11 94.1398.58{1:2, 1:1, 1.5:1, 1.75:1, 2:1}

{642, 1282, 2562, 5122} 1080.6164.2172.9237.3697.7210097.797.25 58.4100{1:2, 1:1, 1.75:1, 2:1}

{642, 1282, 2562, 5122} 97.0689.5998.9899.699.8499.596.14 89.9393.57{1:3, 1:1, 3:1} 96.02 10.17

{642, 1282, 2562, 5122} 10.6787.5689.112880.8699.0897.7999.5699.72 95.1698.64{1:4, 1:1, 4:1}

{642, 1282, 2562, 5122} 10.592.7086.8392.5699.5699.8410098.193.8 71.0292.63{1:3, 1:2, 1:1, 1.5:1, 2:1, 3:1}

162: 16 × 16, 322: 32 × 32, 642: 64 × 64, 1282: 128 × 128, 2562: 256 × 256, 5122: 512 × 512.
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3.2.1. Default Anchor Box Scale

During the first phase of the research, the Faster RCNN model was trained with the
default settings. According to this, the model was trained with anchor box scales 64 × 64,
128 × 128, 256 × 256, and 512 × 512 with aspect ratios 1:2, 1:1, and 2:1. For this step of the
research, the effects of various scales and aspect ratios have been analyzed step by step.

The authors of the original Faster RCNN architecture used several combinations of
aspect ratio and scale size explained in [36]. The scale size of 128 × 128, 256 × 256, and
512 × 512 with the aspect ratios of 1:2, 1:1, 2:1, and with only 1:1, attained the highest
mean average precision for that research. Similarly, both default combinations of scales
and aspect ratios were applied for this study. The aspect ratio of 1:2, 1:1, and 2:1 achieved a
better mean average precision, as shown in Table 1. However, the classes including Chinee
apple, Snakeweed, and negative classes did not reach high average precision and were
confused with other classes such as Lantana. A pictorial representation of the anchor box
according to the default settings is presented in Figure 4. It can be observed that the area
of the sliding window is determined by the scale size and aspect ratio. Consequently, in
the case of a modification in scale and ratio, the area of the anchor box will be changed.
Therefore, an important reason for an unsatisfactory result by the default settings is an
unacceptable anchor box dimension that fits the characteristics/bounding box coordinates
of the testing images. Hence, some of the images belonging to the testing dataset could not
be detected. This reduced the mAP of the Faster RCNN model. An example of some of the
classes detected by the default settings is presented in Figure 5.

Figure 4. Anchor box with the default settings.

3.2.2. Enhancement in Anchor Box Scales

Next, smaller scale sizes were added to obtain an enhancement in the anchor boxes.
In this regard, a 64 × 64-sized window was added, and its effects were evaluated. It
was found that the inclusion of the 64 × 64 scale significantly improved the mAP with
a huge margin of 14.86%. From the training plots presented in Figure 6a–d, both region
proposal network (RPN) losses, including localization loss (R_loc_loss) and objectness
loss (R_obj_loss), improved with a small difference of 0.014% and 0.104%, respectively.
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Furthermore, losses including box classifier localization loss (Loc_class) and classification
loss (Class_loss) were also reduced by 0.44% and 0.38%, respectively, compared to those
obtained during training with default scale sizes, as shown in Figure 6e–h. It can be
observed from Figure 6 that the Faster RCNN model did not suffer from overfitting. The
loss plots were converged and settled down to the final value. Additionally, there was no
such abrupt increase in the loss after achieving a steady-state condition. The anchor boxes
after the addition of the 64 × 64 scale are presented in Figure 7. It can be seen that this
modification in the anchor box should be useful for detecting and localizing weeds having
small coordinates.

Then, the performance of the testing dataset was evaluated. The detection results
for the classes including Prickly acacia, Siam weed, Snakeweed, and negatives attained a
higher AP compared to the results obtained by the previous/default anchor boxes as shown
in Table 1. It implies that the images belonging to these classes had coordinate ensembles
on the scale of 64 × 64, resulting in a significantly higher AP. However, only Chinee apple
weed was found to have low AP. There were two reasons for the insufficient results of
the Chinee apple; one was confusion with other classes, including Lantana and Negative,
and the second was that some images could not be detected. Examples of the four truly
detected classes along with a false-positive result for the Chinee apple are presented in
Figure 8.

Later, smaller scale sizes were also used to observe their effects on the Faster RCNN.
For example, 32 × 32 and 16 × 16 scales were added; these anchor box scales achieved a
lower mAP due to a low AP of the classes including Lantana, Prickly acacia, rubber vine,
Siam weed, and Snakeweed (as shown in Table 1). However, the training time was slightly
reduced with small scale sizes as compared to the default anchor box scales, as shown in
Table 1. In summary, due to a substantial improvement in the performance of the Faster
RCNN model after the insertion of the 64 × 64 scale, the scale sizes of 64 × 64, 128 × 128,
256 × 256, and 512 × 512 were fixed for the rest of the analysis.

Figure 5. True-positive and false-positive results using the default scale size and aspect ratio.
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Figure 6. Training loss plots of the Faster RCNN model: (a) RPN localization loss with default
settings; (b) RPN localization loss after adding 64 × 64-scale-size window; (c) RPN objectness loss
with default settings; (d) RPN objectness loss after adding 64 × 64-scale-size window; (e) box classifier
localization loss with default settings; (f) box classifier localization loss after adding 64 × 64-scale-size
window; (g) box classifier classification loss with default settings; (h) box classifier classification loss
after adding 64 × 64-scale-size window.
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Figure 7. Enhanced anchor box after the addition of a 64 × 64 scale (green box).

Figure 8. True positive results of Prickly acacia, Siam weed, Snakeweed, and negative class; False
positive result of Chinee apple after the addition of a 64 × 64 scale.

3.2.3. Effects of Different Aspect Ratios

a. Gradual Enhancement in Aspect Ratios

The next step was to study the effects of the aspect ratio to obtain the optimum anchor
boxes. First, a smaller aspect ratio of 1:4 was added to the default values. These aspect
ratios marginally improved the average precision of the Chinee apple, but few classes,
including Prickly acacia, Snakeweed, and negative, were degraded, as shown in Figure 9a.
This was due to the mismatch of the required anchor boxes with the modified sizes. The
Faster RCNN perceived (with the configurations presented in this step) that the testing
images of Snakeweed and negative belonged to the Lantana. For a similar reason, Prickly
acacia was confused with Parthenium.
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Figure 9. True and false-positive results after addition to default aspect ratios: (a) Results after 1:4
aspect ratio; (b) Results after 1:4 and 1.5:1 aspect ratios.

Then, a larger (than the original 1:1) aspect ratio was added to observe its effects on
the model’s performance. Therefore, an aspect ratio of 1.5:1 was added to 1:4 and default
ratios, but the resulting anchor boxes were found to be not suitable for the classes of Chinee
apple, Siam weed, Prickly acacia, and Snakeweed. The reason was that the addition of
1.5:1 and 1:4 aspect ratios made an anchor box that observed these classes as Lantana and
Parthenium, as presented in Figure 9b. Therefore, it was proved that the simultaneous
addition of a smaller and larger aspect ratio was inappropriate for the detection of weed
classes.

Later, only the inclusion of an aspect ratio of 1.5:1 was examined with the default (1:2,
1:1, and 2:1). It was noticed that an addition of a 1.5:1 aspect ratio was feasible to obtain
better weed detection outcomes. The Chinee apple was detected with a higher average
precision of 98.16% along with a higher mAP. The successful detection results of the Chinee
apple show that its images required all aspect ratios with a difference of 1:2. Moreover,
four weed classes maintained their AP including Parthenium, Parkinsonia, Prickly acacia,
and Siam weed. The other four classes, such as Lantana, Rubber vine, Snakeweed, and
negative, achieved a lower AP. These results were acceptable since mAP was also slightly
improved by 1.14% along with a significant improvement in AP of the Chinee apple. The
resulting anchor boxes are presented in Figure 10.

Furthermore, it was also observed that only the box classifier localization loss (Loc_loss)
improved with a margin of 0.08% compared to the loss that occurred during the previous
stage of the method; the rest of the losses did not show an improvement. This small reduc-
tion in Loc_loss produced a significant improvement in the AP of the Chinee apple class. A
few examples of the successful outcomes of all weed classes are presented in Figure 11.

The anchor box specifications after the addition of the 1.5:1 ratio improved the weed
detection results. It shows that the required anchor box sizes can be obtained by gradual
tuning of the aspect ratio. Furthermore, the correct finding of the anchor box is subjected
to the empirical observations on a gradual change in anchor box scales and aspect ratios.
Hence, certain intervals between anchor box enhancements were considered to identify the
weeds correctly.

Few other combinations of the aspect ratio were also studied. For example, 1:1.25,
1.25:1 and 1.75:1 were added with an aspect ratio of 1.5:1 and default (1:2, 1:1, and 2:1). The
aspect ratios of 1:1.25 and 1:25:1 gave a lower mAP (as shown in Table 1). For reference to
their false-positive results, Figure 12a,b present the detection results. However, an aspect
ratio of 1.75:1 (combined with 1.5:1 and default aspect ratios) was reasonable to detect the
classes of weeds, except for the Parthenium and Snakeweed, which were confused with
Prickly acacia and Chinee apple, respectively, as shown in Figure 12c. Finally, the effects of
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a 1.75:1 aspect ratio with default ratios were studied. The classes including Prickly acacia,
Siam weed, Snakeweed, and negative classes were seen to not detect well (Figure 12d). The
training time with the addition of aspect ratios was marginally increased, as presented in
Table 1.

Figure 10. Resultant anchor box after adding 1.5 aspect ratio (dotted line boxes).

Figure 11. Detection results for all classes after the addition of a 1.5 aspect ratio.
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Figure 12. Detection results after the addition of various aspect ratios to the default ratios: (a) presents
false positives with aspect ratios of 1:1.25 and 1.5:1; (b) presents false positives with aspect ratios of
1.25: 1 and 1.5:1; (c) presents true and false positives with aspect ratios of 1.5:1 and 1.75:1; (d) presents
false positives with an aspect ratio of 1.75:1.

b. Reciprocal Enhancement in Aspect Ratios

After the addition of a 1.5:1 aspect ratio, the AP of the Chinee apple improved sig-
nificantly. However, the “Negative” class was marginally degraded. From a practical
perspective, the non-weed/negative class should also be detected and localized accurately.
It is very useful for a site-specific weed management system when there is always a need
for discrimination between a weed and a non-weed class to apply the herbicide spray
precisely. Moreover, one of the main objectives of this research was to maintain the high
AP of all classes. Therefore, an attempt was made to improve the AP of the negative class.
In this regard, the anchor boxes were enhanced by reciprocal aspect ratios.

First, the effects of the aspect ratio of 1:3 and 3:1 (Figure 13) on the enhanced anchor
scales were studied. Most training losses were reduced, including box classifier classifica-
tion and localization losses, and RPN objectness loss with a margin of approximately 0.12%,
0.11%, and 0.02%, respectively, compared to the loss obtained with a gradual addition in
an aspect ratio of 1.5:1, as shown in Figure 14. The training plots show that the model
did not suffer from commonly occurring problems such as overfitting, as the loss value
reached its steady point and there was no sudden change after obtaining the convergence.
These training results were also validated by the testing outcomes; the negative class
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achieved a significantly higher AP of 97.06% along with maintaining the AP of the classes
that included Parthenium, Parkinsonia, Rubber vine, and Siam weed. The Chinee apple
again attained a high AP of 93.57%. Few classes including Lantana, Prickly acacia, and
Snakeweed were degraded with a bearable margin of 1–4% average precision as shown
in Table 1. However, the mAP also improved to 96.02%, which was 2.58% better than the
results achieved in the previous stage of the research. A few examples of all detected classes
are represented in Figure 15. Furthermore, few other reciprocal combinations of aspect
ratios were tested, which did not provide any significant improvements. Only ratios of 1:4
and 4:1 attained considerable outcomes, but Snakeweed was detected with only 28% AP as
shown in Table 1. Finally, an anchor box with a combination of the two best results was
also generated, considering the aspect ratios 1:3, 1.5:1, and 3:1, with the default ratios of 1:2,
1:1, and 2:1. The results of all weed classes with these aspect ratios were satisfactory except
for prickly acacia. Therefore, the aspect ratios of 1:3 and 3:1 were found the most optimum
solution to detect all the weed classes and a negative class.

Figure 13. Enhanced anchor box after aspect ratios of 1:3 and 3:1.

The proposed anchor box method for the Faster RCNN model significantly im-
proved the detection of weed classes, specially the Chinee apple, which was undetected/
unsuccessful in the previous stage of the research. In terms of computation time, the
Faster RCNN model with the default anchors required a slightly lower detection time of
around 0.829 s/image compared to the final settings (with 64 × 64 scale size and 1:3, 3:1
aspect ratio) taking 0.840 s/image. However, it should be noticed that the modified Faster
RCNN needed 12 anchor boxes compared to 9 anchor boxes with the default scale size
and aspect ratio. Therefore, a small difference in the detection time after increasing some
anchor boxes does not show any negative aspect of the proposed approach. The overall
significance of the proposed method has been shown in Table 2, which compares the mean
average precision with the latest DL models. It can be observed that the Faster RCNN
ResNet-101 model attained the highest mAP as compared to all other DL architectures.
Furthermore, it can also be seen that the performance of the model was improved by 5.8%
mAP through the optimized version of the model as presented in the previous phase of the
research [30]. However, the performance of the model has been further enhanced by the
proposed approach in this article (enhanced anchor box approach) with a margin of 2.58%
mAP. So, the overall improvement in the model’s outcome was 8.38% in mAP as compared
to the default settings, which shows the contribution of this research.
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Figure 14. Training plots after adding different aspect ratios to the default: (a) presents the RPN
localization loss with 1.5:1; (b) presents the RPN localization loss with 1:3 and 3:1; (c) presents the
RPN objectness loss with 1.5:1; (d) presents the RPN objectness loss with 1:3 and 3:1; (e) presents the
box classifier localization loss with 1.5:1; (f) presents the box classifier localization loss with 1:3 and
3:1; (g) presents the box classifier classification with 1.5:1; (h) presents the box classifier classification
loss with 1:3 and 3:1.
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Figure 15. True-positive results with aspect ratios 1:3 and 3:1.

Table 2. Performance of the proposed method compared to different DL architectures.

Mean Average Precision (%)DL Models with Respective Feature Extractors

79.68YOLO-v4 CSPDarknet-53

48.12SSD Inception-v2

34.99SSD MobileNet

21.69SSD ResNet-50 (RetinaNet)

EfficientDet
EfficientNet 36.59

CenterNet
ResNet-50 27.36

RFCN
ResNet-101 55.06

73.59Faster RCNN Inception-v2

87.23Faster RCNN ResNet-50

87.64Faster RCNN ResNet-101

93.44Faster RCNN ResNet-101 (optimized model)

Faster RCNN ResNet-101 (optimized
model + enhanced anchor box approach) 96.02

3.2.4. Validation of the Approach

Similar to the first stage of research [30], the effectiveness of this phase of the work
has also been validated using a stratified five-fold cross-validation method. The final mAP
obtained through the enhanced anchor box was validated in four other folds of the dataset
(presented in our repository https://github.com/kmarif/DL-Weed-Identification, accessed
on 20 May 2022). The presented analysis was performed in the first fold (fold1). A slight
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difference in the mAP was obtained with the margin of 0.07 to 0.38% and achieved 95.95%,
96.19, 96.40%, and 95.80% by fold2, fold3, fold4, and fold5, respectively. Furthermore, the
difference in AP of the Chinee apple was also not significant in all folds, with 94.27, 92.66,
92.34, and 94.95% of AP with the final enhanced anchor boxes.

To further show the robustness of the proposed research, a small external testing
dataset has been generated by random google search and tested using the weights obtained
by the final proposed model. The mAP is 95.83% with each class attaining AP > 90%.
Figure 16 shows a sample of each detected weed and a non-weed class.

Figure 16. A sample of each class by externally generated dataset.

4. Conclusions

The architectural details of the Faster RCNN model provided a solid motivation to
propose an enhanced anchor box approach to successfully identify and localize weeds.
The effects of various anchor box scale sizes and aspect ratios on the training and testing
performance of the model have been presented. The addition of a 64 × 64 scale size and
replacement of the default aspect ratio with 1:3 and 3:1 attained the optimum results. A
significant improvement of 24.95% in the average precision of the Chinee apple weed was
achieved that was not successfully detected in the previous stage of the study. Furthermore,
the mean average precision was 2.58% better compared to the first step of the research.
In addition to that, the AP of the remaining weed classes was also maintained, which
proved the effectiveness of the method. Moreover, the AP of the negative class was also
improved by 6.16%. Furthermore, the successful detection results were obtained without
compromising the detection time, which shows the practicality of the work. Moreover, the
robustness of the work has been presented by the stratified k-fold cross-validation method
and external testing dataset with a small difference of 0.38% and 0.19% in mAP, respectively.
This study has provided another way to visualize and analyze deep learning-based object
detectors for further development in agricultural tasks.

Although the proposed methodology has been validated by two techniques, a similar
approach should also be tested on other weed classes/datasets. In the future, segmentation-
based DL models can be explored to perform pixel-wise detection of weeds. Moreover,
the proposed methodology for anchor box enhancement has the potential to be applied
to other relevant datasets. The final weights of the proposed model could be reused for
real-time weed detection in field trials using a portable system. It would be beneficial for
the precise application of herbicide sprays on weeds.
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ABSTRACT Deep learning-based plant disease detection has gained significant attention from the scientific
community. However, various aspects of real horticultural conditions have not yet been explored. For
example, the disease should be considered not only on leaves, but also on other parts of plants, including
stems, canes, and fruits. Furthermore, the detection of multiple diseases in a single plant organ at a time
has not been performed. Similarly, plant disease has not been identified in various crops in the complex
horticultural environment with the same optimized/modified model. To address these research gaps, this
research presents a dataset namedNZDLPlantDisease-v1, consisting of diseases in five of themost important
horticultural crops in New Zealand: kiwifruit, apple, pear, avocado, and grapevine. An optimized version of
the best obtained deep learning (DL) model named region-based fully convolutional network (RFCN) has
been proposed to detect plant disease using the newly generated dataset. After finding the most suitable
DL model, the data augmentation techniques were successively evaluated. Subsequently, the effects of
image resizers with interpolators, weight initializers, batch normalization, and DL optimizers were studied.
Finally, performancewas enhanced by empirical observation of position-sensitive scoremaps and anchor box
specifications. Furthermore, the robustness/practicality of the proposed approach was demonstrated using
a stratified k-fold cross-validation technique and testing on an external dataset. The final mean average
precision of the RFCN model was found to be 93.80%, which was 19.33% better than the default settings.
Therefore, this research could be a benchmark step for any follow-up research on automatic control of disease
in several plant species.

INDEX TERMS Convolutional neural networks, deep learning, optimization algorithms, cross-validation,
plant disease detection.

I. INTRODUCTION
According to the latest fresh facts report by a New Zealand
(NZ) research and development organization named Plant
and Food Research, the horticultural industry achieved a
record export of over NZ$6.6 billion by June 2020 [1].
The most prominent fresh fruits were kiwifruit, apples, and
avocadoes with an export value of NZ$2.5, NZ$0.9, and
NZ$0.1 billion, respectively, followed by the New Zealand

The associate editor coordinating the review of this manuscript and

approving it for publication was Turgay Celik .

wine at NZ$1.9 billion [1]. Furthermore, the largest crop
area of 39,935 ha has been estimated for grapevines, whereas
12,905 ha of kiwifruit and 10,750 ha of apples, pears, and
nashi have been reported. Based on these statistics, horti-
cultural crops generate a great impact on New Zealand’s
economy. Hence, addressing the problems associated with
horticultural crops could further strengthen the export value
of the horticultural sector.

Among several real field problems, plant diseases affect
crop yield, and quality [2], and cause economic losses [3].
The precise detection of the disease is an important step
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in reducing its spread to neighboring plants, application of
appropriate disease control treatments, and improving crop
productivity. In this regard, this research is dedicated to the
accurate identification of plant diseases by deep learning
(DL) in the most valuable crops of NZ, including kiwifruit,
apple, pear, avocado, and grapevine. Furthermore, several
research gaps related to the dataset, real horticultural condi-
tions, and deep learning-based plant disease recognition have
been addressed in this study.

Deep learning, a subset of machine learning, has been
reported in literature as a successful technique in recognizing
plant diseases. A recent review summarized and compared
various pre-processing steps (image resizing, data augmen-
tation, normalization and standardization, data annotation,
and others), datasets, convolutional neural networks, train-
ing techniques, deep learning frameworks, and optimization
algorithms [4]. Another review article presented variousmod-
ified DL models, plant disease detection tasks, problems, and
challenges of DL-based plant disease classification [5]. For
instance, the significance of the recent solutions for the small
datasets was presented, such as transfer learning, few-shot
learning, and one-shot learning. Furthermore, the early plant
detection problem was explained with the use of hyperspec-
tral imaging (HSI).

In the early stages of research in DL-based plant disease
identification, the major focus remained on the classification
tasks. For example, [6] did the early work in the domain
of DL-based recognition and classification of plant disease
by using two well-known DL models, namely AlexNet and
GoogLeNet. Similarly, the task of the classification of plant
diseases was presented in various articles by transfer learning
and fine-tuning methods [7], [8]. These articles showed the
importance of using the latest training techniques.

In the next stage, research community focused on the
dataset size, particularly small datasets, as it played a sig-
nificant role in the performance of the DL models. A novel
data augmentation technique to classify disease in cassava
leaves, tested on a modifiedMobileNet model, was presented
in [9]. Another research [10] presented a generative adversar-
ial network (GAN) for classifying the disease in PlantVillage
dataset [11], which contains 38 classes of healthy/disease
leaves for 14 plant species. Yet another article discussed
a GAN-based model to classify tomato leave disease [12].
These articles formed a basis for data augmentation in plant
disease detection. However, they only studied the perfor-
mance of the DL models on single datasets leaving questions
around their performance with other datasets containing dis-
ease in different crops.

Modification of well-known DL models is another area
of research that has seen continuous focus for a long time.
A modified CenterNet model with DenseNet-77 was pro-
posed by [13] to identify plant disease while aMobileNet was
modified for the classification of plant disease by [14].

A research showing the effectiveness of deep learning
optimizers was presented in [15]. Then, a study was focused
on the plant disease identification task that contains both

classification and localization in a single framework, using
the same PlantVillage dataset [16]. Although, this research
presented an improvement in the accuracy of plant disease
detection and classification tasks, the major limitation was
the analysis of the deep learning technology in a controlled
environment dataset.

Some of the studies also focused on datasets collected
in a real agricultural environment. For example, an arti-
cle presented tomato disease detection in real agricultural
conditions, using three DL object detectors named Faster
Region-based Convolutional Neural Network (RCNN),
Single-shot MultiBox Detector (SSD), and Region-based
Fully Convolutional Network (RFCN) [17]. Various real-
world scenarios were considered. However, the external
dataset could also be tested to validate the research. A study
presented a Convolutional Neural Network (CNN) named
SoyNet, to classify the disease in soybean leaves after seg-
menting the images of leaves [18]. This study presented
variations in the parameters of the DLmodel, such as dropout,
pooling operations, and inclusion of activation functions.
These adjustments were found to be successful in improving
the performance of the model. Moreover, the usefulness of
the proposed method was compared with other techniques.
An article presented the classification of cardamom plant
diseases using the EfficientNet-V2 model [19]. This study
did not provide training profiles/plots. A multilayer con-
volutional neural network was presented for the classifica-
tion of disease on mango leaves [20]. Although this article
presented the significance of the DL model compared with
other machine learning-based techniques, better effectiveness
should have been shown by comparing it with the DL mod-
els as well. In recent research, an improved version of the
Xception model was proposed for the identification of peach
diseases [21]. The novelty of this work was shown by com-
paring the proposed method with the well-known models.
However, other modified versions of the state-of-the-art DL
models could be used for the analysis. Tomato disease were
detected using a modified version of the you look only once
(YOLO) model [22]. It was observed that the training perfor-
mance of the models was presented with limited information.
Another study presented a DL-based method for the detection
of tomato disease divided into target and control classes [23].
This research proposed a new way of performing plant dis-
ease detection task that can open various opportunities for
future research. An improved region proposal network was
proposed for the detection of northern maize leaf blight [24].
A few studies have also proposed real-time detection of plant
disease. A DL model was presented for the identification of
tomato disease [25]. Similarly, disease detection on grape
leaves was performed using a DL architecture based on Faster
region-based convolutional neural network (R-CNN) [26].

After rapid advancement and research on deep learning-
based plant disease identification, there are still important
research gaps and considerable room for further develop-
ments to investigate the practical aspects of horticultural
fields. The current literature has mainly focused on the plant
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disease detection task to only plant leaves. Moreover, the
available datasets emphasize on the presence of a single
disease at a time in a plant leaf. Furthermore, recent studies
have shown high accuracy in the PlantVillage dataset (which
contains defective leaves in 14 plant species) [16], but none
of the articles have provided the significance of a single deep
learning model for different crops in real agricultural condi-
tions. This is important to consider, as each crop could have
different background elements. Therefore, the robustness of
the DL should be analyzed for that case.

This research addresses several research questions related
to the capability of DL to address various complex agri-
cultural problems. The first question is whether deep learn-
ing can perform plant disease detection with the same
trained/optimized/modified model for three problems at a
time: (a) identification of diseases in several organs of plants,
(b) presence of multiple diseases in a plant organ, and
(c) recognition of diseases in various crops considering vari-
ations in their environments/background elements? Connect-
ing to the previous question, can a DL architecture correctly
distinguish symptomatically identical diseases in different
crops? The final question is how well can the attained accu-
racy of the DL-based method be validated for the problems
highlighted earlier?

To answer these questions, this article presents a deep
learning-based performance optimization approach. First, the
dataset images were collected from various New Zealand
farms and horticultural fields. It contains 20 classes of healthy
and defective leaves, fruits, and stems/canes of five differ-
ent crops. Then, various image resizing techniques, batch
normalization, and weight optimization were applied. These
techniques have not yet been explored for the detection of
plant disease. Furthermore, the main novelty of the RFCN
model (the most suitable DL architecture obtained after com-
paring several models) was analyzed. In this regard, the
position-sensitive scoremapswere empirically evaluated, and
anchor boxes were modified, to obtain high accuracy for the
identification of all healthy and disease classes.

This research also addresses some of the research gaps
outlined in recent articles, such as the validity of deep-
learning-based plant disease identification. Moreover, the
data augmentation has been applied after dividing the data
into training, validation, and testing sub-datasets, to avoid
biased results; otherwise, there was a possibility to get simi-
lar images in the sub-datasets. Furthermore, this study pro-
vided new insights into DL-based plant disease detection,
rather than giving redundant discussions using the exces-
sively explored dataset like PlantVillage [27].

The key contributions of this research are:
1) A new dataset of plant diseases has been proposed for

the most important horticultural crops in New Zealand,
named NZDLPlantDisease-v1.

2) Detection of disease has been performed in multiple
plant organs for five different crops.

3) The presence and detection of multiple diseases on a
single plant organ have been addressed.

4) The effects of data augmentation techniques have been
studied by dividing them into various categories rather
than considering all conventional methods together.

5) A comprehensive deep learning-based plant disease
detection pipeline has been presented. In this regard,
various steps have been explored prior to suggesting
any modification to the state-of-the-art DL models.

6) The confusion/false positive results in symptomati-
cally similar diseases (occurring in different crops)
have been addressed. An in-depth analysis of the
best-obtained DL model named region-based fully
convolution network (RFCN) has been performed by
position-sensitive score maps and anchor boxes.

7) The proposed approach has been validated using a strat-
ified k-fold cross-validation technique and an external
testing dataset.

II. MATERIALS AND METHODS
A. PROPOSED APPROACH
The proposed methodology consists of various practical con-
siderations related to the presence of plant diseases in a real
horticultural environment. A comprehensive deep learning-
based optimization approach has been proposed. The pre-
sented methodology has successfully solved three identified
agricultural problems, including the detection of disease in
multiple plant organs, the identification of disease in different
crops, and the presence of multiple diseases in a plant organ
at a time. These problems have been solved by different tech-
niques presented in sub-sections. The idea was to improve the
average precision of each class. The results from each of the
stepwere evaluated, the respective problemswere highlighted
and addressed in the next step.

First, the research questions were outlined to begin collect-
ing images of the dataset. Next, well-known DL architectures
were compared, and the two best deep learning (DL) models
were obtained, which attained the highest mean average pre-
cision. Then, the data augmentation techniques were applied
category-wise, including color change (brightness, contrast,
and sharpness), the inclusion of noise with variation in color,
rotational and translational changes, and finally, the combi-
nation of all categories, including the original images. The
next step was the performance optimization of the DL model
using various techniques. In this regard, the effects of image
resizers and interpolators were analyzed. This step was per-
formed to investigate different input images for the DL-based
plant disease detection. Then, different DL initializers were
tested. Subsequently, batch normalization was applied to
cope with the internal covariate shift. Then, DL optimizers
were leveraged to optimize the weights of the deep learning
model. This led to a further improvement in the performance
of classes that achieved low average precision (AP). This
objective was achieved by empirically analyzing the novelty
of the best-obtained model. The final step was the modi-
fication of the DL model by empirically tuning its anchor
box scale and aspect ratios. In case of unsatisfactory results,
the feature extractor/classification model had to be modified.
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FIGURE 1. The overall workflow of the proposed methodology.

The final results were validated using a stratified k-fold cross-
validation technique and a test dataset generated through
various online/open-source images. The overall methodology
of this study is presented in Fig. 1

B. NZDLPLANTDISEASE-V1 DATASET
1) OVERVIEW AND GENERAL INFORMATION OF THE
PROPOSED DATASET
The proposed dataset has several properties of real agri-
cultural fields that have not been presented in previous
open-source datasets. A comprehensive overview of several
datasets along with the new/proposed dataset for this research
is presented in Table 1. Further details of the important fea-
tures of the presented dataset are explained in the following
subsections.

This dataset contains plant disease in five different crops in
New Zealand, including kiwifruit, apple, pear, avocado, and
grapevine, named NZDLPlantDisease-v1. The images were
acquired by using a Samsung smartphone Galaxy S10 plus:
12 MP f/1.5-2.4 (wide), 12 MP f/2.4 (telephoto), and 16 MP,
f/2.2 (ultrawide). Several local horticultural fields were vis-
ited in Auckland and Palmerston North, New Zealand. The
images were taken at a working distance of 200-300 mm.

2) PRACTICAL CONSIDERATIONS
The dataset was collected between December 2020 and
May 2021. The abrupt change in New Zealand’s weather was
considered a positive aspect of the dataset generation because

it helped obtain diversity in the dataset via variations in illu-
mination and environmental conditions. Furthermore, dataset
images were captured in the presence and absence of shadows
to include real horticultural conditions. Several examples of
these practical considerations are shown in Fig. 2.

FIGURE 2. Examples of healthy and defected leaves of kiwifruit and
apple in the presence and absence of shadow.

3) MULTI-DISEASE AND MULTI-ORGAN DATASET IMAGES
One of the research gaps addressed in this article is the
detection of the disease in various organs/parts of the plants.
Therefore, healthy and disease classes are considered in the
leaves, stems, and fruits of apple and pear. However, the
dataset classes for avocado and kiwifruit only consist of
leaves. The images for the grapevine were only taken for
healthy and disease cane, due to the end of the season of the
grapevines at the time of dataset collection. In this research,
the presence of multiple classes of disease in plant organs has
also been addressed. For example, black spot, mosaic virus,
and glomerella leaf spot (or two of them) were present in
some of the apple leaves at one time. Similarly, algal leaf spot
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TABLE 1. Overview of different plant disease datasets.

and branch canker were present on avocado leaves at the same
time. Samples of multiple disease problems are presented
in Fig. 3.

FIGURE 3. Examples of multiple disease problems: (a) shows the apple
mosaic virus and the glomerella leaf spot; (b) shows the apple mosaic
virus and the black spot; (c) shows the avocado algal leaf spot and the
branch canker.

4) ANNOTATIONS OF HEALTHY AND DISEASE CLASSES
The number of images from each class ranged from 60 to 318,
as presented in Table 2. The NZDLPlantDisease-v1 dataset

TABLE 2. Summary of NZDLPlantDisease-v1 dataset.

was divided into three sub-datasets: training (70%), vali-
dation (20%), and testing (10%). The dataset images were
annotated by using an open-source tool called LabelImg.
The bounding box coordinates were stored in XML format,
converted into CSV, and finally, to the TF records [16]. The
common/scientific names of each class along with the num-
ber of images (without augmentation) are shown in Table 2.
An example of each annotated healthy and disease class is
presented in Fig. 4.

5) DATA AUGMENTATION TECHNIQUES
When collecting the images for the dataset, some of them
were taken in a group; cropping of those images increased the
size of the dataset. Furthermore, several data augmentation
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FIGURE 4. Annotated sample of each healthy and disease classes from
the NZDLPlantDisease-v1 dataset: (a) Apple black rot, (b) Apple black
spot (scab), (c) Apple European canker, (d) Apple glomerella leaf spot,
(e) Apple healthy (fruit), (f) Apple healthy (leaf), (g) Apple mosaic virus,
(h) Avocado algal leaf spot, (i) Avocado branch canker, (j) Avocado
healthy, (k) Grapevine black spot, (l) Grapevine healthy, (m) Kiwifruit
bacterial canker, (n) Kiwifruit healthy, (o) Pear canker, (p) Pear fire blight,
(q) Pear healthy (fruit), (r) Pear healthy (leaf), (s) Pear scab, (t) Pear
stony pit.

techniques were applied, such as a 30% increase and decrease
in brightness, contrast, and sharpness [25]. Moreover, two
noises are injected into the training images to study their
effects and increase the variability in the dataset. In this
regard, Gaussian and Laplacian noise were added by using
the online available software named XnViewMP. The random
intensity of 2.0 and 10.0 at a maximum scale of 10.0 and
50.0 was set, respectively. In addition, rotational/translational
changes were also considered, including 90◦, -90◦, 180◦,
horizontal, and vertical changes. An example of augmented
images for a kiwifruit bacterial canker is shown in Fig. 5.

The data augmentation techniques are grouped into five
categories to thoroughly understand their effects on the per-
formance of the DL model. These categories are only orig-
inal (OO), original and change in translation/rotation (OT),
original and color change (OC) (brightness, contrast, and
sharpness), original with an injection of noise (Gaussian
and Laplacian) and color change simultaneously (OCN), and
finally a combination of all (OTCN).

C. DEEP LEARNING FRAMEWORK, HARDWARE
SPECIFICATIONS, AND PERFORMANCE METRICS
All experiments are performed using the TensorFlow object-
detection API. The DL models are trained using the transfer

FIGURE 5. Samples of kiwifruit bacterial canker with/without data
augmentation methods: (a) original, (b) 90◦, (c) -90◦, (d) 180◦, (e) horizo-
ntal, (f) vertical, (g) high brightness, (h) brightness low, (i) contrast high,
(j) low contrast, (k) sharpness high, (l) sharpness low, (m) Gaussian noise,
(n) Laplacian noise.

learning technique with pre-trained weights on the COCO
dataset. An NVIDIA GeForce GTX 1080 Ti graphics pro-
cessing unit (GPU) is used with the following specifications:
11 GB memory, 1582 MHz boost clock, 3584 CUDA cores,
and 484 GB/s memory bandwidth. The CuDNN library is
imported to accelerate training.

The performance of theDLmodels is evaluated through the
training and validation profiles in terms of various classifica-
tion and localization losses. This helped to gain insight into
the models by box classifier loss, region proposal network
(RPN) loss, and total loss. Furthermore, the testing perfor-
mance is presented using the mean average precision (mAP),
which is a commonly used performance metric for object
detection tasks [16].

D. DEEP LEARNING MODELS
Numerous well-known DL meta-architectures have been
trained, tested, and compared on the generated dataset. These
models include the Single Shot Multibox Detector (SSD)
[33], Faster Region-based Convolutional Neural Network
(RCNN) [34], Region-based Fully Convolutional Network
(RFCN) [35], RetinaNet [36], and EfficientDet [37].

The complexity of the DL models is presented by training
and detection time, architectural differences, and the number
of parameters, as shown in Table 3.

E. ARCHITECTURAL OPTIMIZATION OF THE RFCN MODEL
1) FUNDAMENTALS OF RFCN
Following the proposed methodology, the RFCN is selected
as the best DL model for the detection of plant dis-
eases. The main idea of this DL model is to address the
ambiguity between translational invariance (identifying a
particular object at different pixel values) and translational
variance (identifying the exact location of the object) using
position-sensitive score maps. An RFCN is a two-stage
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TABLE 3. Comparison of architectural features, number of parameters and training specification of DL architectures

DL architecture. First, the input image is applied to the fea-
ture extraction layer using a convolutional neural network
(CNN) to generate feature maps. These maps are applied
to a convolutional layer to generate region-of-interest (ROI)
proposals. In the former DLmodel named Faster RCNN, ROI
proposals were used to extract the feature region in the feature
map and to extract features to differentiate a particular class.
However, in the RFCN, another convolutional layer is used
to generate position-sensitive score maps. This map splits
the ROI into k × k bins, where each bin is used to vote for
the class to which the object belongs. Therefore, the main
idea was to consider the characteristics of an object divided
into a region k × k instead of as a whole. Both the RFCN
and Faster R-CNN models have the same extraction of ROI
proposals, but technical and computational differences arise
in the application of a fully connected layer (FC) in each ROI
proposal for Faster RCNN. In contrast, the RFCN generates
only the proposed score maps, and the ROI is only used to
vote for the regions in the score maps. Hence, the overall
training and testing times of the RFCN network are much
reduced than those of the Faster RCNN model [35]. This
difference can also be observed in Fig. 6.

For w x h rectangular ROI, each bin is of size w
k x

h
k . The x

and y coordinates for (i,j)th bin for one of the slices of anchor

FIGURE 6. Architectural details of RFCN and faster RCNN models.

box bin are obtained by the following formula.

[i
w
k
] ≤ x < (i+ 1)

w
k
] and [j

h
k
] ≤ y < (j+ 1)

h
k
] (6)

Then, the pooled response rc(i, j) on (i, j) bin for class c
is equal to the sum of all the pixels within that bin coming
from the position sensitive score maps. This sum is divided
by number of pixels (n) as the layer before the softmax
function is the average pooling layer. Finally, we take a vote
by averaging them out or taking the maximum and get the
position sensitive scores that lead to the softmax to predict
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the class

rc(i, j|θ ) =
∑

(x,y)εbin(i,j)
zi,j,c(x+ x0, y+ y0|)/n (7)

rc(θ ) =
∑
i,j

rc(i, j|θ) (8)

where θ presents all learnable parameters, zi,j,c is the one
score map out of k2(C+1) score maps, and (x0,yo) is the top
left corner of the ROI.

2) EMPIRICAL OBSERVATIONS ON THE POSITION-SENSITIVE
SCORE MAPS
The default architectural settings of the RFCN attained sat-
isfactory outcomes for most of the plant disease classes.
However, the pear scab could not be detected, showed false-
positive identification. It was confused with the apple black
spot. This was due to the similarity in the symptoms of both
diseases. These results motivated us to empirically investigate
the main novelty of the RFCN model. In this regard, the
spatial bin width and height for position-sensitive score maps
are tuned/analyzed for this research. The main purpose of this
step is to improve the average precision (AP) of the pear scab
and maintain the high AP of other classes.

3) PERFORMANCE ENHANCEMENT THROUGH MODIFIED
ANCHOR BOXES
The final step is the improvement of classes that achieved
low AP (less than 80%). These classes include apple black
rot, apple black spot, apple European canker, and pear
healthy (leaves) classes. In this regard, this study explored
the enhancement of anchor boxes in two steps: adjustment of
scale sizes and aspect ratios. Here, the scale size is gradually
modified, whereas the aspect ratios are reduced/enhanced in
both a step-by-step (1:2, 1:3, 1:4, and so on) and reciprocal
fashion (1:2, 2:1; 1:3, 3:1; etc.). The final output attained a
high AP for all healthy and diseased classes. The following
steps are taken to obtain a modified or enhanced version of
the anchor boxes.
• First, the RFCN model is trained by the default specifi-
cations of the scale size and aspect ratio. Therefore, the
scale width and height of 256 x 256 of combinations like
1:4, 1:2, 1:1, 2:1 with aspect ratio of 1:2, 1:1, 2:1 and 1:1
are considered.

• Afterward, smaller/larger scale sizes are added to
the default to understand their effects on model
performance.

• After obtaining the best combination of anchor box
scales, the aspect ratios are added and enhanced to obtain
further refinement in the detection of plant diseases.
From the default aspect ratios, the reciprocal ratios such
as 1:3, 3:1, and 1:4, 4:1 are applied.

• Subsequently, an empirical adjustment of the aspect
ratio is performed, and a gradual reduction/enhancement
of the aspect ratio is proposed to improve the AP of
several classes. The combined effect of reciprocal and
gradual changes in the aspect ratio is also studied.

• Finally, the training, validation profiles and testing out-
comes are compared between the proposed modifica-
tions and the default settings.

F. IMAGE RESIZERS AND INTERPOLATORS
After obtaining the best combination of the data augmenta-
tion technique and DL architecture, the effects of image resiz-
ers on the model performance are studied. Aspect ratio and
fixed shape resizers are used along with four types of image
interpolators: bilinear, bicubic, area, and nearest neighbor.

G. WEIGHTS INITIALIZERS
Three weight initialization techniques are compared to opti-
mize the performance of the best-suited DL architecture.
By default, a truncated normal is used to remove dead neurons
caused by the ReLU. Then, variance scaling is applied, which
is beneficial to balance the variance of the output with the
input layers [40]. The last initializer is a random normal ini-
tializer used to create tensors through a normal distribution.

H. BATCH NORMALIZATION
To accelerate training speed, batch normalization (BN) is
used in this research. This technique solves the problem of
internal covariate shift due to the variation in the input of the
distribution of the neural network with the variation in the
parameters of the previous layer [41].

The mini batch mean (µφ) for a mini-batch (φ), mini-batch
variance (σ 2

φ ) and normalize (affine transform) are evaluated
for each row of input matrix (xi) by:

µφ ←
1
N

∑N

i=1
xi (9)

σ 2
φ ←

1
N

∑N

i=1
(xi − µφ)2 (10)

x̂i ←
xi − µφ√
σ 2
φ + ε

(11)

where N is the number of instances in mini batch, ε is added
for the numerical stability.

There is a zero mean and variance for each component of xi
though the hidden units should have different distributions.
Therefore, the normalization scheme learns the distribution
by scaling the normalized values through scaling (γ ) and
shifting (β) parameters and evaluated the output of the batch
normalization as follows:

yi← γ.x̂i + β ≡ BNγ,β (xi) (12)

I. DEEP LEARNING OPTIMIZERS AND SELECTION OF
HYPERPARAMETERS
In this study, three DL optimizers are used. Stochastic gradi-
ent descent (SGD)withmomentum [42] is applied as a default
optimization algorithm, later, root mean square propagation
(RMSProp) [43] and adaptive moment estimation (Adam)
Adam [44] are used to optimize the weights. A brief overview
of the DL optimizers is given as follows:
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1) SGD WITH MOMENTUM
The stochastic gradient descent (SGD) is the most com-
monly used optimization algorithm for neural networks. The
momentum version of the SGD has a great capability of faster
convergence compared to the original SGD optimizer. The
exponentially weighted averages (Vdw and Vdb) are used
to evaluate the gradient and use the gradient to update the
weights (W ) and biases (b). The algorithm uses the following
equations:

Vdwt = β∗Vdwt−1 + (1− β) ∗ dwt (13)

Vdbt = β ∗ Vdbt−1 + (1− β) ∗ dbt (14)

Wt = Wt−1 − lr ∗ Vdwt (15)

bt = bt−1 − lr ∗ Vdbt (16)

where, β, lr, dw, and db present momentum, learning rate,
gradients of the weights, and biases, respectively.

2) RMSProp
This DL optimizer allows to select a large learning rate.
It works on the idea of using the moving average of the
squared gradient and dividing the gradient by square root the
mean square, using the following equations:

Vdwt = β ∗ Vdwt−1 + (1− β) ∗ dw2
t (17)

Vdbt = β ∗ Vdbt−1 + (1− β) ∗ db2t (18)

Wt =Wt−1 − lr ∗
dwt

√
Vdwt + ε

(19)

bt = bt−1−lr∗
dbt

√
Vdbt + ε

(20)

where, ε is used for the numerical stability in the denominator.

3) ADAM
The Adam optimizer is a combination of RMSProp and
SGD with momentum optimizers. Like RMSProp, Adam
takes squared gradients to scale the learning rate and uses
moving average of the gradients similar to the SGD with
momentum. As it has an adaptive learning rate, it calculates
separate learning rates for each parameter. Adam contains
estimations of first (mean) and second moments (uncentered
variance) of gradient that are used to adapt the learning rate
for each weight of the DL model/neural network. Whereas
the moment is considered as the expected value of a variable
to the power of n. The first (mdw, mdb) and second moment
(vdw, vdb) estimates are evaluated by equations (21)-(24).

mdwt = β1 ∗mdwt−1 + (1− β1) ∗dwt (21)

mdbt = β1 ∗mdbt−1 + (1− β1) ∗dbt (22)

vdwt = β2 ∗ vdwt−1 + (1− β2) ∗dw2
t (23)

vdbt = β2 ∗ vdbt−1 + (1− β2) ∗db2t (24)

The bias-corrected first (mdŵ mdb̂) and second (vdŵ, vdb̂)
moment estimates are evaluated by equations (20)-(23).

mdŵ t = mdwt/(1−β t1) (25)

mdb̂ t = mdbt/(1−β t1) (26)

vdŵ t = vdwt/(1−β t2) (27)

vdb̂ t = vdbt/(1−β t2) (28)

Then, the weights and biases are evaluated by:

Wt = Wt−1−lr∗
mdwt

√
vdwt + ε

(29)

bt = bt−1−lr∗
mdbt

√
vdbt + ε

(30)

where ε is equal to 10−8

4) SELECTION OF HYPERPARAMETERS
The hyperparameter values are selected using the random
search method [45], presented in Table 4. For example, the
learning rate (lr) of the SGD optimizer to train the RFCN
model was tuned exponentially from 10−5 to 10−1, while
the momentum (mom) was tuned with a difference of 0.1.
The hyperparameter tuning was started with lr of 10−1 and
zero mom, the RFCN did not get the training convergence.
Then, the lr was started to reduce and mom was increased.
The training of the RFCN model started to settle down. For
example, at lr of 10-3 and mom of 0.8, the mAP was 61.60%
with a total training loss of around 0.41%. A further reduction
in the lr positively influenced the performance of the RFCN.
At the learning rate of 10−4 and mom of 0.8, the training
loss was reduced to 0.23% with the mAP of 73.256%. But
a further increase in lr (10−5) significantly increased the
training time. Therefore, small random changes were made
for lr and mom and the performance of the RFCN model was
checked in various values. It was found that lr of in 3× 10−4

and mom of 0.9, the loss was reduced to around 0.09% and
the mAP improved significantly to 74.47%.

TABLE 4. Hyperparameters of deep learning optimizers.
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J. VALIDATION METHODS
1) STRATIFIED FIVE-FOLD CROSS-VALIDATION
The proposed DL-based approach has been validated using
two techniques. First, owing to the class imbalance prob-
lem due to the different number of images of each class
(can be seen in Table 2), a stratified cross-validation method
is used. This method retains the particular number of data
points/sample size of each class in each fold [46]. It ensures
the unbiased distribution of the dataset among all folds. Oth-
erwise, random sampling could generate bias in the folds
when all dataset images are randomly shuffled and split into
a certain number of folds.

2) TESTING ON AN EXTERNAL DATASET
Another contribution of this study is the validation of the
final results using an external test dataset (obtained by a
random search on various websites). This was done to show
the effectiveness and robustness of the work that presented
DL-based approach would also be applicable under differ-
ent environmental conditions than the one used for dataset
generation.

III. RESULTS AND DISCUSSIONS
After the dataset generation, the proposed approach is divided
into several steps to get the optimized DLmodel for plant dis-
ease detection. The results presented in this section follow the
methodology of the research, as shown in Fig. 1. First, a com-
parison of the DL architectures was performed. This step was
performed to obtain the top two models. The training and
validation plots are presented (to understand the performance
of several DL models) and the detection results (to evaluate
the mAP). The best two DL models were trained with all
data augmentation methods to understand their effects. Later,
the effects of image resizing techniques and interpolators are
provided in terms of training, validation losses and mAP.
These methods evaluated the impact of the input image on
the DLmodel. Afterward, performance optimization has been
explained by weight initializers, batch normalization, and DL
optimizers. The effects of various parameters of the weight
initializers are also provided. Similarly, the performance of
the best-obtained DL model was evaluated in the presence of
batch normalization, to show the better convergence ability of
the DL model. DL optimizers are also compared to optimize
the weights of the best-obtained DL architecture.

After the optimization of the DL model, further in-depth
class-wise analysis has been performed. In this regard, the
performance of the individual classes is evaluated. The
classes that attained the lowest AP were explicitly focused.
This step also aimed to maintain the high AP of the other
classes obtained in the previous step. The position-sensitive
score maps are analyzed, as it was one of the major novelties
of the RFCN model (the best-obtained model). The detection
results are shown to understand the impacts of the spatial bin
width and heights of the score maps. Furthermore, the anchor
boxes were enhanced to show the influence of various anchor

box scales and aspect ratios. The results are shown by the
training and validation plots and average precision of each
class, along with the mAP of each enhanced version. Finally,
the stratified k-fold cross-validation method was used due to
the class imbalance problem in the proposed dataset and to
validate the final mAP of the optimized DL model.

A. COMPARISON BETWEEN DL ARCHITECTURES
First, the DL models are trained on the original (without
augmentation) images. Subsequently, the two best models are
retrained on the augmented images. It is empirically found
that DL architectures should be trained to 200K steps to
achieve training convergence. The input images are resized
to 300 × 300 pixels with fixed image resizers for SSD
MobileNet-v2 and SSD Inception-v2 and 640 × 640 pixels
for SSD ResNet-50 (RetinaNet). An aspect ratio resizer with
minimum and maximum pixel dimensions of 600 and 1000,
respectively, is considered for the models including all ver-
sions of Faster R-CNN and RFCN. The EfficientDet model
is also trained with an aspect ratio resizer with 512 minimum
and maximum pixels, according to the GPU requirement.
Furthermore, SGD with a momentum optimizer is used to
train the models for this stage of the research. Different
batch sizes are tested, and the most reasonable is found to
be 4 to reduce the trade-off between accuracy and training
time. Four models required the lowest iteration steps of 170K
to achieve training convergence: Faster RCNN ResNet-50,
RFCN ResNet-101, EfficientDet, and RetinaNet. The lowest
training times are obtained for SSD MobileNet around 5.5 h.
However, the Faster RCNN Inception ResNet-v2 required the
highest time to complete the training. The following observa-
tions are made on the training and testing performance of the
DL models.

1) TRAINING PERFORMANCE
• Plots of the total training and validation losses for each
model are shown in Fig. 7. It can be observed that
the Faster R-CNN ResNet-101 and RFCN ResNet-101
models attained the lowest total training and validation
losses of approximately 0.05-0.08%, 0.06-0.09%, and
0.04-0.2%, 0.06-0.18% respectively. Both models took
around 10.5 hours to achieve convergence.

• However, the versions of SSDmodels with Inception-v2
and MobileNet-v2 have approximately 1.5% total loss.
This is comparatively higher than that of the other DL
models, apparently reflected in their detection results as
a low mAP as shown in Table 5.

• Later, the two best models are retrained with aug-
mented images due to their lowest training and valida-
tion losses (after training on non-augmented images),
including RFCN ResNet-101 and Faster RCNN
ResNet-101. Their loss plots are shown in Fig. 8. It can
be concluded from the plots that RFCN ResNet-101
has a slightly lower training and validation losses of
approximately 0.7% and 1.0%, respectively.

VOLUME 10, 2022

Chapter 7

135 



M. H. Saleem et al.: Performance-Optimized DL-Based Plant Disease Detection Approach for Horticultural Crops of NZ

TABLE 5. Summary of the plant disease detection results by the DL architectures in terms of average precision (in %) of each class divided into various
augmentation techniques.

• It can be noticed from Figs. 7-8 that the DL models did
not suffer from overfitting. Both training and validation
losses were settled down with a small fluctuation and
there was no such sudden increase in the validation loss
after achieving the convergence in both the absence and
presence of the augmented images.

2) TESTING PERFORMANCE
• The results obtained from the test dataset (without aug-
mentation) revealed that the RFCN ResNet-101 model
achieved the highest mAP of 74.47%, followed by
Faster RCNN ResNet-101 and Faster RCNN Inception
ResNet-v2, as shown in Table 5. This is because RFCN
achieved a highAP of 10 healthy/disease classes. A sam-
ple of each class is shown in Fig. 9 (a).

• The Faster RCNN trained with Inception ResNet-v2
and ResNet-101 attained a higher mAP than the rest of
the models, including Faster RCNN ResNet-50, Faster
RCNN Inception-v2, SSD models, RetinaNet and Effi-
cientDet. The Faster R-CNN ResNet-101 is found to be
the most useful model for the healthy class of avocado
(Av_healthy_l) and attained the highest AP among all
DL models. It is also noticed that some of the testing

images of apple glomerella leaf spot and pear fire blight
obtained false positive and false negative detections,
respectively, with Faster R-CNN ResNet-101, as shown
in Fig. 9 (b). Similarly, classes such as apple healthy
leaves and pear stony pits are well detected using Faster
Inception ResNet-v2, as shown in Fig. 9 (c-d).

• Although the RFCN model attained the highest mAP,
it misclassified some of the testing images of the classes,
such as the stony pit on the pear, as shown in Fig. 9 (d).

• The testing performance of the models, including Effi-
cientDet and RetinaNet, is unsatisfactory. This was due
to several classes remaining undetected and giving false
positive results, as presented in Fig. 9 (e).

• It can also be seen from Table 5 that the black spot
on the apple leaves failed to be detected and localized
by all DL models, an example from each DL model is
presented in Fig. 9 (f). Some of the classes attained 0%
average precision when trained by the models like Effi-
cientDet, SSD Inception-v2, SSD MobileNet-v2, and
SSD ResNet-50. Because these models failed to detect a
few of the classes, that was observed in two ways. First,
the testing images of those classes were undetected,
second, the false positive results were obtained due to the
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FIGURE 7. Total loss plot for deep learning models before augmentation: (a) Faster RCNN ResNet-101, (b) Faster RCNN ResNet-50, (c) Faster RCNN
Inception-v2, (d) Faster RCNN Inception ResNet-v2, (e) RFCN ResNet-101, (f) SSD MobileNet-v2, (g) SSD Inception-v2, (h) EfficientDet, (i) RetinaNet.

FIGURE 8. Total loss plot for deep learning models after the application of all augmentation techniques: (a) Faster RCNN
ResNet-101, (b) RFCN.

confusion with another plant disease/healthy classes.
In Fig. 9 (f), an example of the undetected/false negative
outcome for apple black spot is presented for Efficient-
Det and RetinaNet.

• Further analysis was required to validate the selection of
the best DL model for the next phase of research.

• In this regard, the top two DL models (RFCN ResNet-
101 and Faster RCNN ResNet-101) in terms of the
lowest training, validation losses and the highest mAP
are retrained using augmented images (considering all
13 augmentation categories).

• RFCN ResNet-101 has achieved a higher mAP than
Faster RCNN ResNet-101, as shown in Table 5.

• Some classes, including apple glomerrella leaf spot,
apple European canker, and apple healthy classes, with
the RFCN model, have achieved a higher AP compared

to the Faster RCNN ResNet-101. A few examples from
RFCN are shown in Fig. 10.

• Classes such as apple black rot, apple European canker,
and healthy leaves of apples have improved their AP
after training the RFCN through augmented images.
On the contrary, the AP of almost 13 classes is signif-
icantly reduced by training in the augmented images,
as shown in Table 5.

• The main finding of this step is that the RFCN model
has achieved the highest mAP with and without aug-
mented images. Another important observation is that
the augmented images helped improve the AP of only a
few classes.Moreover, the RFCN has shown its ability to
address problems such as the detection of plant diseases
in different organs and the identification of disease in
different fruits, as shown in Figs. 9-10. However, the
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FIGURE 9. Detection results by various DL models trained without
augmented images. (a) true positive and false negative (P_fr_blight) by
RFCN, (b) true positive (Av_healthy_l), false positive (A_gl_lf_spot), and
false negative results (P_fr_blight) with Faster RCNN ResNet-101, (c) true
positive outcome for A_healthy_l class with Faster RCNN Inception
ResNet-v2, Faster RCNN ResNet-101, and false negative for RFCN (first
from the right), (d) P_s_pit with Faster RCNN Inception ResNet-v2, Faster
ResNet-101, and RFCN (left to right), (e) false positive and false negative
results with EfficientDet and RetinaNet, (f) false positive for A_blk_spot
by RFCN, Faster RCNN ResNet-101, Faster RCNN Inception ResNet-v2,
Faster RCNN ResNet-50, and Faster RCNN Inception-v2, (first row – left to
right), and false positive, false negatives by SSD MobileNet-v2, SSD
Inception-v2, EfficientDet, and RetinaNet (second row – left to right).

low AP of several classes was attained in the pres-
ence of augmentation techniques. This motivated us to

individually evaluate the effects of the augmentation
techniques. This helped to understand the reason for per-
formance degradation after the application of 13 types of
augmentation methods for this step of the study.

FIGURE 10. True positive results of RFCN after training on augmented
images.

B. EFFECTS OF DATA AUGMENTATION TECHNIQUES
The effects of data augmentation methods are studied
by dividing them into five categories as described in
Section II-B (5). The two top DL models are trained on
all five groups of augmented images, including RFCN
ResNet-101 and Faster R-CNN ResNet-101. The important
results from this phase of the study are discussed in the
following.
• The RFCN model has achieved the highest mAP after
training with the OT data augmentation category, fol-
lowed by the results obtained through the OO images,
as shown in Table 5. However, comparatively lower
mAP values are observed for OC and OCN. Whereas,
RFCN has achieved the lowest mAP with the OTCN.

• To further perform an in-depth analysis of the data
augmentation techniques, a class-wise analysis is per-
formed. For example, OT is found to be the best method
due to its higher AP by the RFCN in eight classes of
healthy individuals and diseases. Therefore, the OT cat-
egory has attained superior results.

• The effectiveness of the OT category is also validated
using Faster RCNN ResNet-101, as shown in Table 5.
The mAP is higher in the OT group than in all other
categories. However, with the OTCN, the model has
achieved the lowest mAP value.

• There could be several reasons for performance degra-
dation when training with OC and OCN. The nature
of the real agricultural environment could contribute to
the confusion in discriminating between plant diseases.
Because the real field contains several background ele-
ments, a change in color or addition of noise to the orig-
inal images distracts/fails the model to extract and learn
the specific and distinct features of the disease symp-
toms. There may be similarities between the symptoms
of the disease and background elements [47] after adding
noise and changes in brightness, contrast, and sharpness.
This has resulted in a low AP for the individual classes
and a low mAP for the 20 classes.

• The above statement can be further understood by taking
examples of some classes that achieved comparatively
lower AP. For example, avocado branch canker is con-
fused with apple glomerella leaf spot, healthy avocado
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leaf with healthy pear leaves, and apple mosaic virus
with healthy apple healthy leaves. Similarly, the black
spot-on grapevine cane could not be detected and/or is
misclassified as an apple European canker. The stony
pit virus on the pear is also confused with fire blight.
Furthermore, in avocado leaves, several algal leaf spots
are not detected. Some examples of false-positives and
undetected outcomes are shown in Fig. 11.

• In contrast, the improved performance with OT has
shown the practical aspect of this work. Because the
location of disease spots in a real agricultural environ-
ment varies from one plant to another. Furthermore, if a
DL model such as RFCN can detect the disease in the
translated and rotated images, it shows the importance
of the OT-based data augmentation technique for the
identification of plant diseases.

• Fig. 11 showed the significance of the original with
translational changes (OT-based augmentation method)
by taking examples of five plant classes. These classes
consist of diseases in plant organs including leaves
(apple and avocado), fruit (pear), and cane (grapevine),
including avocado branch canker, avocado healthy
leaves, apple mosaic virus, grapevine black spot, and
pear stonypit. An improvement of 23.59, 20.53, 24.8,
and 17.12%, and 48.25%, respectively, was attained as
compared to the previous step.

C. EFFECTS OF IMAGE RESIZERS AND INTERPOLATORS
The next step is to study the effects of image resizers with
different interpolators on RFCN. In this regard, the RFCN
model is initially trained using an aspect ratio resizer and a
bilinear interpolator. Eight possible combinations of image
resizers and interpolation methods are used to obtain the
best results, as shown in Table 6. The performance of each
combination was not only evaluated by mAP, training, and
validation losses, but also by the training time as considered
in [48]. The main observations and discussions of this step of
the analysis are presented below.

• The aspect ratio is considered the default resizing tech-
nique with minimum and maximum dimensions of
600 and 1000 pixels, respectively [35]. This image
resizing technique is used in conjunction with bilinear
interpolation.

• As presented in Table 6, the aspect ratio resizer with the
other three interpolators, such as bicubic, area, and near-
est neighbor, has degraded the performance of RFCN in
terms of lower mAP.

• Later, a fixed-shape resizer with a default value of 300×
300 pixels is applied with bilinear interpolation. Subse-
quently, three other interpolators are tested. The RFCN
model trained with the bicubic interpolator with fixed
shape resizer required the lowest training time, training
loss (0.52%) and validation loss (0.85%) as shown in
Table 6. Both losses were lower than the loss acquired
with the default resizer/interpolator, as shown in Fig. 12.

FIGURE 11. Detection outcomes of RFCN model by three augmentation
categories. True positive, false positive, and false-negative results from
left to right in each example belong to OT, OC, and OCN respectively.

• There is no such sign of overfitting of the RFCN model
as the validation loss was also settled to the final
value and no such increase in the loss was observed.
It is validated with a higher mAP of 80.59%, which
is 3.83% better than that obtained using the default
settings. Furthermore, the AP of avocado algal leaf spot,
pear fire blight, and healthy pear leaves are significantly
improved to 88.55%, 98.16%, and 49.9%, respectively.

• The bilinear interpolator with a fixed-shape resizer has
also performed slightly better than the nearest neighbor
and area interpolation.

• Bicubic interpolation considers a 4 × 4 or 16-pixel
square and evaluates the resulting interpolated pixels,
compared to 2 × 2 pixels for bilinear interpolation.
Therefore, better-quality images are obtained for the
healthy and disease classes to be fed into the RFCN
model, producing a better mAP.

• In conclusion, both the training and testing perfor-
mances of the RFCN model are improved with an
enhancement in the AP of the three classes (after training
with a fixed-shape resizer along with a bicubic interpo-
lator). In the future, other relevant datasets can be tested
using the combinations of resizers and interpolators pre-
sented in this phase of the research.

D. EFFECTS OF WEIGHT INITIALIZERS, BATCH
NORMALIZATION, AND DL OPTIMIZERS
The next phase of the proposed approach is the optimization
of the RFCN model. The appropriate selection of weight
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TABLE 6. Effects of image resizing techniques and interpolators on the RFCN ResNet-101 model.

FIGURE 12. Total loss plots from two different image resizers/
interpolators: (a) aspect ratio resizer with bilinear interpolator,
(b) fixed shape resizer with bicubic interpolator.

initializers along with their parameters solves the problems
of vanishing and exploding gradient descent. Three weight
initialization methods are used: truncated normal (default
initializer), scaling variance, and random normal. After deter-
mining the most suitable initialization technique, the effects
of batch normalization are studied. Then, the best DL opti-
mizer is selected, and the hyperparameters are tuned using
a random search method [45]. These steps are performed
before proposing any modifications to the RFCN model. The
training and testing evaluations of this phase of the study are
summarized below.
• First, the RFCN model is trained using a truncated
normal initializer. Subsequently, it is trained using the
scaling variance and random normal initializers.

• The random normal initializer has achieved the lowest
training loss and the highest mAP with a standard devi-
ation of 0.01 and a mean value of zero. It has been
observed that the selection of an optimum value for
standard deviation and mean plays an important role in
the performance of the model.

• When searching for the appropriate values of standard
deviation and mean, the random normal initializer was
initially used with a default standard deviation of 1 and

a mean of zero. However, these values were unable to
achieve convergence. Therefore, the standard deviation
started to tune exponentially. It was empirically found
that 0.01 was the most suitable standard deviation and
the mean value of zero remained the same. This was
due to the lowest training and validation losses, which
resulted in a slight improvement of 0.916% in the mAP.
Furthermore, the extraction of distinct features was also
improved, as the AP of some of the classes was enhanced
with the described settings. These classes include apple
black rot, apple European canker, apple glomerella leaf
spot, apple mosaic virus, and healthy pear (leaves),
with an improvement of 8% to 28%. Similar standard
deviations and mean values were also suitable for the
truncated normal initializer.

• The best settings for scaling variance were single scaling
factors with a uniform distribution and considering the
average of the input and output units in the weight tensor
(Fan_avg). However, these parameters did not contribute
to improving the model performance and attained an
mAP of only 70.20%.

• The random normal initializer has produced the best
result for a particular application of the detection of
plant disease by the RFCN model. Therefore, it can be
concluded from its basic functionality that the initialized
weights through the generation of tensors with normal
distribution performed well for the selected problem.
Moreover, theoretically, the random normal is supposed
to work with weights initialized very close to zero. So,
each neuron of the network does not perform the same
calculation.

• It was experimentally found that a small standard devi-
ation value was not suitable. For example, at a standard
deviation of 0.001, the performance declined in terms of
mAP to 78.33%, compared to mAP at 81.50%, obtained
with a 0.01 standard deviation.

• The next step was the use of batch normalization. The
RFCN is trained with the default values of epsilon and
decay of 0.001 and 0.99, respectively. It is also noted that
the training convergence is achieved earlier to around
160K steps from around 170K iterations. Therefore,
it can be concluded that batch normalization reduced
the overall training time and showed a fast convergence
ability [49].

• The decay and epsilon were started to tune, and it was
experimentally found that the lower value of decay and
the higher value of epsilon improved the performance
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of RFCN. Therefore, the decay was set to 0.5 and the
epsilon was 0.01. The training performance was slightly
improved to around 0.515%.

• The testing performance of the RFCN model was also
significantly improved. The model attained an mAP of
85.94% with an improvement of 4.345% compared to
the one obtained in the previous step.

• The individual AP of several classes were improved such
as apple black spot, apple healthy (leaves), apple mosaic
virus, grapevine black spot, pear fire blight, and pear
stony pit at 61.66%, 100%, 96.43%, 98.53%, 98.45%,
and 96.66%.

• The last step before proposing any modification to the
RFCN model is the utilization of different DL optimiz-
ers. SGD (with momentum) is used to train the model as
the default DL optimizer. Subsequently, its performance
is compared with that of Adam and RMSProp.

• After training the RFCN model using all three DL opti-
mizers, it is found that SGD with momentum is the best
DL optimization algorithm. Adam optimizer is unable
to achieve a high mAP. Therefore, it did not effectively
optimize the weights of the RFCN model. However,
RMSProp has also achieved a lower mAP of 82.819%.

• Individual APs of several classes, including apple black
rot, apple black spot, and pear canker are degraded by
RMSProp.

• The best performance of the SGD optimizer demon-
strates its generalizability in extracting the features
of the healthy and disease classes and optimizing the
weights of the RFCN. Therefore, it can be summarized
that, for the NZDLPlantDisease-v1 dataset of healthy
and diseased plant organs, the non-adaptive optimizer
- SGD with momentum was quite successful compared
to the adaptive optimization techniques RMSProp and
Adam.

• To address one of the research gaps presented in the
previous section, the RFCNmodel trainedwith a random
normal initializer, using batch normalization and SGD
with momentum optimizer is also successful in identi-
fying multiple disease problems and detection of plant
disease in different weather conditions (sunny, cloudy),
as shown in Fig. 13 and Fig. 14, respectively.

Another important observation is that the pear scab class still
attained a low AP of 5.06%. Although all steps until the
application of various DL optimizers significantly improved
the performance of RFCN in terms of a lower training and
validation losses compared to the default configurations of
the model. Still, the pear scab remained almost undetected
or falsely identified. This result has provided a strong basis
for the next steps of the research to focus on the architectural
evaluation/modifications of the RFCN model.

E. PERFORMANCE ENHANCEMENT OF PEAR SCAB
There are two major goals for this step of the research. First,
an improvement in the AP of pear scab, which is undetected
after the application of several techniques explained earlier.

FIGURE 13. Examples of multiclass plant disease detection after the
application of random normal initializer and batch normalization for the
RFCN model.

FIGURE 14. Examples of apple plant disease/healthy leaves in different
environmental conditions.

Second, the high AP of the other 19 healthy/disease classes
should be maintained. In this regard, the RFCN model has
been investigated in two stages: position-sensitive score maps
and enhanced/modified anchor box scale and aspect ratio.

One of the primary novelties of the RFCN model is the
generation of position-sensitive score maps. The spatial bin
configuration was set to 3 × 3 by default. It was empir-
ically observed that the spots of pear scab were so small
that the model could not extract its features and therefore
could not be detected. This might be because none of the
sub-regions of positive-sensitive score maps could match
the pear scab for most of the testing images. Therefore,
the position-sensitive region of interest (RoI) pool cannot
vote for pear scab disease. In this regard, the first attempt
is to increase the score maps using multiples of 3. The
width and height of the 9 × 9 spatial grid have yielded
satisfactory results and attained an mAP of 84.68%. Oth-
erwise, with other spatial bins, such as 6 × 6, 12 × 12,
and 15 × 15, a lower mAP of 82.819%, 82.041% and
82.59%, respectively are observed with the AP of the pear
scab of 5.03%, 5.05%, and 5.28%. However, there is a slight
difference in the total training and validation losses with
9 × 9 grids and the model has detected pear scab with an AP
of 20.1%. Still, the DL model could detect the pear scab with
a high AP. Furthermore, the RFCN trained with 9× 9 spatial
bins has disrupted the detection of apple black spots and
achieved a lower AP of 49.69%. An example of the detection
of apple black spot is presented in Fig. 15.

Another attempt has been made to solve this problem. The
training images of the pear scab are magnified, and the RFCN
model has been trained again. This is one of the ways to
overlap the pear scab with 3 × 3 score maps. RFCN has
successfully detected and localized both the apple black spot
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FIGURE 15. Detection outcomes for apple black spot using different
positive sensitive score maps. (a) true positive results of apple black spot
with 3 × 3 spatial bins, (b) false-negative detection with 9 × 9 spatial bins.

and the pear scab simultaneously. This indicates that the
specific features of both disease classes are well extracted.
The mAP is 87.394%, with the individual AP of the apple
black spot and the pear scab at 59.85% and 94.43%, respec-
tively. Few samples of the pear scab results are shown in
Fig. 16. Moreover, a high AP of the rest of the classes is also
maintained.

FIGURE 16. (a) Examples of false-negative results before zooming in the
pear scab with 3 × 3 spatial bins (b) Examples of true positive results
after zooming in the pear scab with 3 × 3 spatial bins

F. ENHANCEMENT OF ANCHOR BOXES
After a significant improvement in the average precision of
the pear scab has been achieved in the previous step, the
anchor boxes of the RFCN are enhanced. In this regard, the
scale size and aspect ratios are modified to obtain an optimum
anchor box that can provide an AP of more than 80% for each
class. The summary of the results is as follows.
• Although the previous step has considerably improved
the AP of the pear scab, a few classes also required
attention towards further performance enhancement. For
example, classes such as apple black rot, apple black
spot, apple European canker, and pear healthy (leaves)
have achieved an AP of less than 80%. During the
annotation of the training images, it was empirically
observed that the bounding-box coordinates of several
classes varied. Therefore, different scales are tested to
generate the anchor boxes.

• Hence, the addition of scales such as 64 × 64, 32 × 32,
and 16 × 16 with the default scale sizes such as
128 x 128, 256 x 256, and 512 x 512, has significantly
improved the mAP.

• On the other hand, an addition of a very small scale
size such as 8 × 8 reduced the mAP. Similarly, a very
large scale size of 1024 × 1024 could not contribute to
attaining better mAP.

• Next, reciprocal aspect ratios are applied and the default
aspect ratios of 1:2 and 2:1 are replaced. It is found
that 1:4 and 4:1 have achieved an almost similar result
with mAP of 87.33% with scale sizes of 16 × 16, 32 ×
32, 64 × 64, 128 × 128, 256 × 256, and 512 × 512.
Otherwise, none of the other combinations of reciprocal
aspect ratios has shown noticeable results.

• Subsequently, the effects of the step-by-step/gradual
enhancement of the aspect ratio are studied. In this
regard, a small aspect ratio was started to add from
1:4 to default ratios of 1:2, 1:1, and 2:1, and enhanced
scale sizes. After several experiments, it is found that
the addition of the aspect ratio like 1:2, 1:1, 2:1, 3:1, and
4:1, has improved the training and testing performance
of the model. The total training and validation loss
from 0.4-0.515% and 0.4-0.8% have been reduced to
almost 0.3-0.37% and 0.4-0.71%, respectively Further-
more, the individual loss of box classifier localization
loss was reduced to almost 0.2% from 0.3%, as shown
in Fig. 17. There is no sign of overfitting as the losses
were converged, no abrupt rise in the validation loss was
observed after the final iteration step, and there was a
small difference between both training and validation
losses.

• The feature extraction of the healthy and disease plant
classes has been presented by t-distributed stochastic
neighbor embedding (t-SNE) plots in Fig. 18. It can be
seen for each of the healthy/defective classes trained
by the final RFCN model that there is a high inter-
class distance separability, a small intraclass distance
and grouped clusters have been created which were
concentrated in their respective features. Furthermore,
the effectiveness of the proposed modifications has been
presented by comparing the t-SNE plot for the previous
step and the default settings of the RFCN and Faster
RCNN model after the application of the OT data aug-
mentation method.

• It can be observed in Fig. 18 (b) that after the application
of several techniques (presented in section III C-E),
some of the features of the classes such as apple
black rot, apple black spot, apple European canker,
and pear healthy leaves were not well extracted and
confused with the features of other apple and pear
classes. Similarly, the t-SNE plots by the RFCN model
after the OT data augmentation technique (Fig. 18 (c))
attained comparatively small interclass distances. There
were several features of the apple black spot, pear fire
blight, and pear healthy leaves, were not extracted and
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FIGURE 17. Training and validation losses for different anchor box configurations (a) box classifier classification loss with default scales and
aspect ratio, (b) box classifier classification loss with modified anchor boxes, (c) box classifier localization loss with default scales and aspect
ratio, (d) box classifier localization loss with modified anchor boxes, (e) RPN objectness loss with default scales and aspect ratio, (f) RPN
objectness loss with modified anchor boxes, (g) RPN localization loss with default scales and aspect ratio, (h) RPN localization loss with
modified anchor boxes, (i) total loss with default scales and aspect ratio, (j) total loss with modified anchor boxes.
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FIGURE 18. t-SNE plots of the proposed and existing methods. (a) final proposed RFCN model, (b) optimized model after the
application of several weights optimization techniques and analyzing position-sensitive score maps, (c) RFCN model with default
settings (after the application of translational augmentation techniques), (d) Faster RCNN ResNet-101 model with default settings
(after the application of translational augmentation techniques).

confused with apple European canker, apple healthy
leaves, pear fire blight, pear healthy leaves, and pear
scab. Likewise, the Faster RCNN ResNet-101 model
(Fig. 18 (d)) provided a degraded clustering performance
as compared to the final RFCN model. The distinct fea-
tures of apple black spot, apple European canker, apple
mosaic virus, grapevine black spot, pear fire blight,
pear healthy leaves, and pear scab were not made a

proper cluster and confused with the features of other
healthy/disease classes. This shows that the proposed
modifications in the anchor boxes generate a significant
difference in the feature extraction of the healthy and
diseased plant classes.

• Moreover, the mAP is improved with a margin of
6.406% (Fig. 19). Also, a significant improvement in
individual AP of classes such as apple black rot, apple
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FIGURE 19. A summary of mAP with various specifications of anchor boxes.

FIGURE 20. Average precision of each class by four prominent anchor box specifications.

black spot, apple European canker, pear healthy (leaves),
and pear stony pit, as shown in Fig. 19.

• Other combinations of gradual addition of aspect ratios
are examined, as shown in Fig. 19. One of the prominent
combinations of 1:2, 1:1, 2:1, and 4:1 has attained a high
mAP of 91.65

• In conclusion, the addition of various small scales like
16 × 16, 32 × 32, 64 × 64, and aspect ratios of
3:1 and 4:1 to the default anchor box have signifi-
cantly improved the performance of the RFCN model
with an mAP of 93.8. Furthermore, the AP of several
classes is improved, and no class has achieved an AP
of less than 80. Moreover, 12 classes have achieved

a high AP of > 95, as shown in Fig. 20. The class-wise
performance of the four prominent combinations of
enhanced anchor boxes is presented in Fig. 20. A few
examples of the false-negative results by the default
anchor boxes, solved by the enhanced anchor boxes are
presented in Fig. 21. A pictorial representation of the
proposed modification of the anchor boxes is presented
in Fig. 22.

G. OVERALL REMARKS ON THE PREVIOUS STEPS
A summary of the results presented from Section III-A to
Section III-F is provided as under:
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FIGURE 21. False-negative by default anchor box and true positive by
final enhanced anchor box of classes including apple black rot, apple
black spot, apple European canker, and pear healthy.

• The proposed deep learning (DL)-based method
gradually enhanced the accuracy of plant disease detec-
tion from the step of comparison between deep learn-
ing architectures (Section III-A) to the enhancement
of anchor boxes (Section III-F). The average precision
of each class along with the mean average precision of
the deep learning models are evaluated for each stage
of the research. Each step has significance in terms of
better training and testing results. The main reason for
getting better results was that each step performed an
in-depth analysis and identified a strong motivation for
the subsequent steps to further improve mAP.

• For example, a comprehensive analysis of several
DL models was performed to select the best-suited
model. This selection was done and validated by using
augmentation techniques. But the mAP obtained by
all augmentation methods was significantly reduced.
To cope with this problem, a category-wise compar-
ison of the augmentation technique was performed,
which gave us the best-suited technique for the selected
application.

• Similarly, after the application of various techniques
such as image resizers, interpolators, weight initializers,
batch normalization, and deep learning optimizers, pear
scab achieved unsatisfactory results. To attain a high AP
of pear scab, the major novelty of the original RFCN
model was analyzed, and the enhancement of the anchor
boxes was attempted. In this way, the strong analyses
of each step gave us the solid grounds for applying
the following/next steps. A summary of the all steps
including the best-selected method/model along with
mAP is presented in Table 7.

• From Table 7, it can be concluded that all succeeding
steps achieved a higher mAP, compared to its previous
step. Furthermore, the most effective step in terms of
improvement in the mAP was found to be the enhance-
ment of the anchor boxes with an improvement of
6.406 compared to its earlier step.

• The effectiveness of the proposed approach has also
been presented by the confusion matrix. For exam-
ple, classes such as the apple black spot and pear

FIGURE 22. Anchor boxes for the RFCN model (a) present default anchor
scales and aspect ratio, (b) present modified anchor boxes, (c) presents a
zoomed version of 16 × 16 (red-colored boxes), 32 × 32 (blue colored
boxes), and 64 × 64 (black colored boxes) scales sizes in the proposed
version.

stony pit were confused with the healthy apple (leaves)
and the fire blight, respectively, during the initial step
of the methodology (Fig. 23 (a)). This can be ver-
ified by their detection results, already presented in
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TABLE 7. Main findings of each step of the proposed methodology.

FIGURE 23. Confusion matrix for RFCN model (a) from the first step: training by original images with default settings, (b) from the last step: after the
enhanced anchor boxes.

Figs. 9 (d) and (f). Consequently, a low recall of these
classes was attained at 40.62 and 36.84, respectively.
However, none of the classes suffered from a high num-
ber of wrong/missed classifications after the enhanced
anchor boxes (Fig. 23 (b)), which led to significantly
high mAP.

H. VALIDATION OF THE FINAL RESULTS
This study has also validated the results and the claims
described in this article, in two ways. The first technique
adopted is the stratified five-fold cross-validation, through

which the dataset images of each class are folded five times
so that the testing images in each fold are different from
one-fold to another. This technique has been applied because
of the class imbalance problem in the generated dataset and
it avoids biased distribution in the dataset for each fold.
The mAP obtained through all folds varied from 0.65% to
1.13% in the optimized configuration of the RFCN model,
as compared to the final mAP. The first fold is considered
as a default in which the modified/optimized RFCN model
obtained 93.80%, while fold2, fold3, fold4, and fold5 attained
mAP of 93.15%, 94.93%, 94.62%, and 93.09%, respectively.
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To further evaluate the final mAP by the proposed method,
the variance was calculated by the formula (31) and evaluated
as 0.70157.

Variance =
∑n

i=1 (xi−̄x)
2

n− 1
(31)

where n is the number of folds, xi is the fold number (fold1,
fold2, etc.), and x̄ is the mean.

The next way to validate the claimed results is to test
the optimized model on an external curated dataset. The
original and translational/rotational change - OT augmen-
tation method is also applied to that testing dataset. The
mAP is 87.95%, which is only 5.85% lower than the final
mAP obtained from the testing sub-dataset of the proposed
dataset. Eleven classes, including avocado algal leaf spots,
avocado branch cankers, avocado healthy, apple black rot,
apple glomerella leaf spot, apple healthy (fruit), grapevine
healthy, kiwifruit healthy, pear healthy (fruit), pear fire blight,
and pear scab, are detected with a high AP of more than 90%.
However, a few classes, such as pear canker, grapevine black
spot, and pear stony pit, attained an AP of less than 80%.
Therefore, the difference in mAP is obtained from that
obtained by the testing images of the NZDLPlantDisease-v1
dataset. Examples of a few classes that achieved high and low
AP from the external dataset are presented in Fig. 24.

FIGURE 24. Results from an external dataset (a) True positive results of
apple black rot, pear fire blight, and pear scab; (b) false positives of
grapevine black spot and pear canker.

I. LIMITATIONS OF THE STUDY
Although the presented methodology has successfully
detected the plant disease using the proposed dataset. Still,
there are a few limitations of this study that can be taken
into account in future research. The presence of disease in
multiple organs of apple and pear has been considered for
this research.Whereas, for grapevine, avocado, and kiwifruit,
disease in only one plant organ has been considered. More-
over, only one disease class is presented for both grapevine
and kiwifruit. Therefore, the proposed dataset should be
further extended to get more insight into deep learning-
based plant disease detection. Moreover, the validation of the

modified/optimized model on an external generated dataset
revealed that few of the classes did not achieve a high AP.
One of the reasons could be the absence of diversity in the
samples of those classes in the presented dataset. Further-
more, the dataset images from both sides of the plant organs
should be considered. For example, the symptoms of the
disease on the front and backside of the plant leaf could be
included. This would generate more variety in the symptoms
of plant disease. Also, all dataset images were collected from
New Zealand horticultural fields. However, the dataset can
be extended by capturing images of similar diseases in the
same crops from horticultural fields in different countries.
Moreover, the annotation was a bit tiring process due to the
addition of the augmented images. Furthermore, as this article
has addressed various practical problems, the most difficult
among them was the detection of multiple diseases in a plant
organ at a time. This task required evenmore time to correctly
annotate the task. Therefore, it can be said that there is still a
human intervention to use deep learning to perform complex
task like plant disease detection.

IV. CONCLUSION AND FUTURE DIRECTIONS
This study addresses various research gaps in the identifica-
tion of plant diseases based on deep learning. In this regard,
a new dataset called NZDLPlantDisease-v1 is generated, and
a DL-based approach is presented to detect and localize the
disease in five of the most important New Zealand horti-
cultural crops in terms of export value. After training and
testing various DL architectures, the region-based fully con-
volutional network (RFCN) has achieved the highest mean
average precision with and without the application of aug-
mentation techniques. The proposed methodology consists of
a comprehensive evaluation of various techniques impacted
on the deep learning model that has not yet been explored
for plant disease identification tasks. Furthermore, a modi-
fied/optimized version of the RFCN model is proposed by
performing an in-depth analysis of position-sensitive score
maps and anchor-box scales with aspect ratios. An improved
mAP of 93.80% is achieved, which was 19.33% better than
the default setting. The optimized RFCN includes training the
model with a fixed-shape resizer with a bicubic interpolator,
a random normal initializer, use of batch normalization, and
SGD with a momentum optimizer. It is also observed that
the translational/rotational augmentation method is the most
suitable for obtaining satisfactory results. Furthermore, the
addition of a 16 × 16, 32 × 32, 64 × 64 scales with an
aspect ratio of 3:1 and 4:1 significantly improved the perfor-
mance of the RFCN. The optimized/modified RFCN model
has successfully answered research questions, including the
detection of diseases in several plant organs, the presence of
multiple diseases in one organ at a time, and the identification
of diseases in different crops using the same trained DL
model. Finally, the statements and results are validated by two
different methods: stratified five-fold cross-validation and
testing on an external dataset. These validation approaches
demonstrate the significance and novelty of this study.
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Furthermore, one of the advantages of this study is that differ-
ent crops (selected for this research) have certain variations
in their environments/backgrounds. Therefore, high average
precision in each class shows an extended potential of deep
learning technology for the detection of plant diseases, con-
sidering various challenges of the horticultural environment.

The idea/methodology proposed in this study can be uti-
lized in several ways in future studies. A deep learning-
basedmethod can be embedded in automated/robotic systems
to apply disease control techniques. For example, a fungi-
cide spray can be applied to the defective parts of plants
using a robotic manipulator. Furthermore, the diseases are
treated differently based on the pathogen affecting the plants.
Therefore, the research question related to the detection of
multiple classes of plant diseases (suffering from different
diseases at a time) [50] could be useful for implementing a
cost-effective protection system. For instance, black spots on
apples are normally treated with a fungicide spray, whereas
no such treatment is available for apple viruses [51]. Hence,
this research will be helpful for growers to take appropriate
treatment measures after detecting multiple plant diseases in
an organ.

In addition, various tasks can be performed to further
enhance research on DL-based plant diseases. For instance,
advanced data augmentation techniques, including super-
resolution convolutional neural networks (SRCNNs) and
super-resolution generative adversarial networks (SRGANs),
can be explored. Moreover, segmentation-based DL mod-
els can be leveraged and modified by using the generated
dataset. Furthermore, the performance metrics presented in
[52] can also be explored to perform a more in-depth analysis
of the multi-label plant disease detection problem. Some
other research ideas can be explored to further strengthen
the research on DL-based solutions for agricultural prob-
lems. For example, the sensitivity analysis (like the one
performed for a teleoperation system to examine the effects
of important parameters on the system performance [53])
can be performed for the DL models to implement various
agricultural operations. Moreover, the layer-wise output of
the well-known DL models could be visualized to modify
the hidden layer. The comparison of CNNs with CapsuleNet
models can also be emphasized, as this class of machine
learning is being explored for various object detection
problems [54].

AVAILABILITY OF DATA
The dataset generated and analyzed during the cur-
rent study is available in the GitHub repository https://
github.com/kmarif/NZDLPlantDisease-v1.
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A weight optimization-based
transfer learning approach
for plant disease detection
of New Zealand vegetables

Muhammad Hammad Saleem1, Johan Potgieter2

and Khalid Mahmood Arif1*

1Department of Mechanical and Electrical Engineering, School of Food and Advanced Technology,
Massey University, Auckland, New Zealand, 2Massey AgriFood Digital Lab, Massey University,
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Deep learning (DL) is an effective approach to identifying plant diseases. Among

several DL-based techniques, transfer learning (TL) produces significant results in

terms of improved accuracy. However, the usefulness of TL has not yet been

explored using weights optimized from agricultural datasets. Furthermore, the

detection of plant diseases in different organs of various vegetables has not yet

been performed using a trained/optimized DL model. Moreover, the presence/

detection of multiple diseases in vegetable organs has not yet been investigated.

To address these research gaps, a new dataset named NZDLPlantDisease-v2 has

been collected for New Zealand vegetables. The dataset includes 28 healthy and

defective organs of beans, broccoli, cabbage, cauliflower, kumara, peas, potato,

and tomato. This paper presents a transfer learningmethod that optimizes weights

obtained through agricultural datasets for better outcomes in plant disease

identification. First, several DL architectures are compared to obtain the best-

suited model, and then, data augmentation techniques are applied. The Faster

Region-based Convolutional Neural Network (RCNN) Inception ResNet-v2

attained the highest mean average precision (mAP) compared to the other DL

models including different versions of Faster RCNN, Single-Shot Multibox Detector

(SSD), Region-based Fully Convolutional Networks (RFCN), RetinaNet, and

EfficientDet. Next, weight optimization is performed on datasets including

PlantVillage, NZDLPlantDisease-v1, and DeepWeeds using image resizers,

interpolators, initializers, batch normalization, and DL optimizers. Updated/

optimized weights are then used to retrain the Faster RCNN Inception ResNet-

v2 model on the proposed dataset. Finally, the results are compared with the

model trained/optimized using a large dataset, such as Common Objects in

Context (COCO). The final mAP improves by 9.25% and is found to be 91.33%.

Moreover, the robustness of the methodology is demonstrated by testing the final

model on an external dataset and using the stratified k-fold cross-

validation method.
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Introduction

According to the guidelines of the World Health

Organization (WHO) and the Food and Agriculture

Organization (FAO), fruit and vegetable consumption should

be greater than 400 g/day to reduce the risk of heart disease, high

blood pressure, and stroke (Who and Consultation, 2003).

Therefore, adequate food supply must be achieved for human

well-being. In this regard, food security is essential to ensure

food demand. Plant diseases are a substantial threat to food

security (Gui et al., 2021) and affect crop productivity (Liu and

Wang, 2021). They also influence the quality of agricultural

products and are a source of economic loss.

Horticultural products are among the main contributors to

New Zealand (NZ) economy. According to a recent report by

Plant and Food Research, the export value of fresh and processed

vegetables was estimated to be NZ$724.5m in 2020 (Aitken and

Warrington, 2020). Among the most prominent vegetables,

onions, peas, potatoes, squash, sweetcorn, and beans were

exported in amounts of NZ$147.6m, NZ$115.4m, NZ$106.9m,

NZ$79.2m, NZ$47.6m, and NZ$42.0m, respectively. The highest

expenditures for imported vegetables were observed for

preserved tomatoes and frozen potatoes at around NZ$35.8m

and NZ$34.9m, respectively. A total of NZ$1.29b was recorded

for the vegetables consumed for domestic use, such as potatoes,

tomatoes, and brassicas (broccoli, cabbage, and cauliflower).

Furthermore, the largest horticultural land (among the

vegetables) was used for potatoes around 10,417 ha, 6,530 ha

for squash, 5,296 ha for onion, and 4,890 ha for peas and beans

(Aitken and Warrington, 2020). These statistics highlight the

importance of NZ vegetables to the country’s income. Therefore,

the challenges faced by the horticultural industry should be

addressed to increase the export value of horticultural

products further.

Plant disease detection is an important task in the

application of control treatments to the affected plants.

However, the timely and precise identification of plant diseases

is challenging. This is due to the similarity in the occurrence of

the disease in different plant species. Therefore, the traditional

methods for recognizing plant diseases have been replaced by

methods based on machine learning (ML). Among these

techniques, deep learning (DL) has gained considerable

attention from the scientific community in recent years, and

numerous DL methods, architectures, and approaches have been

proposed. However, current literature leaves a significant margin

for further investigating the strength of DL-based plant disease

identification in various ways.

The research done so far for plant disease detection has covered

various aspects of deep learning, such as DL-based visualization

techniques to identify the spots of plant disease (Brahimi et al.,

2018; Brahimi et al., 2019) and the application of the latest data

augmentation techniques (Bi and Hu, 2020; Abbas et al., 2021).

Furthermore, some studies have focused on modifications in the

hidden layers of neural networks (Kamal et al., 2019; Liang et al.,

2019; Liu and Wang, 2020), improvement in the feature fusion

module (Bao et al., 2022), and the addition of attention modules

(Wang et al., 2021a; Bao et al., 2022). Moreover, few articles have

addressed the real-time assessment of the DL model for the

recognition of plant disease (Xie et al., 2020; Wang et al., 2021b)

and the evaluation of the usefulness of deep learning optimizers

(Saleem et al., 2020).

Transfer learning (TL) is a successful technique for

improving the performance of DL models. In TL, the

knowledge gained from the pre-trained weights of a large

dataset is utilized to extract the specific features of the dataset

that contains new classes. A few studies have presented the

significance of TL in plant disease identification. For example,

the effectiveness of the fine-tuning technique was shown for

plant disease classification (Brahimi et al., 2017; Too et al., 2019;

Hassan et al., 2021), using pre-trained weights in a large dataset

called ImageNet. Another study evaluated TL on synthetic

images (generated by a generative adversarial network) and

real images (Abbas et al., 2021). Although these articles

presented the importance of fine-tuning, the selected dataset

had a plain background/controlled environment. Only one study

has performed a plant disease identification task in a real

agricultural environment using a transfer learning approach

(Chen et al., 2020a). Another study considered field conditions

for the detection of diseases in maize plants using three models

inspired by Inception-v3 (Haque et al., 2022). The performance

of the proposed model was better than that of the pre-trained DL

models. However, the DL architecture required a longer

computation time. A study presented eggplant disease

detection using pre-trained weights of the visual geometry

group (VGG) model and created a new dataset with a

combination of controlled/laboratory and uncontrolled/real

agricultural environments (Krishnaswamy Rangarajan and

Purushothaman, 2020). Another study presented TL by

combining the DenseNet model and Inception module for rice

plant diseases under actual conditions (Chen et al., 2020c). A

two-phase approach to applying TL was presented by (Chen

et al., 2020b). The first phase was dedicated to training from

scratch for the new layers and using pre-trained weights for the

rest of the layers, whereas the second phase consisted of

retraining the model on the selected dataset using weights

obtained in the previous stage. Although a comprehensive

analysis was provided, the comparison of the proposed

method with other modified versions of the DL architecture

could further strengthen the quality of the work. In a similar

style, a recent study proposed a transfer-learning-based deep

feature descriptor (Fan et al., 2022). The authors demonstrated

the effectiveness of the approach on different datasets and

showed the novelty of this work. Another study presented the

significance of TL in tomato plant disease identification

(Thangaraj et al., 2021). In this work, a few of the models
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were included for comparative analysis with the proposed

model. A study evaluated the TL by splitting the data into the

source and target domains (Argüeso et al., 2020). This study

provided a new approach to exploring TL-based techniques.

However, it should be validated in other datasets related to plant

diseases. Another study evaluated TL based on domain splitting

and analyzed semi-supervised iterations and few-shot

parameters (Rukundo, 2021). This research presented

validation using three domain splits of the same dataset,

whereas a more comprehensive analysis could be included,

such as considering different datasets with diverse

environments. An article presented a multitask TL approach

to identify rice and wheat plant diseases at the same time,

compared to other techniques including a single task, a reuse

model, and some DL models (Jiang et al., 2021). Comparison of

TL using pre-trained weights on a large dataset consisting of

general objects and a dataset related to plant recognition was

presented by (Lee et al., 2020). This proved to be an innovative

method to demonstrate the importance of transfer learning. It

was also observed that a more in-depth analysis could be

performed using training profiles.

The literature references presented above have considerable

scope for exploring transfer learning methods to improve plant

disease detection. The use of image resizers, weight initialization,

and DL optimization methods have not been explored for

transfer learning purposes. In addition, weight optimization

has also not been performed using the datasets related to the

same and different agricultural operations. Moreover, most

articles have addressed the recognition of plant diseases in a

single vegetable under real agricultural conditions. However, the

effectiveness of deep transfer learning has not yet been evaluated

for different vegetables using the same optimized DL model.

This article addresses several concerns regarding deep

transfer-learning-based plant disease detection. The first

research question is how well can deep learning detect plant

diseases in various organs of vegetables? Can transfer learning be

applied for the simultaneous identification of multiple diseases

in various vegetable organs at the same time? How do the

different methods related to image processing and weight

optimization affect the performance of deep transfer learning?

Can the weights obtained from the agricultural datasets

contribute to improving the performance of the DL model?

Connected to the previous question, what are the circumstances

to obtain improvement in terms of the dataset conditions?

Finally, can the highlighted questions be validated by testing

on an external dataset with the same classes and retaining a high

mean average precision?

To answer these questions, this article presents a new dataset

(the second version in a series of datasets containing plant

diseases in various NZ horticultural crops), named

NZDLPlantDisease-v2. The generated dataset contains diseases

in eight important NZ vegetables, including potatoes, tomatoes,

beans, peas, kumara, and brassicas (broccoli, cabbage,

and cauliflower). The dataset also contains diseases in different

plant organs (leaves, stems, and vegetables), along with multiple

diseases in plant organs at a time. Moreover, this study proposes

transfer-learning-based plant disease identification. For this

purpose, the weights of the best-obtained DL architecture are

optimized using a framework consisting of various techniques.

These methods include the evaluation of image resizers,

interpolators, weight initializers, batch normalization, and DL

optimizers. This framework has been derived from our recently

presented work on weed detection (Saleem et al., 2022b).

Furthermore, optimized weights are obtained using

agricultural (similar and/or other applications) datasets. In this

regard, three datasets are selected, two of which are related to

plant diseases in both laboratory and real field environments,

and the last is a weed-related dataset. In addition, weight

optimization is performed on a large dataset called common

objects in context (COCO). The mean average precisions of the

weights obtained using the agricultural and large datasets are

compared. Finally, the usefulness of the research is

demonstrated by testing on an external dataset and using the

stratified k-fold cross-validation method. Hence, this article

provides new insights into DL-based plant disease recognition

rather than overly explored open-source datasets such

as PlantVillage.

The main contributions of this research are as follows: (1) a

new dataset is presented consisting of eight prominent

vegetables of the NZ and it has been made publicly available

to the scientific community; (2) several conditions and problems

of the real horticultural field have also been considered,

including the presence of disease in various organs of the

vegetable plants, different environmental conditions, and the

occurrence of multiple diseases in a vegetable plant organ at a

time; (3) a new way of exploiting various techniques has been

provided by the integration of weight optimization and transfer

learning methods; (4) a high mean average precision (mAP) has

been achieved by comparing with the results obtained through

pre-trained weights of the COCO dataset; an average precision

(AP) of >80% for each class has also been achieved; (5) the

robustness of the presented work has been validated by two

methods: testing on an externally generated dataset in different

agricultural conditions and using the stratified five-fold cross-

validation method.

Materials and methods

A transfer learning-based approach

The proposed approach is based on transfer learning for the

extraction of features of plant diseases. The weights of the best-

obtained DL model are updated using the optimized weights

from the agricultural dataset. Performance optimization

techniques are applied as a bridge to update/optimize the
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weights of the DL model. The proposed methodology is divided

into two phases. Each phase comprises two steps, and the final

validation/effectiveness of the approach is presented using two

different methods.

The first step in the initial phase of the research was the

generation of the dataset called NZDLPlantDisease-v2. The

proposed dataset contains eight important vegetables from

New Zealand, including 28 healthy and diseased classes. This

dataset contains various practical problems in the horticultural

field. The second step was a comparative evaluation of various

DL meta-architectures to obtain the best DL model in terms of

training, validation losses, and mean average precision (mAP).

This step of the proposed methodology uses the TL technique by

training the models using pre-trained weights on the COCO

dataset to extract the basic features. The performance of the best-

obtained model was enhanced by applying category-wise data

augmentation techniques, including color change (brightness,

contrast, and sharpness), translational and rotational changes,

and the addition of noise to the color change.

The second phase began with the selection of agricultural

datasets. In this regard, two datasets of healthy and defective

plant organs and a dataset of weed images were selected. One of

the selected plant disease datasets has a plain background,

whereas the other has a natural/complex agricultural

background. This was done to analyze the effects of the

background elements for transfer learning purposes. The idea

was to extract the relevant features of plant disease by leveraging

the knowledge gained by the DL model from agricultural

datasets. In this regard, the next step was weight optimization

utilizing our recently presented weed-detection pipeline on these

three agricultural datasets.The pipeline/framework consists of

five steps (Saleem et al., 2022b): studying the effects of image

resizing techniques such as fixed-shape and aspect ratio resizers;

combining image interpolators such as bilinear, bicubic, area,

and nearest neighbor; application of weight initializers including

truncated normal, scaling variance, and random normal

initializers; understanding the effects of the absence/presence

of batch normalization; and use of DL optimizers such as

stochastic gradient descent (SGD) with momentum, root mean

square propagation (RMSProp), and adaptive moment

estimation (Adam). In this step, the weights of the DL model

are updated. Subsequently, the optimized weights of the best-

obtained DL model were used to transfer the knowledge for the

NZDLPlantdisease-v2 dataset. The mAP attained in this step

was compared with that obtained in the first phase of the study.

To validate the results, the same optimization pipeline was

applied directly to the NZDLPlantDisease-v2 dataset using

pre-trained weights on the COCO dataset. A higher AP of the

healthy/disease classes established the proposed hypothesis that

the best DL architecture is initially trained with a large general-

purpose dataset, optimized with image resizing techniques and

weight optimization algorithms through agricultural datasets,

and retrained through updated weights on the proposed dataset

attained better identification of plant diseases.

Finally, the effectiveness of the research was demonstrated

by testing the optimized model with an externally generated

dataset and using a stratified five-fold cross-validation

technique. The research methodology is illustrated in Figure 1.

Proposed dataset

This research presents a new dataset called NZDL

PlantDisease-v2, which contains diseases in eight prominent

NZ vegetables, including tomato, potato, peas, beans, cabbage,

cauliflower, broccoli, and kumara. The Samsung Galaxy S10 Plus

smartphone with the following specifications was used to take

the dataset images: three cameras with 12MP f/1.5-2.4 (wide), 12

MP f/2.4 (telephoto), and 16 MP, f/2.2 (ultrawide). Dataset

images were collected from various local horticultural fields in

Auckland and Palmerston North, New Zealand. The working

distance of the images is 200-300 mm. The data collection period

was from December 2020 to May 2021.

The dataset was divided into three sub-datasets: training

(70%), validation (20%), and testing (10%). An open-source

tool LabelImg was used to annotate the dataset images.

According to the requirements of the TensorFlow object

detection API, the XML files were converted into CSV files

and then transformed into TFrecords. A sample of each

annotated class is shown in Figure 2A. Various real

agricultural conditions, such as the absence/presence of

shadows, different lighting conditions, and sudden weather

changes, were considered, as shown in Figure 2B. Moreover,

other practical conditions have been considered by imaging

plant organs with multiple diseases. For example, black rot and

ring spot disease in broccoli and cauliflower leaves were

present simultaneously (Figure 2C). However, some crops

contain the disease only in their leaves. The details of the

proposed dataset are presented in Table 1.

Data augmentation

The size of the dataset was initially increased by cropping a

group of healthy/disease classes containing more than one object

of interest. Several data augmentation methods were applied,

such as a 30% change (increase or decrease) in brightness,

sharpness, and contrast (Wang et al., 2021a). In addition, the

effects of noise, including Gaussian and Laplacian noise, were

evaluated. For this purpose, open-source software named

XnViewMP was used. The maximum intensities were 10.0,

and 50.0, out of which random intensities of 2.0 and 10.0 were

respectively selected. Furthermore, more diversity in the dataset
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was obtained by rotational/translational changes, such as 90°, -

90°, 180°, horizontal, and vertical changes. An example of

augmented images for the tomato late blight class is shown

in Figure 3.

For a comprehensive analysis, the data enhancement

methods were arranged into five groups. The first contains

only original (OO) images, then a combination of original

with translational/rotational changes (OT), original with color

variation (OC) (increase/decrease in brightness, contrast, and

sharpness), original with noise and variation in color change

simultaneously (OCN), and finally a combination of all the

methods (OTCN).

Agricultural datasets

Three agricultural datasets were selected to extract the

distinct features of different diseases in the plant species. The

first dataset was the commonly used plant disease dataset, called

PlantVillage (PV). The PV dataset contained 38 classes of healthy

and diseased plant leaves from 14 plant species (Hughes and

Salathé, 2015). The dataset images were generated in a laboratory-

controlled environment. The former version of the proposed

dataset series, NZDLPlantDisease-v1 (Saleem et al., 2022a), was

selected. This dataset comprises 20 classes of healthy and

defective plant leaves, stems, and fruits from New Zealand’s

FIGURE 1

Overall workflow of the proposed methodology.
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five important horticultural crops. All the dataset images were

collected in a real horticultural environment. The third dataset is

the DeepWeeds dataset, which contains eight classes of weeds and

a negative/non-weed class from northern Australia (Olsen et al.,

2019). The DeepWeeds dataset was also considered a real

agricultural background when collecting the dataset images. An

annotated example of each class from these agricultural datasets

is presented in Figure 4.

Deep learning framework and models

In this study, TensorFlow object detection APIs 1 and 2 were

used to train the DL models. The pre-trained weights on the

Common Object in Context (COCO) dataset was used to train

the DL architectures in the first phase. To increase the training

speed, an NVIDIA Graphical Processing Unit GeForce GTX

1080 Ti was used with the following specifications: 11 GB

A

B

C

FIGURE 2

Samples of NZDLPlantDisease-v2 dataset. (A) Annotated example of each class. (B) Examples of healthy and defective organs of vegetables in
different environmental conditions. (C) Examples of multiple diseases in plant leaves.
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TABLE 1 Summary of NZDLPlantDisease-v2 dataset.

Crops Plant Organs Pathogens NZDLPlantDisease-v2 classes with number of images Simplified annotation labels

Bean Leaf – Healthy (52) B_healthy_l

Vegetable Bacteria Bacterial blight - Xanthomonas axonopodis pv. phaseoli (93) B_bac_blight_v

– Healthy (55) B_healthy_v

Broccoli Leaf Bacteria Black rot - Xanthomonas campestris pv. campestris (53) Br_blk_rot

Fungi Ring spot - Mycosphaerella brassicicola (83) Br_r_spot

– Healthy (74) Br_healthy

Cabbage Leaf Fungi Ring spot - Mycosphaerella brassicicola (192) C_r_spot

– Healthy (173) C_healthy

Cauliflower Leaf Bacteria Black rot - Xanthomonas campestris pv. campestris (144) Cf_blk_rot

Fungi Ring spot - Mycosphaerella brassicicola (48) Cf_r_spot

– Healthy (68) Cf_healthy_l

Vegetable Bacteria Soft rot - Erwinia carotovora subsp. carotovora (36) Cf_s_rot

– Healthy (96) Cf_healthy_v

Kumara Leaf Fungi Alternaria leaf spot - fungus Alternaria spp. (50) K_alt_lf_spot

– Healthy (103) K_healthy_l

Potato Leaf Fungi Ear blight - Alternaria solani (119) Po_ear_blight

Oomycete Late blight - Phytophthora infestans (57) Po_lt_blight

– Healthy (199) Po_healthy_l

Stem Fungi Ear blight - Alternaria solani (144) Po_ear_blight_s

Oomycete Late blight - Phytophthora infestans (89) Po_lt_blight_s

– Healthy (107) Po_healthy_s

Peas Leaf Fungi Ascochyta blight - Mycosphaerella pinodes (224) Ps_asc_blight

Bacteria Bacterial blight - Pseudomonas syringae pv. pisi (68) Ps_bac_blight

– Healthy (115) Ps_healthy_l

Vegetable Fungi Ascochyta blight - Mycosphaerella pinodes (143) Ps_asc_blight_v

– Healthy (101) Ps_healthy_v

Tomato Leaf Oomycete Late blight - Phytophthora infestans (133) T_lt_blight

– Healthy (220) T_healthy_l

A B D E F G

IH J K L M N

C

FIGURE 3

Examples of tomato late blight with all augmentation techniques (including original image). (A) Original. (B) 90°. (C) -90°. (D) 180°. (E)
Horizontal. (F) Vertical. (G) Gaussian noise, (H) Laplacian noise (I) High brightness. (J) Low brightness. (K) high contrast. (L) low contrast. (M) high
sharpness. (N) low sharpness.
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memory, 3584 CUDA cores, 484 GB/s memory bandwidth, and

a 1582 MHz boost clock. To accelerate training, the CuDNN

library was imported into the system.

For this research, various state-of-the-art DL models were

trained, including RetinaNet (Lin et al., 2017), EfficientDet (Tan

et al., 2020), faster region-based convolutional neural network

(Faster RCNN) (Ren et al., 2015), single-shot multibox detector

(SSD) (Liu et al., 2016), and region-based fully convolutional

network (RFCN) (Dai et al., 2016). Some models were trained

using different feature extractors, as available in the TensorFlow

API. The performance of the DL architectures was evaluated by

mean average precision (mAP), which was used to analyze the

performance of several DL models, such as Faster RCNN (Ren

et al., 2015), SSD (Liu et al., 2016), and RFCN (Dai et al., 2016).

Optimization techniques

Image resizers and interpolators
The first step in the performance optimization of the best-

obtained DL model was studying the effects of two image

resizing techniques: aspect ratio (AR) and fixed-shape (FS)

resizers. Image resizers were applied to the interpolators,

including bilinear, area, bicubic, and nearest neighbor.

Weight initializers
The next step was to evaluate the three weight initialization

methods. First, the truncated normal (TR) was analyzed to remove

dead neurons owing to the use of the ReLU activation function.

Then, scaling variance (SV) was applied, which was beneficial for

maintaining the variance of the output layer with the input layers

(He et al., 2015). The random normal (RN) was also tested, which

helped to create tensors through normal distribution.

Batch normalization
The effects of batch normalization (BN) were also analyzed

and used to solve the internal covariate shift. This neural

network (NN) problem occurs because of the variation in the

input of the NN distribution with the variation in the parameters

of the previous layer (Ioffe and Szegedy, 2015). Furthermore, this

method accelerates neural network training.

DL optimizers and hyperparameter selection
Three well-known DL optimization algorithms were used:

stochastic gradient descent (SGD) with momentum (Ruder,

2016), adaptive moment estimation (Adam) (Kingma and Ba,

2014), and root mean square propagation (RMSProp) (Hinton

et al., 2012). Hyperparameters were selected using the random

search method (Bergstra and Bengio, 2012), such as the learning

rate (LR), momentum (mom), epsilon (eps), and discounting

factor (rho), as presented in Table 2.

Validation techniques

External dataset
The effectiveness of this study was validated by generating an

external dataset. This dataset contains the healthy and diseased

plant classes of NZDLPlantDisease-v2 using a random Google

search. This was done to ensure that the proposed methodology

is valid in different agricultural and environmental situations.

Cross-validation method
This method considers the class imbalance problem (the

number of samples is different for each class) in the dataset for

validation of the proposed method. The stratified five-fold cross-

validation technique was used to maintain the original sample

size of each class in each fold (He and Ma, 2013). Otherwise, a

biased distribution of the dataset images could have occurred if

all the samples had been randomly mixed and divided into a

certain number of folds.

Results

This study aimed to detect plant diseases using a newly

generated dataset named NZDLPlantDisease-v2. The proposed

approach is divided into two phases, each containing two steps.

The first step of the initial phase is dedicated to the collection,

augmentation, and annotation of the dataset, as explained in the

previous section. The subsequent steps are described in this

section. Following the methodology shown in Figure 1, the

results from the second step of the first phase to the second

step of the final phase are presented in this section.

Phase 1: Selection of the best DL
architecture and data augmentation
technique using NZDLPlantDisease-v2

Training through pre-trained
COCO weights

Initially, the DL architectures were trained on the original

images (without augmentation) of the proposed dataset. The two

best DL architectures that achieved the highest mAP were

selected. Further analysis of both DL models was performed

by training them using different augmentation techniques. As

default configurations, models such as Faster RCNN and RFCN

were trained with aspect ratio image resizing methods with a

minimum of 600 and a maximum of 1000 pixels, respectively.

However, in EfficientDet, the same resizer with dimensions of

512 was used. Furthermore, the RetinaNet and SSD models were

trained with a fixed shape resizer with 300 × 300 pixels.

The tradeoff between accuracy and training time was

addressed by testing different batch sizes; the most feasible was
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FIGURE 4

Annotated example of each class from agricultural datasets. (A) PlantVillage. (B) NZDLPlantDisease-v1. (C) DeepWeeds.
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found to be 4. SGD with momentum was the default optimizer

for training each model. Using empirical observations, all DL

models were trained for 200k iteration steps. However, the

required number of iteration steps for the training

convergence is different for each model. For example, Faster

RCNN Inception ResNet-v2 required the least number of

iterations, approximately 110k steps. SSD Inception-v2

required the highest number of iteration steps, approximately

190k steps. However, RFCN required 120k steps, Faster RCNN

ResNet-50, Faster RCNN ResNet-101, Faster RCNN

Inceptionv2 required 160k iteration steps, SSD MobileNet-v2,

and RetinaNet required 170k steps, whereas EfficientDet

required 180k steps. In terms of the computation/training

time, SSD MobileNet was the fastest model, requiring only 5.5

hours, and Faster RCNN Inception ResNet-v2 was the slowest

model, which took approximately 18 hours to complete the

training. The main observations from this step are as follows.

• The training and validation plots of all DL models did

not show any sign of overfitting, as the losses converged

and had no abrupt increase in the loss after the final

iteration step.

• The training and validation profiles of the DL

architecture are shown in Figure 5. The Faster RCNN

ResNet-101 had the lowest tra ining loss of

approximately 0-0.1%, followed by Faster RCNN

ResNet-50 and RFCN with 0-0.15% loss, Faster

RCNN Inception-v2 with 0-0.2% loss, and Faster

RCNN Inception ResNet-v2 with 0-0.25% loss. The

rest of the DL models attained a comparatively higher

training loss between 0-0.5%, 0-0.7%, 0-0.8%, and 0.5-

1% for RetinaNet, SSD Inception-v2, EfficientDet, and

SSD MobileNet-v2, respectively. Similarly, the lowest

validation loss was obtained by Faster RCNN ResNet-

101 followed by RFCN ResNet-101, Faster RCNN

ResNet-50, and Faster RCNN Inception ResNet-v2.

• In terms of mAP, Faster RCNN Inception ResNet-v2

achieved the highest value of 63.74%, followed by Faster

RCNN ResNet-101 with 60.34%, as shown in Table 3.

This was due to the high (>80%) average precision (>

80%) of 11 and 10 classes by Faster RCNN trained with

Inception ResNet-v2 and ResNet-101 feature extractors,

respectively. The selection of the two best DL models

was validated by retraining each model using all

augmentation techniques. Similar models achieved the

best results; for example, Faster RCNN Inception

ResNet-v2 achieved 47.83% and Faster RCNN ResNet-

101 achieved 45.25% mAP.

• EfficientDet and RetinaNet achieved the lowest mAP

owing to several undetected classes, as indicated by the

zero AP in Table 3.

• It was also observed that few classes were successfully

detected with Faster RCNN Inception ResNet-v2 that

were undetected (false negative) or wrongly identified

(false positive) with other DL models, such as broccoli

ring spot (Br_r_spot) and cabbage healthy (C_healthy),

as shown in (Figures 6A, B). Similarly, potato early

blight attained the highest average precision with the

best-selected DL models (Figure 6C). However, SSD

MobileNet and EfficientDet were unable to detect

some of the early blight images of potatoes (Figure 6D).

• Some of the classes performed well in all or most of the

DL models, including bean bacterial blight, healthy

cauliflower (vegetable), healthy cabbage, healthy potato

stem, and healthy potato leaves.

• Although this step yielded the two best DL models, the

mAP was not satisfactory. There was a significant

margin in the performance improvement. This was

because a few classes could not be detected, including

the broccoli black rot, cauliflower ring spot, kumara

Alternaria leaf spot, and pea bacterial blight, by any of

the DL architectures. Several examples of the false

TABLE 2 Hyperparameters of deep learning optimizers.

DL optimizers DL meta-architectures Hyperparameters

SGD with momentum EfficientDet LR = 3 x 10-3, mom = 0.9

Faster RCNN ResNet-50 LR = 2 x 10-4, mom = 0.9

Faster RCNN ResNet-101 LR = 2 x 10-4, mom = 0.9

Faster RCNN Inception-v2 LR = 1 x 10-4, mom = 0.9

R-FCN ResNet-101 LR = 3 x 10-4, mom = 0.9

SSD Inception-v2 LR = 3 x 10-3, mom = 0.9

SSD MobileNet-v2 LR = 2 x 10-4, mom = 0.9

SSD ResNet-50 (RetinaNet) LR = 4 x 10-4, mom = 0.9

SGD with momentum Faster RCNN Inception ResNet-v2 LR = 3 x 10-4, mom = 0.9

Adam LR = 1 x 10-4, eps = 1.0-2

RMSProp LR = 2.5 x 10-4, rho = 0.9, mom = 0.9, eps = 1 x 10-3
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positive and false negative results of the different DL

models are presented in Figures 6E–H.

• After considering all data augmentation techniques,

some of the classes improved their AP, such as healthy

broccoli, healthy beans (leaves and vegetables), and

cabbage ring spots. However, the overall performance

(mAP) of the Faster RCNN Inception ResNet-v2 was

degraded due to the small AP of several classes. These

classes included healthy cauliflower (leaves and

vegetables), kumara leaves, healthy potato early

blight (leaves and stems), potato (leaves and stems),

potato blight, Ascochyta blight of peas, and healthy

pea leaves.

Category-wise study of data augmentation
techniques

To understand the effects of the data augmentation

techniques on the DL model, we divided them into five

categories, as explained in the previous section. The two best

A B

D

E F

G

I

H

C

FIGURE 5

Training and validation loss plots of various DL architectures. (A) Faster RCNN ResNet-50. (B) Faster RCNN ResNet-101, (C) Faster RCNN Inception-v2.
(D) Faster RCNN Inception ResNet-v2. (E) SSD Inception-v2. (F) SSD MobileNet-v2. (G) RetinaNet. (H) EfficientDet. (I) RFCN ResNet-101.
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DL architectures were retrained for each category. The results

are discussed below.

• Among the five augmentation categories, OT achieved

the best results in terms of the highest mean average

precision. The performance of the Faster RCNN

Inception ResNet-v2 model was significantly improved

as compared to the non-augmented categories, with a

difference of 18.34% in mAP.

• Nine classes were prominently detected after the application

of the OT category. These classes included healthy broccoli,

healthy beans, healthy cauliflower black rot, healthy

cauliflower (leaves), soft cauliflower rot, kumara Alternaria

leaf spot, potato late blight (stem) potato early blight (stem),

and Ascochyta blight, which improved the individual AP by

63.18%, 66.26%, 17.15%, 43.04%, 63.18%, 61.91%, 48.38%,

25.59, and 27.55%, respectively.

• The OT category also attained the best performance for

Faster RCNN ResNet-101. The mAP improved by

approximately 10.49% compared to the results

obtained with original/non-augmented images.

• It was further noticed that OTCN and OO achieved the

lowest mAP for both DL models, followed by OC and

OCN categories.

• The change in color/noise inclusion affected the detection

performance, as shown in Figure 7A. When the image of a

healthy broccoli leaf was tested, the background element

was wrongly identified as broccoli black rot disease, and

TABLE 3 Performance of deep learning meta-architectures in terms of average precision (%) of each class.

Classes of
NZDLPlantDisease-v2

Deep learning architectures with feature extractors

Faster RCNN SSD EfficientDet RFCN
ResNet-
50

ResNet-
101

Inception-
v2

Inception-
ResNet-v2

Inception-
v2

MobileNet-
v2

ResNet-50
(RetinaNet)

EfficientNet ResNet-
101

Br_blk_rot 3.84 2.59 3.38 13.64 0 0 0 0 3.06

Br_healthy 29.24 36.36 18.18 36.82 45.45 43.94 38.55 23.81 21.97

Br_r_spot 23.04 41.68 33.08 72.74 6.44 12.88 0 0 34.91

B_bac_blight_v 89.61 89.61 96.16 97.49 72.73 62.63 43.10 31.49 80.42

B_healthy_l 33.33 36.36 36.82 33.33 34.55 21.97 0 0 36.36

B_healthy_v 27.27 45.45 27.27 49.91 9.09 21.97 11.49 42.10 59.69

Cf_blk_rot 55.69 59.66 49.19 58.61 22.58 20.43 8.29 53.18 61.08

Cf_healthy_l 31.19 30.5 30.83 54.7 43.01 45.45 0 0 16.41

Cf_healthy_v 90.91 90.91 81.82 90.91 81.82 90.91 59.45 65.99 90.91

Cf_r_spot 17.77 4.85 0.91 14.77 0 0 0 0 3.62

Cf_s_rot 49.57 63.64 70.99 36.36 49.55 45.45 0 11.25 60.29

C_healthy 50.69 81.21 58.56 94.54 80.56 80.68 0 10.05 69.43

C_r_spot 66.67 98.61 72.03 96.72 22.98 23.03 35.57 30.13 100

K_healthy_l 81.82 80.17 90.08 81.82 56.01 80.91 42.98 27.65 81.82

K_alt_lf_spot 9.09 23.48 0 37.02 0 0 0 0 28.83

Po_lt_blight_s 57.52 36.01 28.44 32.55 34.22 32.83 0 0 51.27

Po_ear_blight 71.08 86.48 72.44 88.45 59.87 54.17 60.02 43.66 67.87

Po_ear_blight_s 42.17 59 67.65 69.19 24.84 23.97 21.33 28.18 57.85

Po_healthy_l 88.76 86.56 90.91 78.1 70.69 79.44 19.74 38.59 96.28

Po_healthy_s 90.08 90.91 80.17 89.39 72.73 72.73 77.73 53.88 88.16

Po_lt_blight 36.58 51.23 57.56 52.99 0 4.55 0 0 44.21

Ps_asc_blight 72.24 79.98 78.97 71.43 54.21 35.86 0 10.25 79.67

Ps_asc_blight_v 89.26 79.17 87 87.63 100 72.73 46.52 4.83 81.82

Ps_bac_blight 18.08 31.47 26.71 14.16 4.55 6.93 0 0 41

Ps_healthy_l 100 98.6 97.78 90.91 100 89.17 63.38 74.12 89.4

Ps_healthy_v 90.91 81.82 90.91 90.91 90.91 79.9 0 25.88 81.82

T_healthy_l 72.73 72.73 81.82 81.82 72.73 81.82 37.81 35.91 72.73

T_lt_blight 42.93 50.44 37.13 67.74 35.45 27.27 0 0 63.49

mAP (%) 54.72 60.34 55.96 63.74 44.46 43.27 20.21 21.82 59.44
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the blackness in the leaf was recognized as pea Ascochyta

blight. Some other examples of true positive and false

positive results with the respective augmentation

categories are presented in Figures 7B–E.

• Although this step of the study improved the

performance of the Faster RCNN Inception ResNet-v2,

few classes achieved a low AP <50%, such as broccoli

black rot, healthy beans (vegetables), cauliflower ring

spot, potato late blight, and peas bacterial blight.

Phase 2: Performance optimization by
weights obtained from
agricultural datasets

This phase of the research was divided into two

steps: obtaining the optimized weights on agricultural

datasets using different techniques and using the knowledge/

features extracted from the agricultural datasets to the

proposed dataset.

A B

D E

F G

H

C

FIGURE 6

Detection results for the first step. (A) True positive by Faster RCNN Inception ResNet-v2 for broccoli ring spot and healthy cabbage (leaves).
(B) False positive for broccoli ring spot by Faster RCNN ResNet-50, SSD Inception, SSD MobileNet, and the last two are undetected (false
negative) by RetinaNet, EfficientDet for broccoli ring spot. (C) True positive by Faster RCNN Inception ResNet-v2 and ResNet-101 for potato
early blight. (D) False negative and false positive by SSD MobileNet and EfficientDet, respectively for potato early blight. (E) False negative and
false positive by Faster RCNN ResNet-101 and Inception ResNet-v2, respectively for broccoli black rot. (F) False positive by Faster RCNN
ResNet-50 and false negative by SSD Inception-v2 for cauliflower ring spot. (G) False positive by EfficientNet, RFCN ResNet-101, Faster RCNN
Inception ResNet-v2, and false negative by SSD MobileNet, RetinaNet for kumara Alternaria leaf spot. (H) False positive by Faster RCNN ResNet-
50, ResNet-101, Inception-v2, SSD with Inception-v2, and MobileNet-v2; false negative by EfficientDet for peas bacterial blight.
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Effects of image resizers, interpolators, weight
initializers, batch normalization, and DL
optimizers on agricultural datasets

First, the best-obtained DL model, Faster RCNN Inception

ResNet-v2, was trained on each agricultural dataset using default

settings. Subsequently, various image resizers, interpolators,

weight initializers, batch normalization, and DL optimizers are

applied to determine the most suitable combination. The

weights obtained through the best-performing configuration in

terms of the highest mAP and highest number of detected classes

(for each dataset) were saved for reuse in the later stage of this

phase of the research. A summary of the results by default and

optimized settings is presented in Table 4.

Optimization on the PlantVillage dataset

After training the Faster RCNN Inception ResNet-v2 with

default settings, the effects of the aspect ratio and fixed shape

resizer were studied on the PlantVillage dataset. Image resizers

were evaluated along with interpolators to obtain the best-suited

arrangement. In this regard, an aspect ratio resizer with a

bilinear interpolator achieved an mAP of 61.11%. It was

improved by 3.17% by training through a fixed-shape resizer

trained with a bilinear interpolator with a pixel size of 300 × 300

pixels. The reason for this was the true positive detection results

in the classes including apple scab, healthy peach, healthy

soybean, and squash powdery mildew. Furthermore, the

model performed well after adding pixels by taking the

average of the color values of the neighboring pixels by

bilinear interpolation.

Similarly, a performance enhancement of 4.95% in the mAP

was attained after the application of a random normal initializer.

Therefore, the Faster RCNN model initialized with tensors

having a normal distribution was found to be the best method

for initializing the weights of the neural network. Next, batch

normalization was applied with different values of epsilon and

decay. It was empirically found that a 0.9 value for decay and an

epsilon of 0.01 were the most suitable values. However, the mAP

did not improve and was 65.68%. Therefore, the next step was

applied in the absence of batch normalization. The last step was

to study the effects of DL optimizers on the Faster RCNN model

for the PlantVillage (PV) dataset. The Adam optimizer could not

extract the features of several classes and achieved a low mAP of

26.53%. However, RMSProp achieved an mAP of 61.695%,

which was not an improvement over the default (SGD with

momentum) optimizer. Therefore, the final settings for the PV

dataset were the use of a fixed-shape resizer with a bilinear

interpolator, random normal initializer, SGD with momentum

optimizer, and no batch normalization, as presented in Table 4.

A B

D

E

C

FIGURE 7

Plant disease detection by different augmentation techniques. (A) False positive by OC and true positive by OT and OTCN. (B) False positive by
OO, OC, and true positive by OT for healthy beans (leaves). (C) False positive by OC and true positive by OT and OCN for healthy tomato
leaves. (D) False positive by OO, true positive by OT, and false negative by OTCN for kumara Alternaria leaf spot. (E) True positive by OT and
OCN, and false positive by OC for tomato late blight.
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TABLE 4 Summary of each step of the proposed methodology.

Steps of the
proposed
approach

Training
Specifications (Image resizers,
interpolators, initializer, batch

normalization, and DL
optimizers)

Training and testing performance Analysis and remarks

DL
models

Training
time (h)

Training
loss (%)

Validation
loss (%)

mAP
(%)

Obtain the best-suited
DL architecture

AR with bilinear
TN, SV
No BN
SGD

Faster
RCNN
Inception
ResNet-
v2

18 0.13 0.35 63.74 Two of the best DL models
achieved the highest mAP; some
of the classes were not detected.

Faster
RCNN
ResNet-
101

12 0.06 0.2 60.34

Application of data
augmentation
techniques

Original and translation/rotational
changes
Default training settings

Faster
RCNN
Inception
ResNet-
v2

18 0.425 0.61 82.08 Both DL architectures achieved
better results after adding
translational/rotational images to
the training dataset.

Faster
RCNN
ResNet-
101

12 0.375 0.52 70.83

Training on
agricultural
datasets

PV Default settings Faster
RCNN
Inception
ResNet-
v2

18 0.54 0.75 61.11 The Faster RCNN Inception
ResNet-v2 was trained on
different datasets with default
settings.

NZDL-
1

Faster
RCNN
Inception
ResNet-
v2

18 0.42 0.62 71.48

DW Faster
RCNN
Inception
ResNet-
v2

18 0.63 0.75 80.81

Weight
optimization
on
agricultural
datasets

PV FS with bilinear, RN, without BN, SGD Faster
RCNN
Inception
ResNet-
v2

12 0.46 0.64 69.23 Different performance
enhancement techniques were
applied to the agricultural
datasets to obtain optimized
weights; the best combination of
image resizer/interpolator,
initializer, batch normalization,
and DL optimizers was found to
depend on the selected datasets.

NZDL-
1

FS with bicubic, RN, BN, SGD Faster
RCNN
Inception
ResNet-
v2

12 0.31 0.46 73.32

DW FS with bilinear, TR, SV, without BN,
RMSProp

Faster
RCNN
Inception
ResNet-
v2

12 0.49 0.66 84.36

Retrain through the
best-optimized

PV dataset:
FS with bilinear, RN, without BN, SGD

Faster
RCNN

12 0.34 0.50 91.33 Used optimized weights to train
Faster RCNN Inception ResNet-

(Continued)
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Optimization on the NZDLPlantDisease-v1 dataset

Like the PV dataset, the weights of the Faster RCNN

model were optimized using the NZDLPlantDisease-v1

dataset with the same framework/steps. The default

configurat ion reached 71 .48% mAP. However , an

improvement of 0.28% in the mAP was observed when the

input images were resized using the fixed shape method with a

bicubic interpolator. A few classes, such as apple mosaic virus

and healthy pear (leaves), achieved 17.01% and 50.49%,

respectively, higher AP with fixed shape (bicubic) compared

to aspect ratio (bilinear). However, only one class (pear scab)

achieved better output with the default resizer/interpolator

combination. Faster RCNN Inception ResNet-v2 also

performed well for the NZDLPlantDisease-v1 dataset with a

random normal initializer, and an enhancement of 1.1% mAP

was observed. There was a small difference in the AP of the

healthy/disease classes compared with the default initializer.

Batch normalization with epsilon and decay was applied at 0.5

and 0.01, respectively. The mAP improved from 72.86% to

73.32%. Again, SGD with momentum performed well

compared to the other two DL optimization algorithms.

Optimization on the DeepWeeds dataset

The last selected dataset is related to other agricultural

application (weed identification). It also started with an

evaluation using the default settings. Like the other two

datasets, the fixed-shape resizer worked well for this dataset.

The bilinear interpolation method achieved the highest mAP

among all interpolators and achieved 84.20% mAP compared to

80.81% with the default resizer. However, in contrast to the

previous datasets, DeepWeeds performed better on truncated

normal and scaling variance initializers than on random normal

initializers. Thus, it can be said that a truncated normal

distribution and adaptation of the scale to the shape of weights

resulted in a better initialization for weed detection. However,

batch normalization did not work for this dataset, and a small

performance degradation was observed, with a difference of

almost 0.3%. When evaluating the DL optimizers, RMSProp

attained the best outcomes and slightly improved the mAP

to 84.36%.

Transfer learning by optimized weights

The last step of this research evaluates the Faster RCNN

Inception ResNet-v2 model on the proposed dataset using

optimized weights from each selected agricultural dataset. In

this regard, the training and testing performances are analyzed,

and the effects of updated/new weights are studied. The

significance of this step is presented by comparing the results

obtained in the previous phase (step 2) and optimizing the

weights using a large dataset (COCO). Some important

observations from this research are presented below:

• The mAP of the Faster RCNN model was increased to

91.33% by optimizing the weights through the PV

dataset and improved by a margin of 9.25% in mAP.

The total training loss was lower than 0.34% owing to a

TABLE 4 Continued

Steps of the
proposed
approach

Training
Specifications (Image resizers,
interpolators, initializer, batch

normalization, and DL
optimizers)

Training and testing performance Analysis and remarks

DL
models

Training
time (h)

Training
loss (%)

Validation
loss (%)

mAP
(%)

weights on
NZDLPlantDisease-v2

Inception
ResNet-
v2

v2 on NZDLPlantDisease-v2
dataset; achieved a significantly
higher mAP.

Compare the results
with optimized
weights on the COCO
dataset

FS with bilinear, TR, SV, without BN,
SGD

Faster
RCNN
Inception
ResNet-
v2

12 0.39 0.56 85.85 Another comparison was made
with the optimized weights on
the COCO dataset.

Validation of the
approach

External dataset – – – 93.20 Most of the classes attained a
high mAP with the optimized
weights.

Stratified k-fold cross-validation – 88.53 No noticeable differences in the
performance of the final model
were found; few classes can be
considered in future studies.
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considerable reduction of 0.12 and 0.16% in region

proposal network (RPN) localization and box classifier

classification losses, respectively. Moreover, a small

reduction in box classifier localization and RPN

objectness loss was observed at 0.05 and 0.01%,

respectively. Furthermore, the validation loss was

reduced to 0.5%. Almost all nine classes improved

their detection outcomes and attained > 80% AP.

These classes include broccoli black rot, broccoli ring

spot, bean healthy (vegetable), cauliflower black rot,

cauliflower ring spot, cabbage ring spot, kumara

healthy, potato late blight (leaves), and pea bacterial

blight. An example of each class is shown in Figure 8.

• In Table 4, the mAP with optimized weights by

NZDLPlantDisease-v1 (former version in the series of

the proposed plant disease dataset) was 87.68% and

therefore increased by 5.6% compared to the previous

step. There are several reasons for this improvement, as

observed by the training and testing profiles of the

model. First, the total training loss was reduced to

approximately 0.36%, which was 0.425% when the

model was trained using COCO weights. This

reduction in the total loss was due to a small decrease

in RPN objectness and localization loss of 0.01% and

0.055%, respectively. These losses produce a substantial

improvement in the mAP. However, no noticeable

changes were observed in the box classifier losses.

Second, several classes were detected, or their

individual AP was improved, such as broccoli ring

spot, cauliflower black rot, cabbage ring spot, healthy

kumara, and pea bacterial blight, by 30.58%, 23.34%,

23.75%, 28.94%, and 24.56%, respectively.

• However, the performance of the Faster RCNN model

was not improved by using the weights obtained on the

DeepWeeds dataset. The mAP was 80.73% with

performance degradation in the classes such as

broccoli healthy, cauliflower healthy (leaf), and potato

early blight (stem).

• Finally, a similar weight optimization framework was

applied to the new dataset using pre-trained weights on

a large dataset (COCO). The best configurations were a

fixed image resizer with a bilinear interpolator,

truncated normal and scaling variance initializers

without batch normalization, and an SGD optimizer.

It was found that the Faster RCNN Inception ResNet-

v2 attained 85.85% mAP, which was improved by

3.77% compared to the previous phase, but 5.48%

and 1.83% lower than the mAP obtained through the

weights of the PV dataset and NZDLPlantDisease-v1,

respectively.

A B

D E F

G IH

C

FIGURE 8

Comparison of various healthy and disease classes by optimized final model and results obtained in the previous step. (A) Broccoli black rot.
(B) Broccoli ring spot. (C) Bean healthy vegetable. (D) Cauliflower black rot. (E) Cauliflower ring spot. (F) Cabbage ring spot. (G) Kumara healthy.
(H) Potato late blight. (I) Peas bacterial blight.
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Discussion

In this section, a comprehensive analysis is presented to

explain the substantial improvement in the mAP using the

proposed methodology for the detection of plant disease.

Finally, the effectiveness of the approach is highlighted using

two methods, along with describing some limitations of

the study.

Analysis of the results obtained
in the first and second phases of
the research

• The first phase of the research was dedicated to finding

the best-suitable DL model trained on the proposed

dataset using pre-trained weights on a large COCO

dataset along with the best data augmentation method.

The main finding of this step was that the Faster RCNN

Inception ResNet-v2 achieved the best results in terms of

the highest mean average precision in the absence and

presence of augmented images. However, some classes

achieved a low AP. Interestingly, several classes

performed worse when the model was trained using all

augmentation (OTCN) techniques. Therefore, different

data augmentation categories were investigated before

attempting any improvement in the performance of the

DL model.

• The Faster RCNN model attained the best results when

it was trained with the translational/rotational (OT) data

augmentation method. There could be several reasons

for obtaining unsatisfactory results in different

categories, except for the OT. First, the number of

training images for the OO category was insufficient to

extract the distinct features of the healthy and disease

classes. After a change in the brightness, contrast, and

sharpness of the images, the symptoms of the plant

disease might become similar to other healthy/diseased

classes of the same plant species or another, resulting in

false positive outcomes. Furthermore, the features of

plant diseases resemble the background elements after

the change in color or the inclusion of noise in the input

images as shown in Figure 7A (Barbedo, 2018).

Therefore, the Faster RCNN model might not be able

to extract specific features or symptoms of plant diseases.

• Furthermore, OT augmentation has practical

importance. This is because the location/position of

the disease spot and plant organs are different in real

agricultural fields. Therefore, if the DL model performs

well on translated/rotated images, it can be used in a

complex agricultural environment.

• The second phase aimed to study the effects of several

performance optimization methods on the agricultural

datasets to obtain the optimized weights of the Faster

RCNN model. Finally, the optimized weights from these

agricultural datasets were tested on the proposed dataset.

• It can be observed from Table 4 that each of the selected

datasets required different specifications. The

combination of various techniques depended on the

dataset because all three datasets had several

fundamental dissimilarities, for example, background

environment, number of dataset images, number of

classes, and image quality. In addition, the optimized

weights produced a significant improvement in the

performance of Faster RCNN Inception ResNet-v2

for the three datasets. This demonstrates the

importance of the performance optimization pipeline

(Saleem et al., 2022b).

• From the results, it can be observed that the

performance of the Faster RCNN model was improved

using weights optimized by other plant disease datasets.

The weights from the weed datasets did not generate any

significant difference in the performance of the model.

• There are several ways to understand the reasons for

obtaining an ample improvement in the Faster RCNN

performance by weight obtained through the PV dataset.

First, PV has a greater variety of plant disease types.

Therefore, various symptoms/spots were extracted for

transfer learning. Next, the PV dataset had a greater

number of total samples that helped learn the distinct

features successfully. Hence, the useful information

through the PV dataset was more suitable as compared

to the pre-trained weights of the Faster RCNN by

NZDLPlantDisease-v1.

• The problems highlighted in the Introduction have

been addressed. This was because the final model

successfully detected all the disease classes in different

plant organs of various vegetables with multiple

plant diseases.

• On top of that, similar performance optimization

methods were applied to the proposed dataset using

the pre-trained weights of the COCO/large general-

purpose dataset to get the optimized weights. Then,

the Faster RCNN Inception ResNet-v2 model was

retrained on the proposed dataset using the new/

updated weights. The results show that leveraging the

knowledge learned from the agricultural dataset

performed better than leveraging from the large

general-purpose dataset.
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Validation of the research

The performance of the final model was validated using two

methods. First, a stratified cross-validation method was used

because of the class-imbalance problem. This method allows for

an unbiased distribution of class samples among all folds of a

dataset. The testing dataset was folded five times. The first fold

was assumed to be the default testing dataset, which attained

91.33%, as explained in the previous section. The mAPs obtained

from fold2, fold3, fold4, and fold5 were 91.57, 90.82, 91.14, and

91.17%, respectively. Therefore, the mAP varied with a small

difference of 0.16 to 0.51%.

Subsequently, another validation was performed by testing

the final model on an external dataset (generated through a

random Google search). Overall, 14 classes achieved an AP of

more than 90%, including broccoli black rot, broccoli healthy,

bean bacterial blight, cauliflower black rot, cauliflower healthy

(leaves and vegetables), potato early blight (leaves and stems),

potato late blight (stem), peas Ascochyta blight (leaves and

vegetables), peas healthy (vegetables), tomato healthy, and

tomato late blight. However, some classes achieved an AP of

less than 83%, such as cauliflower ring spot, kumara Alternaria

leaf spot, kumara healthy, and potato healthy (stem). These

classes should be further studied in future research. Figure 9

presents a few samples of the true and false positive outcomes

from the external dataset.

Limitations of the study

The performance of the Faster RCNN model was more

significantly improved by using the weights optimized through

PV dataset compared to NZDLPlantDisease-v1 dataset.

Therefore, it is concluded that a dataset that contains a

higher number of plant disease classes can contribute to

improving outcomes more effectively. The proposed

hypotheses could be further explored in future studies by

considering at least one more plant disease dataset in both

real and laboratory environments. In this way, it can also be

established that the environment of the dataset (from where

optimized weights are obtained) also affects the performance of

the DL model.

A

B

FIGURE 9

Results with the external testing dataset. (A) True positive outcomes. (B) False positive and false negative results.
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The NZDLPlantDisease-v2 dataset contains healthy/disease

classes for various organs of plant species, including beans, peas,

potatoes, and cauliflower. However, some crops only contain the

disease in their leaves, such as broccoli, cabbage, kumara, and

tomato. Therefore, data collection should be continued with

other plant organs of these vegetables. Moreover, due to time

constraints and weather conditions, a few other important New

Zealand vegetables, such as onion, squash, and sweet corn, could

not be considered.

The problem of multiclass plant diseases in a single organ at

a time has been addressed for only four classes. Hence, this

problem has been analyzed in a limited manner. Moreover, the

data annotation method is a lengthy process for a large number

of classes. The more difficult part is to annotate the images with

the multiclass problem, as each image must be labeled multiple

times (for each disease). Therefore, if a plant organ suffers from a

greater number of diseases, annotation time increases

significantly which can lead to reducing the accuracy of data

annotation. Hence, DL-based research still requires human effort

before training/evaluating models to perform delicate tasks such

as plant disease detection.

Conclusions and future
recommendations

This research has addressed an important agricultural

problem of identifying plant diseases in New Zealand vegetables

by deep learning. In this regard, a new dataset named

NZDLPlantDisease-v2 was generated, which contains 28

healthy/disease classes in eight plant species. This dataset also

contains complex agricultural challenges, including multiple

diseases in a single vegetable plant organ, diseases in different

plant organs, and variations in real agricultural environments.

A two-step transfer learning approach based on weight

optimization using different techniques on agricultural datasets

was proposed. In the first phase, the best-suited DL architecture

was found to be Faster RCNN Inception ResNet-v2 which

attained the highest mAP using pre-trained weights on the

COCO dataset. Then, the Faster RCNN model with translated/

rotated data augmentation techniques improved the performance

of the DLmodel, with anmAP of 82.08%. In the second phase, the

knowledge/weights extracted from the agricultural dataset were

transferred to learn the features of the classes of the proposed

dataset. In this regard, three agricultural datasets were considered:

two plant disease datasets in a controlled and real environment

and a weed dataset in complex agricultural conditions. The

weights obtained using the PlantVillage dataset significantly

improved the performance of the Faster RCNN model. The

optimization of weights was obtained having the best

configurations consisting of a fixed-shape resizer along with a

bilinear interpolator, random normal initializer, without batch

normalization, and the SGD optimizer. The final mAP was

91.33%, and each class attained more than 80% AP. The

optimized DL model outperformed the results obtained in the

first step and the optimized weights using a general-purpose

dataset (COCO). The effectiveness of the proposed approach

was validated using a stratified k-fold cross-validation method

and external testing dataset.

Overall, this research has demonstrated an extended

strength of deep transfer learning for plant disease detection.

The proposed methodology can be used in other agricultural

applications. To extend this work, various concepts can be

explored to visualize the feature extraction of healthy/diseased

plant organs, such as t-distributed stochastic neighbor

embedding (t-SNE) plots. Moreover, a modified DL model

should be proposed to reduce the training/computation time.

Furthermore, a similar approach can be tested for segmentation

tasks using the latest DL architectures, such as DeepLab-v3, U-

Net, feature pyramid network (FPN), and pyramid scene parsing

network (PSPNet). A more in-depth analysis can be performed

using other performance metrics (Wu and Zhou, 2017) for the

multiclass plant disease detection problem.
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Chapter 9 Conclusions and Future Outlook 

 

9.1. Conclusions 

This Ph.D. research has produced 8 journal articles, 6 out of which have already been published in 

Q1 journals, and the remaining 2 are under review. The main objectives of this research were to 

propose deep learning (DL)-based approaches for the localization and classification of diseases and 

weeds in several plant species. In this regard, the performance improvement of the state-of-the-art 

DL models was successfully achieved. From the results and analysis presented in this thesis, DL has 

proven to be a flexible and robust technology, since a method/approach proposed for one plant-based 

agricultural operation like weed detection, was also utilized for other applications such as plant 

disease identification, and vice versa. Although each chapter provided in this thesis highlights the 

scientific significance, a summary of the research outcomes is provided as under: 

 A comprehensive comparative analysis was presented for 18 deep learning models and the best-

obtained models were optimized with DL optimization algorithms by using the PlantVillage 

dataset. The Xception model trained with the Adam optimizer achieved the highest validation 

accuracy and the F1-score of 99.81% and 0.9978, respectively, which were slightly higher than 

the default settings and better than the models proposed in the previous studies.  

 Next, a comprehensive analysis of various DL meta-architectures was performed for both the 

classification and localization of plant diseases. This phase of the research also evaluated the 

significance of DL optimizers on the model’s performance. The Single Shot MultiBox Detector 

(SSD) trained with Adam obtained the highest mean average precision (mAP) of 73.07%. It was 

6.56% better than the one obtained with the default optimizer (SGD with momentum).  

 A comprehensive DL-based weed detection pipeline was presented. Essential/early steps were 

taken before modifying state-of-the-art DL model to identify weeds under real agricultural 

conditions, using the DeepWeeds dataset. The Faster Region-based Convolutional Neural 

Network (R-CNN) ResNet-101 model attained the highest mAP with a final value of 93.44%, 

which was 5.8% better than the one obtained with the default settings. 

 Using the outcomes obtained through the above research, an in-depth analysis of the best-

obtained model named Faster R-CNN ResNet-101 was performed. A new enhanced anchor box 
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approach was presented. The resulting modification to the anchor box contained an addition of 

a 64x64 scale size; replaced the default aspect ratios with 1:3 and 3:1. These modifications 

improved the detection of the targeted Chinee Apple weed to 93.57% with an enhancement of 

24.95% in average precision (AP) and 2.58% in mAP. 

 The performance-optimized DL approach was presented for the identification of plant diseases 

using a novel NZDLPlantDisease-v1 dataset. The idea presented for weed detection was adopted 

for this research. Furthermore, an in-depth analysis of position-sensitive score maps and anchor 

boxes of the Region-based Fully Convolutional Network (R-FCN) model (the best-obtained DL 

model) was performed. The final mAP obtained by the optimized R-FCN model was 93.80%, 

which was 19.33% better than the default settings. Furthermore, the effectiveness and robustness 

of the research were demonstrated with the five-fold stratified cross-validation technique and 

tested on an externally generated dataset. This research remarkably showed an extended potential 

of a complex plant-based agricultural problem like plant disease detection, considering various 

practical agricultural problems, such as, detection of plant disease in multiple organs, presence 

of multiple disease in plant organs at a time, and significance of the DL-based optimized model 

for the identification of disease in various crops. 

 The final study comprises a transfer learning approach through optimized weights obtained on 

three agricultural datasets. The Faster R-CNN Inception ResNet-v2 was found the best-suited 

DL model for a newly generated dataset called NZDLPlantDisease-v2. Later, the weights 

optimized through the PlantVillage dataset improved the results of the Faster R-CNN model for 

NZDLPlantDisease-v2. The final mAP was found to be 91.33% which was improved by 9.25%, 

compared to the default settings.  

9.2. Outlook 

The research outcomes of the presented methodologies have generated numerous opportunities for 

future research. The approaches/methods proposed in this thesis can be applied in other agricultural 

operations such as fruit harvesting/recognition, plant identification, classification of agricultural land 

cover, analysis of soil moisture content, and severity analysis of defected plants. 

Future research could also comprise segmentation-based models to perform pixel-wise identification 

of plant diseases and weeds. Similarly, various advanced sensing technologies, such as microfluidics 

technology, can be integrated with the optimized/modified DL architectures using the proposed 

datasets. Moreover, an integration of various imaging techniques like hyperspectral/multispectral 

imaging with DL models could also be employed to get further advancements in both selected 



Chapter 9 

 

176 

 

agricultural operations. Furthermore, the recent advancement in deep learning through CapsuleNet 

can also be explored and compared with Convolution Neural Networks (CNNs). 

The image-based analysis was presented throughout this thesis. However, real-time detection could 

also be performed using the proposed methodologies. Furthermore, the detection time could be 

attempted to reduce by proposing modifications in the DL model. In addition, a complete crop 

protection system could be designed consisting of continuous crop monitoring and intelligently 

guiding the farm workers to take appropriate and timely action using a webpage or mobile application. 

Furthermore, robotic systems can be developed for use in horticultural fields utilizing datasets and 

optimized DL models. These systems would require a team effort of engineers/data scientists and 

agronomists to apply crop protection remedies such as the application of fungicide sprays on defected 

parts of plants, the removal of disease organs, and the application of herbicides on weeds. The robotic 

system could reduce the overall cost of crop protection. The latest research topic on the Internet of 

Robotic Things (IoRT) should also be explored for agricultural purposes to further advance the field 

of research. Moreover, a deep learning-based robot can be used to take a survey of the plants to 

analyze their nutrient deficiency and the maturity of the crops.  

The artificial intelligence part for an agricultural robot could be taken from the optimized/modified 

DL models presented in this thesis. Further components of the robotic system could be proposed, 

such as a soft and flexible robotic hand gripper/manipulator. These grippers could be designed to 

detach defective parts of the plant and a robotic base could be built that can be operated in a real 

agricultural environment.   

The proposed novel dataset contains diseases in multiple organs of several species of plants. 

However, some crops contain disease only in their leaves or stems. Therefore, these datasets should 

be extended to other plant organs and crops. Furthermore, the images can be collected in the 

agricultural environment of different countries to obtain further diversity in the symptoms of plant 

disease.  
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Abstract
Recently, agriculture has gained much attention regarding automation by artificial intel-
ligence techniques and robotic systems. Particularly, with the advancements in machine 
learning (ML) concepts, significant improvements have been observed in agricultural tasks. 
The ability of automatic feature extraction creates an adaptive nature in deep learning (DL), 
specifically convolutional neural networks to achieve human-level accuracy in various 
agricultural applications, prominent among which are plant disease detection and classi-
fication, weed/crop discrimination, fruit counting, land cover classification, and crop/plant 
recognition. This review presents the performance of recent uses in agricultural robots by 
the implementation of ML and DL algorithms/architectures during the last decade. Perfor-
mance plots are drawn to study the effectiveness of deep learning over traditional machine 
learning models for certain agricultural operations. The analysis of prominent studies high-
lighted that the DL-based models, like RCNN (Region-based Convolutional Neural Net-
work), achieve a higher plant disease/pest detection rate (82.51%) than the well-known ML 
algorithms, including Multi-Layer Perceptron (64.9%) and K-nearest Neighbour (63.76%). 
The famous DL architecture named ResNet-18 attained more accurate Area Under the 
Curve (94.84%), and outperformed ML-based techniques, including Random Forest (RF) 
(70.16%) and Support Vector Machine (SVM) (60.6%), for crop/weed discrimination. 
Another DL model called FCN (Fully Convolutional Networks) recorded higher accuracy 
(83.9%) than SVM (67.6%) and RF (65.6%) algorithms for the classification of agricultural 
land covers. Finally, some important research gaps from the previous studies and innova-
tive future directions are also noted to help propel automation in agriculture up to the next 
level.

Keywords  Agricultural robotics · Machine learning · Deep learning · Convolutional neural 
network · Plant disease detection · Fruit harvesting
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Introduction

The agricultural industries are facing several problems including deficiency in the growth 
of products like fruits, vegetables, etc. (Chen et  al., 2019), unpredictable soil contents 
(Padarian et  al., 2019), improper application of pesticides (Sladojevic et  al., 2016), her-
bicides, fungicides or insecticides to reduce crop/plant diseases and shortage of trained/
skilled labour (Zhao et  al., 2016a), etc. It is very important to address these issues as 
advancements in agriculture play a vital role in the economy of a country. Just like other 
fields of research including medical science, mechanical/automation, and business indus-
tries, etc., agriculture can also benefit from the use of robots to complement the human 
workforce. Therefore, in recent years, several attempts have been made to resolve agri-
cultural issues through robotic platforms (Ebrahimi et  al., 2017; Wspanialy & Moussa, 
2016; Zhao et  al., 2016a). Many state-of-the-art approaches have been introduced/modi-
fied to perform various agricultural tasks like fuzzy logic/classifier (Cho, Chang, et  al., 
2002; Cho, Lee, et al., 2002; Sujaritha et al., 2017), combined radar-vision system (Milella 
et  al., 2011), HIS colour model (Feng et  al., 2015), improved Otsu threshold algorithm 
(Wei et al., 2014), integration of various sensors (Milella, Reina, et al., 2019; Reina et al., 
2016), self-supervised scheme (Reina et  al., 2016), etc. In this regard, Artificial Intelli-
gence (AI) has been proven to have great potential towards agricultural applications by the 
implementation of robotic systems with machine learning (ML)/deep learning (DL) algo-
rithms (Ebrahimi et al., 2017; McCool et al., 2017; Zhang, Jia, et al., 2018; Zhang, Qiao, 
et al., 2018). Some advanced visualization techniques are prominent: saliency map visu-
alization (Brahimi et al., 2018), hyperspectral imaging (Mahlein et al., 2017; Wang, Vin-
son, et al., 2019; Wang, Zhang, et al., 2019), multispectral imaging (Patrick et al., 2017; 
Pourazar et  al., 2019; Slaughter et  al., 2008) and thermal imaging (Azouz et  al., 2015; 
Ishimwe et  al., 2014), etc., have also been applied with ML/DL models for agricultural 
tasks. Therefore, with the progress in AI, the performance of many complex agricultural 
operations has improved as compared to the earlier approaches. This led us to present an 
overall review of research outcomes that have been obtained for agricultural applications 
by the implementation of ML/DL algorithms through robotic systems.

Some review articles have been published incorporating only a particular type of agri-
cultural application with/without a robotic system by considering AI/computer vision/
other advanced vision control techniques. For example, a recent review addressed the crop 
water stress by the machine learning approach (Virnodkar et al., 2020). A review article 
summarized the statistical ML algorithms, which have been implemented for various agri-
cultural operations (Rehman et  al., 2019). In (Huang et  al., 2010), soft computing tech-
niques including fuzzy logic, neural network, genetic algorithm, decision tree, and support 
vector machine (SVM) were presented for the analysis of soil, precision agriculture, and 
management of crops. A comprehensive review was conducted for precision agriculture 
by Unmanned Aerial Systems (UAS) and important future directions were also provided 
in the article (Zhang & Kovacs, 2012). In (Kamilaris & Prenafeta-Boldú, 2018), the DL 
architectures were reviewed for several agricultural operations. The review presented in 
(Zhao et al., 2016a) indicated the algorithms/schemes developed for vision control of har-
vesting robots. Another review paper outlined the harvesting robots to show their perfor-
mance along with the procedures of robotic designs, and adaptive algorithms for harvesting 
purposes. Some interesting future recommendations including modification in the environ-
ment of crops, innovative robotic designs, and other important factors like safety and econ-
omy were also summarized (Bac et al., 2014). For the harvesting purpose, the advancement 
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in sensors was summarized in (Zujevs et  al., 2015), by dividing them into four classes: 
chemical, tactile, proximity sensors, and computer vision. The issues like an in-camera 
sensor, design of the filter, and image segmentation methods for the identification of fruits 
through harvesting robots were presented in Li et al. (2011). Another review article pre-
sented the development of sensors for the detection/localization of fruit; it also described 
the AI-based classification methods and highlighted loopholes in those approaches (Gon-
gal et  al., 2015). The applications of machine vision with AI for agricultural tasks like 
detection of disease/pests in crops, evaluation of the quality of the grain, and automatic 
detection of plant phenotyping were studied in (Patrício & Rieder, 2018). The procedure 
for weed detection by various classification methods including machine learning and deep 
learning was reviewed in (Wang, Vinson, et  al., 2019; Wang, Zhang, et  al., 2019). The 
supervision of plant pathology by the robotic system while utilizing AI and machine vision 
techniques were presented in (Ampatzidis et al., 2017). Various sensing technologies and 
advanced cameras along with their limitations to categorize fruit/plant and analyse the 
physical structure of plants were summarized in (Narvaez et  al., 2017). Another review 
article outlined the latest smart methodologies like internet of things (IoT), ML, and DL for 
agricultural purposes including crops/plant disease, pesticide and weed control, and stor-
age and water management. (Jha et al., 2019). A review paper summarized ML algorithms 
for addressing weed detection, plant disease/pest detection tasks (Behmann et al., 2015). A 
recent review article presented the DL-based techniques for various agricultural applica-
tions (Santos et al., 2019). Another review paper explained and summarized deep learning 
models for the identification and classification of plant disease along with the application 
of DL with advanced imaging techniques including hyperspectral/multispectral imaging 
and some interesting future directions were also provided (Saleem et al., 2019). Moreover, 
the application of Big Data for agriculture was reviewed by Wolfert et al. (2017).

To the best of the authors’ knowledge, there is no systematic review in a single arti-
cle presenting the performance of robotic systems by machine/deep learning algorithms 
considering the major agricultural operations including detection of plant disease, identi-
fication of crop/plant, fruit counting, fruit recognition, identification of weed, crop/weed 
discrimination, and classification of agricultural land cover. Therefore, this review article 
will be useful to advance the agricultural field of research by studying machine and deep 
learning techniques that have been implemented on various intelligent agricultural systems. 
It will also be helpful to understand the research gaps in several complex agricultural appli-
cations to save cost related to agricultural protection and increase the growth of several 
agricultural products. To understand an overall idea of a robotic system for agricultural 
operations by implementing an ML/DL algorithm, Fig.  1 can be a good resource. First, 
the agricultural application should be selected, which would lead to the selection of a cer-
tain robotic platform that can be primarily used for the collection of datasets. Then, the 
Machine Learning/Deep Learning model would be proposed and trained into a robot that 
will perform the agricultural task, and finally record the accuracy of the models in terms of 
various performance metrics, like classification accuracy, F1-score, detection/failure rate, 
etc.

On top of that, during this review, the following questions were addressed that will 
guide the researchers of agricultural automation about many aspects of ML/DL algorithms 
employed through robotic platforms specifically in agricultural fields.

•	 Which agricultural operations have majorly implemented machine/deep learning algo-
rithms through automated systems and what are the robotic platforms adopted for these 
agricultural tasks?
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•	 Which agricultural products/fruits/vegetables have been included in the previous 
studies when considering the implementation of ML and DL algorithms for robotic 
systems?

•	 Which ML/DL algorithms have been applied frequently for agricultural operations?
•	 How much has deep learning outperformed traditional machine learning algorithms 

for various agricultural tasks?
•	 Which performance metrics have been considered in the previous studies for the 

evaluation of ML and DL models that were used to perform agricultural tasks?
•	 What are the research gaps which could be filled to achieve better performance of 

various agricultural operations by ML/DL-based automated systems?

The remainder of the paper is further divided into the following sections: “Appli-
cation of Traditional Machine Learning Algorithms in Agricultural Robots” presents 
machine learning models for various agricultural applications applied on robotic sys-
tems along with the research gaps; “Deep Learning Approach for Agricultural Opera-
tions by Robotic Platforms” elaborates the deep learning architectures for several agri-
cultural operations implemented through robotic platforms along with the performance 
plots, and “Conclusion and Future Directions” concludes the review along with some 
future directions which will be helpful to achieve higher accuracy and great advance-
ments in several agricultural tasks.
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Fig. 1   Block diagram of the implementation of robotic system through ML/DL algorithms
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Fig. 2   A hierarchy of artificial 
intelligence (AI) according to 
which machine learning is typi-
cally a subset of AI and similarly 
deep learning is the subcategory 
of machine learning
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Deep Learning

Input images 
with label

Feature 
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Support Vector 
Machines (SVM)
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Performance of 
ML algorithm

Propose 
improvement 
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Fig. 3   A general representation of steps to implement machine learning algorithms
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Application of Traditional Machine Learning Algorithms in Agricultural 
Robots

In this era of automation, Artificial Intelligence (AI) has complemented the human work-
force  in  many  real-life  applications.  Similarly,  the  agricultural  industries  also  require 
smart  solutions  to  address  important  issues  like  saving  cost, better  production  of
agricultural   products   like   fruits/vegetables,  shortage   of   trained   labour,  etc.  In   this
regard, Machine Learning (ML) as a subset of AI produced a significant contribution to 
agricultural automation. The ML has further subcategories such as Deep Learning (DL)
, which is   an   emerging   technology   to   perform   various   agricultural   operations
intelligently.  A general representation of AI, ML, and DL is presented in Fig.  2.

  Before  the  evolution  of  deep  learning  architectures,  prominent  among  which  is 
AlexNet  (Krizhevsky  et   al.,  2012),  machine  learning  (ML)  algorithms  produced  many 
state-of-the-art results for various agricultural tasks. In these algorithms, Support Vec-
tor Machines (SVM), K-Nearest Neighbour (KNN), Random Forest (RF) classifier, and 
Decision Tree (DT) are the most prominent models. Although the ML algorithms like 
SVM have also been used to perform various complex tasks like classification and map-
ping  of  agricultural  terrain  (Reina  et   al.,  2017),  this  review  is  focused  on  the  studies 
which applied ML models/algorithms to perform five agricultural tasks through robotic 
systems  as  described  in  the  next  sub-sections.  Also,  their  limitations  are  summarized 
which could help to advance upcoming future research in the field of agricultural auto-
mation.  The  general  flow  for  the  implementation  of  an  ML  algorithm  is  presented  in 
Fig.  3.



	

1 3 183 

Appendix 1

Precision Agriculture (2021) 22:2053–2091

Plant Disease/Pest Detection and Classification

The diseases/pests on plant species produce a significant impact on the growth of agri-
cultural  products.  Therefore,  their  detection  and  classification  are  a  necessity,  particu-
larly  by  an  automated  approach.  In  this  regard,  ML  algorithms  have  been  applied  to 
perform  this  important  agricultural  task. For  example,  a  Multi-Support  Vector 
Machine  (M-SVM)  was  proposed  for  the  detection  of  disease  in  citrus  fruit  and  its 
performancewas   compared   with   state-of-the-art   approaches   like   Weighted   K-
Nearest   Neighbour  (W-KNN),  Decision   Tree   (DT),  Linear   Discriminant
Analysis (LDA),  and   EnsembleBoosted  Tree  (EBT). However,  the  model  were  not
compared with  DL  architectures  toprove  the  effectiveness  of  the  model  more  clearly
(Sharif  et al.,  2018). Another  researchwas  conducted  to  detect  and  classify  the
healthy  and diseased  leaves  of  vine  by  Local  Binary  Patterns  and  One-Class
Classifiers  (Pantazi et al.,  2019).

  The  ML  algorithms  have  also  been  implemented  through  robotic  platforms  for  the 
detection of plant disease. For example, an Unmanned Aerial Vehicle (UAV) was used for 
the detection of Citrus greening and well-known ML algorithms like linear SVM, coarse 
gaussian  SVM,  standard  gaussian  SVM,  K-Nearest  Neighbour,  and  simple  and  complex 
Decision  Tree  were  implemented  to  obtain  the  best-suitable  model.  From  this  study,  a 
research gap can be filled by comparing the performance of ML models with well-known 
DL models like AlexNet, ResNet-50, VGG-16, etc. for the classification between healthy 
and  diseased  leaves  (Sarkar  et   al.,  2016).  A  mobile  robot  was  implemented  in  a  straw-
berry greenhouse to detect its disease; an SVM algorithm was applied for this purpose and 
achieved a considerably lower prediction error (Ebrahimi et al.,  2017).

Plant/Leaves Recognition and Classification

Another  important  task  of  plant  recognition  has  been  done  by  state-of-the-art  ML  tech-
niques through robotic platforms. A mobile robot was implemented to find its best route for 
a plantation in a real agricultural farm (Jodas et al.,  2013) and for that purpose, SVM and 
ANN were evaluated and achieved 93% and 90% accuracy respectively. A critical task of 
the classification of grapevines was performed by SVM and ANN models through an all-
terrain vehicle (Gutiérrez et al.,  2018). This research could have a more interesting analysis 
if the performance of these two ML algorithms were compared with some successful CNN 
models like AlexNet, VGG, ResNet-50, etc. Another plant classification-related task was 
described in Huang et al. (2016) which proposed and designed a stand-still imaging sys-
tem  consisting  of  a  hyperspectral  camera,  and  a  Least  Squares  Support  Vector  Machine
(LSSVM) model was selected to classify the maize seed. Although the technique imple-
mented in this research achieved good classification accuracy (CA), still the effectiveness 
of  LSSVM  should  be  proved  by  comparing  its  performance  with  the  other  ML  classifi-
ers like RF. Furthermore, more diversity in data samples should be included to prove the 
robustness of the applied model. In a research, as a prerequisite for an agricultural robot in 
a practical field, an SVM-based classification method was applied to distinguish eight dif-
ferent plant species (Dyrmann et al.,  2018); the method proposed in this research improved 
the  classification  accuracy  which  showed  the  significance  of  the  work.  Another  research 
performed the classification among six different plant species by a BoniRob mobile robot 
through the implementation of well-known ML algorithms. Their comparison brought sim-
ple logistic regression, SVM, and neural network, with the best results (Weiss et al.,  2010).
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A research used a UAV-based system for the task of tobacco plant recognition. An SVM 
model was implemented for this purpose and further enhancement in the performance was 
suggested by the candidate region extraction and feature extraction (Xie et al., 2016).

Crop/Weed Discrimination and Classification of Weeds/Crops

A critical agricultural task of crop and weed discrimination is also important to address as 
it is useful for determining the amount of herbicide required to control the weeds. Most of 
the studies were conducted for sugar beet fields; several were performed for carrot, rice, 
maize, and cereal farms. The ML algorithms including RF and SVM were prominently 
applied to robots for this agricultural operation. For example, the discrimination between 
crop and weed in a carrot farm was performed by an autonomous system through the 
implementation of the Random Forest classifier (Haug et al., 2014). For a more compre-
hensive assessment of the proposed system, there should be a comparative evaluation of 
this method with other state-of-the-art techniques like SVM. In (Cheng & Matson, 2015), 
an autonomous robot was used for the discrimination between crop (rice) and weed by 
featuring a base system consisting of a Harris Corner Detection algorithm along with ML 
algorithms that were compared in terms of precision and recall. A research was conducted 
for the discrimination between sugar beet and weeds by a BoniRob robotic platform; the 
classification was done by the Random Forest classifier, and the results were improved by 
MRF (Markov Random Field). Due to the successful classification outcomes, it is sug-
gested that the RF would be useful for multiple-weed class problems (Lottes et al., 2016). 
Another research was conducted for the discrimination between a sugar beet crop and weed 
by a UAV; using information from RGB images; classification was done by RF classifier 
to achieve high precision and recall (Lottes et al., 2017). For an autonomous detection of 
weeds in a sugar beet field, two well-known algorithms—SVM and ANN—were imple-
mented. The ANN achieved a considerably higher classification accuracy than SVM which 
proved the usefulness of the neural network-based technique (Bakhshipour & Jafari, 2018). 
A research was conducted to show the effectiveness of near-infrared mosaic hyperspec-
tral imaging for crop and weed discrimination in a maize field. In the domain of machine 
learning, a random forest classifier was used (Gao et al., 2018); the higher precision and 
recall percentages showed that the applied method should be tested in a real-time robotic 
system. In (Tellaeche et al., 2011), the weeds were identified in a cereal crop by SVM and 
the classification accuracy was measured by Correct Classification Percentage (CCP) and 
Yule coefficient; the novelty of this work was shown by the evaluation of spray applied 
in the field. A research used the UAV for the detection/mapping of Silybum marianum 
weeds on hyperspectral images by comparing the performance of various ML techniques 
out of which One Class Support Vector Machine (OC-SVM) achieved the highest accuracy 
(Alexandridis et al., 2017).

Harvesting/Recognition of Fruits and Vegetables

The agricultural task of fruit harvesting has been addressed in recent studies that imple-
mented well-known ML algorithms through robotic systems. However, the modified ver-
sions of ML models have also been proposed in a few research articles to perform this 
agricultural operation. For example, to identify tomatoes according to their maturity, a 
pixel and blob-based segmentation methods were applied along with a machine learn-
ing algorithm named X-means clustering which was derived from the famous K-means 
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clustering method (Yamamoto et al., 2014). In (Ji et al., 2012), a harvesting robot was 
tested in a real field environment by applying the vector median filter for the removal of 
noise, then image segmentation was applied for the extraction of the features of apples. 
An SVM-based method was applied to get improvement in recognition accuracy and 
some research gaps were also provided in the paper like addressing the unrecognized 
apples and reduction in timing of fruit recognition for a practical system. The apple 
harvesting system was developed in another research which consisted of a manipulator, 
end-effector, and vision system, whereas the SVM with RBF (radial basis function) was 
used for the recognition of apples, and the effectiveness of the system was shown by 
performing the experiments in the laboratory and real agricultural farms (De-An et al., 
2011). To harvest tomatoes, an ML approach named RVM (Relevance Vector Machine) 
was introduced based on Bayesian inference, and a higher accuracy was obtained which 
has provided the motivation to use an RVM model for upcoming research (Wu, Zeng, 
et al., 2019; Wu, Zhang, et al., 2019). In addition to the applied methods, a comparative 
analysis should be provided in these studies with the other ML algorithms to show the 
usefulness of the proposed approach.

However, some research articles have considered various ML algorithms and compared 
their performance for the recognition/classification of fruits. For example, a conveyor belt-
based system was proposed to evaluate various conditions of biscuits by implementing a 
Radial-based SVM classifier with Wilk’s λ method which achieved a higher classification 
accuracy as compared to the Polynomial SVM and discriminant analysis (DA) (Nashat 
et al., 2011). In, (Tao & Zhou, 2017), the authors used the Colour-FPFH 3D descriptor to 
extract the features of apples. For the classification purpose, the Genetic Algorithm SVM 
classifier (GA-SVM) was used and its performance was compared with other classifiers 
like SVM, KNN, and RF. A complete study of Broccoli was presented in Kusumam et al. 
(2017), which incorporated the important steps from detection to size estimation and level 
of growth by a robotic tractor system and the SVM algorithm was again used along with a 
viewpoint feature histogram and temporal filter; a comparison was also done between KNN 
and SVM algorithms and the detection accuracy can be further improved by considering 
texture features. Another research used a tractor system for the localization and detection of 
Broccoli by using a method composed of VFH (ViewPoint Feature Histogram) and SVM 
(Support Vector Machine), its performance was increased when temporal filtering (TF) 
was included, and the proposed method was compared with ANN (Kusumam et al., 2016). 
Another study used the SVM classifier (Liu, Mao, et al., 2019; Liu, Pi, et al., 2019), which 
applied the HOG descriptor for the training of SVM and False Colour Removal (FCR) 
and Non-Maximum Suppression (NMS) were proposed for the removal of false positives 
and merge the overlapped detections. This research has practical importance for the future 
robotic system as the images were taken at 500–1000 mm distance which is quite feasible 
for an actual robotic platform. Therefore, the proposed method can be used in a real-time 
robotic system. Moreover, the proposed method was compared with the other approaches 
like AdaBoost (Zhao et al., 2016b), YOLO model (Redmon et al., 2016), Circular Gabor 
Filter, and Eigen Fruit (Kurtulmus et al., 2011).

Another approach used SVM for texture classification along with Canny edge detection 
with a graph-based connected component algorithm and the Hough line detection method 
for the removal/reduction of false positives of green citrus fruit (Sengupta & Lee, 2014). 
An SVM-based approach was proposed in (Mao et al., 2020) to recognize cucumbers in a 
farm; the method consisted of Iterative-RELIEF which was used for the extraction of col-
our components, background pre-processing being done by Median filter, Otsu algorithm, 
and Maximally Stable Extremal Regions (MSER); a fine-tuned DL model was proposed 
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for feature extraction and finally PCA was used for the reduction of the dimension which 
eventually became useful for SVM classification.

Land Cover Classification

Several researchers used well-known ML algorithms and compared their performance 
for the selection of the best-suited model to classify different classes of agricultural land 
covers. For example, the classification among agricultural lands was performed and com-
pared by implementing DT, RF, and SVM and it was concluded that object-based SVM 
got the highest Overall accuracy (Duro et al., 2012). A research was conducted to classify 
16 classes divided into ten agricultural and six non-agricultural landscapes; a comprehen-
sive comparison was provided between six state-of-the-art ML techniques including Multi-
layer Perceptron (MLP), Support Vector Regression (SVR), the Least-Squares (LS)-SVM, 
Bagged Regression Trees (BaRTs), Boosted Regression Trees (BoRTs), and the Random 
Forest (RF) by using EPR- (Eenmalige perceels registratie—in the Dutch language) based 
data and CORINE Land-Cover 2006 dataset. It was found that SVM classifiers (SVR and 
LS-SVM) outperformed other classifiers in terms of pixel-level Nash–Sutcliffe (NS) index 
and some future directions were provided in the article including the selection of input var-
iables and the implication of fractional abundance constraints (Heremans & Van Orshoven, 
2015). For the land cover classification, three state-of-the-art methods were applied includ-
ing Support Vector Machine (SVM), Neural Network (NN), and Classification and Regres-
sion Trees (CART). It was found that the SVM classifier achieved the highest classifica-
tion accuracy (Shao & Lunetta, 2012). Another research performed a comparative study 
between RF, kNN, and SVM to classify six different classes (including agricultural land-
scape) by using images taken through Sentinel-2 satellite (Thanh Noi & Kappas, 2018). A 
study was conducted for the classification of croplands and this time TerraSAR-X satellite 
data was used; the significance of RF was noted by comparing its performance with Clas-
sification and Regression Tree (CART) (Sonobe et al., 2014). In (Peña et al., 2014), nine 
important crops were classified by considering input from images of ASTER satellite and 
state-of-the-art ML approaches like DT, LR, SVM, and MLP were utilized for this pur-
pose. Among all of them, SVM and MLP outperformed the others and the authors imple-
mented an SVM + SVM algorithm that achieved slightly higher accuracy than SVM and 
MLP models.

On the other hand, a few articles implemented only RF classifier for the classification 
of the landscape. For example, the Landsat-5 Thematic Mapper data was used to classify 
complex landscapes by RF algorithm and achieved 92% overall accuracy (Rodriguez-
Galiano et al., 2012). Similarly, the research presented in Eisavi et al. (2015) showed the 
significance of the RF classifier by taking the images of 13 agricultural landscapes via 
Landsat 8 satellite.

The Random Forest (RF) classifier and Maximum Likelihood Classification (MLC) 
were implemented on images taken from SPOT 5 satellite for the classification of various 
agricultural cropland fields. The outcome of this research favoured RF classifier by a sig-
nificant margin (Ok et al., 2012). A research performed the classification of four croplands 
by classical ML algorithms such as SVM and RF through images taken by time series 
UAV. The novelty of this work was proved by considering the effect of textural features 
through the Grey-Level Co-occurrence Matrix (GLCM) along with the spectral features. 
Moreover, DL architectures could also be applied for further improvement in the classifica-
tion task (Kwak & Park, 2019).
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Overall Presentation of ML Algorithms for Agricultural Operations by Robots

Few important research gaps/future directions related to each agricultural operation from 
this section are presented in Table  1. Moreover, a summary of the performance of ML 
algorithms is shown in Table 2.

Deep Learning Approach for Agricultural Operations by Robotic 
Platforms

After the development of deep learning (DL), many state-of-the-art models were imple-
mented for various real-life applications. Among those models, Convolutional Neural Net-
work (CNN) produced significant improvement for many image recognition/classification 
tasks. Similarly, agricultural operations have also been performed by the implementation of 
CNN architectures through robots.

Previously, some review articles were focused on DL with respect to certain agricultural 
operations. For example, a comprehensive review of DL in agriculture was presented in 
(Kamilaris & Prenafeta-Boldú, 2018), in which all the major agricultural tasks were sum-
marized. In contrast, this review article presents deep learning approach for major agri-
cultural operations implemented through robotic platforms. Moreover, few research arti-
cles are also included in this review which showed the effectiveness of proposed DL-based 
models for upcoming agricultural robotic projects. Furthermore, some important research 
gaps are mentioned to address agricultural issues by automation through CNN architec-
tures. The performance plots are also drawn to indicate the significance of DL architectures 
over traditional/well-known ML models for the respective agricultural tasks.

The implementation of DL to perform agricultural operations through robots involves 
few steps as presented in FigS. 4, and 5 further explains all the three steps of Fig. 4 more 
clearly.

Plant Disease/Pest Detection and Classification

In recent times, DL has been considered a better method to perform agricultural tasks. 
These tasks are performed by implementing well-known CNN architectures or by propos-
ing some modifications to those well-known models. A complex task of plant disease iden-
tification has been addressed by the DL techniques (Esgario et al., 2020; Li et al., 2020; 
Liu, Abd-Elrahman, et  al., 2018; Liu, Zhang, et  al., 2018; Singh et  al., 2019). An over-
all review can be referred to (Saleem et  al., 2019) related to plant disease identification 
by DL. However, in this section, a summary of the DL approaches applied through auto-
mated systems (like mobile robot, robotic arm, etc.) is provided for plant disease and pest 
identification.

An imaging system was proposed to detect the powdery mildew disease by the imple-
mentation of a famous CNN architecture named GoogLeNet and the accuracy was com-
pared with experts’ performance (Bierman et al., 2019). A research was conducted for the 
comparative evaluation of the performance of DL and ML algorithms for the detection of 
pests on tomato and pepper crops for autonomous robots and concluded with the superior 
accuracy of DL architecture, principally Faster RCNN (more accurate but requires more 
computation time) and SSD (less accurate than RCNN and requires less training time). 
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Moreover, the characteristics of the automatic feature extraction of DL were presented that 
helped to achieve better accuracy/classification as compared to an ML approach which 
required complex feature engineering works, and some innovative future directions were 
also presented like data augmentation technique and an inclusion of dataset images hav-
ing pests present in the plants to generate diversity in a dataset (Gutierrez et  al., 2019). 
Another research was conducted to prove the significance of deep learning in terms of its 
ability to automatically detect disease on fruits through an automatic sorting machine; the 
performance of the proposed system could be improved by deep autoencoder (da Costa 
et al., 2020). For the detection of a crop virus, a Fully Convolution Neural Network (FCN) 
model was deployed on the hyperspectral images through a tractor-shaped system contain-
ing a push broom (Polder et al., 2019). A 6 degree-of-freedom (DoF) robotic arm was used 
to automatically detect the diseased leaves by the implementation of Faster-RCNN with 

Fig. 4   The basic steps of a 
robotic platform for an agricul-
tural task by DL approach; (A) 
indicates the input dataset like 
images of various plants/fruits, 
(B) presents that the robotic 
system needs a brain to perform 
certain tasks and here DL models 
act as a brain to the robot, and, 
finally, (C) represents the output 
of agricultural robots to show 
the significance of applied DL 
architecture

Input data

Robot

Performance of 
agricultural 
operation

A

B

C

Pre-
processing 

steps

Classification 
accuracy, F1-

score, etc.

The DL architecture 
behaves like a brain of 

robot 

Images augmentation for 
diversity in dataset by 

changing rotation, 
brightness, sharpness, 
contrast of images, etc. 

B1A2A1

Selection of suitable DL/
CNN architecture for 

image detection such as 
Faster RCNN, SSD, etc.

DL architecture for 
image classification such 

as ResNet-50, 
MobileNet, Xception, etc. 

B2

B3

Selection of 
hyperparameters 
like batch size, 

optimizer, learning 
rate, etc.

B4B5C1

Training of DL 
architectures

Testing of DL 
model on robotic 

platform

Performance 
analysis of DL 

models

Improvement in 
results by 
proposing 

modified/cascaded 
DL architecture

C2

Collection of dataset 
from real field or Publicly 

available dataset 

Fig. 5   A clearer explanation of (A, B, and C) (presented in the previous figure) require to implement an 
agricultural task by DL-based robot
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ResNet-101 model (Joffe et al., 2018). An Unmanned Aerial Vehicle (UAV)—based sys-
tem was developed for the identification of vineyard disease by a deep learning algorithm 
applied to multispectral images, but it is suggested that false detections could be reduced 
by applying and testing various DL models (Kerkech et al., 2019). The UAV was also used 
for the detection of Fusarium wilt in a radish farm; the well-known VGG model performed 
well and achieved comparatively higher accuracy than the K-means clustering ML algo-
rithm. Some recommendations were provided to improve the performance such as the com-
bination of RGB and infrared images; a comprehensive analysis was recommended based 
on the severity of the disease (Ha et al., 2017). Another approach used UAV technology 
for the detection of disease in a radish farm by the implementation of K-means clustering 
along with GoogLeNet architecture (trained by a fine-tuning technique). The performance 
of the DL model was significantly better than the SVM model (Dang et al., 2018).

From this section, it can be concluded that various DL architectures were implemented 
for the detection of disease in plant leaves. However, the future research should be con-
ducted to detect and classify the disease present in all the defected parts of the plant spe-
cies including leaves, stem, fruit, and flowers, by utilizing the adaptive nature of DL. This 
is one of the most important research gaps provided in this review. Moreover, very few 
studies have been conducted to perform this task by a real-time automated system, there-
fore there is a need of a robotic platform than can address this agricultural problem. Fur-
thermore, the chemical sprays like fungicide/herbicide/pesticides should be applied intel-
ligently after the successful detection of plant disease, which would be helpful to generate 
a cost-effective crop protection system.

Plant/Leaves Recognition and Classification

Just like traditional ML algorithms, deep learning models have also applied for the plant 
recognition task. For instance, a research was conducted for the classification of several 
plant species by proposing/implementing CNN models (Dyrmann et  al., 2016). A very 
important study was done in (Lee et  al., 2017) to understand the concept and capability 
of deep learning models to extract the characteristics/features of several plant species. The 
development of deep plant phenomics (DPP) created a major contribution to the commu-
nity of plant phenotyping (Ubbens & Stavness, 2017). Another state-of-the-art approach 
was proposed for the classification of plants with their multiple organs through CNN and 
RNN models (Lee et al., 2018). The classification of four different plant species was done 
by proposing a CNN model which outperformed the approaches like Scale-Invariant Fea-
ture Transform (SIRF) and speeded up robust features (SURF) (Kazerouni et al., 2019). A 
study was conducted for the classification of plant seedlings by CNN. This research also 
compared its performance with well-known ML techniques like SVM and KNN which 
proved the significance of the approach (Nkemelu et al., 2018).

Few of the studies were conducted to perform the task of plant recognition through 
robotic systems/platforms. To extract the stalk count and stalk width of the plant, a deep 
convolutional neural network and a semantic segmentation-based ground mobile robotic 
platform were proposed and validated the performance of the robot with two humans 
which showed the effectiveness of the proposed idea. The Faster Recurrent Convolution 
Neural Network (Faster RCNN) model was used for generating the bounding box and the 
binary output was obtained by Fully Convolution Network (FCN) to classify images as 
either stalk or background. As compared to human performance, the robot performed the 
stalk count task 30 times faster and stalk width measurement task 270 times faster (Baweja 
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et al., 2018). A study was conducted for the plant phenotyping by the deep learning tech-
nique based on a recently developed Point Cloud Network (PCN) model through multi-
robotic systems (Wu, Zeng, et  al., 2019; Wu, Zhang, et  al., 2019). A research used the 
UAV to count corn plants through a DL model named U-Net. The successful result of this 
approach provided a future motivation to implement this type of system for other crops 
(Kitano et  al., 2019). A robotic manipulator was used to recognize seven vegetables by 
famous DL feature extraction/detection architectures, but the recognition accuracy should 
be further increased by proposing some key modifications to the models applied in this 
research (Zheng et al., 2018). To recognize Legacy Blueberries plants, a Computer Numer-
ical Control (CNC)—based system was developed and a CNN was proposed to achieve 
a good performance in terms of precision, recall, F1-score, and accuracy. Although this 
proposed scheme can also be tested for pest detection, more improvement in the system’s 
performance is recommended in the future by the implementation of generative adversarial 
networks (GANs) for the generation of synthetic images (Quiroz & Alférez, 2020). The 
segmentation of Fig plants was done by UAV, and a CNN model was inspired by SegNet 
encoder-decoder architecture CNN. The code of the CNN model and dataset were pub-
lished online for the research community. A good thing was that the complex and variable/
original background of images were considered and it was suggested that the orthomosaic 
images could improve the system proposed in the paper (Fuentes-Pacheco et  al., 2019). 
Another research used a UAV for the collection of datasets to detect Tobacco plants by 
the CNN models. Although the proposed CNN architecture achieved good accuracy, there 
is still room to improve the performance further by the implementation of various avail-
able well-known CNN models, the advanced training techniques like transfer learning/fine-
tuning techniques could be utilized and some other crops should also be considered in the 
future (Fan et al., 2018). A research addressed the problem that occurs due to the critical 
distribution of heads of sorghum by a CNN model named RetinaNet on the UAV images; 
the system can achieve better performance by including diversity in the dataset (Ghosal 
et al., 2019). A hybrid approach consisting of SLIC (Simple Linear Iterative Clustering) 
and Hue properties was combined with a CNN model for the detection of flowers in a Soy-
bean field and a single axis robot was used for this purpose, and the authors also provided 
a future direction—that seed pod counting should also be considered (Yahata et al., 2017). 
A research utilized the UAV for the detection, classification, counting of trees, and evalu-
ation of varieties of citrus by the implementation of a famous DL detection model named 
YOLO-v3 (Ampatzidis & Partel, 2019).

In summary, the plant recognition task by DL models achieved considerably good per-
formance. Some future works are recommended like diversity in datasets and considering 
different crops to prove the effectiveness of CNNs. And stalk count/width should also be 
addressed in more detail.

Crop/Weed Discrimination and Classification of Weeds/Crops

Another complex agricultural task of discrimination between crop and weed has been 
reported by the DL approach through real-time robotic systems. In (Adhikari et al., 2019), 
the authors presented a deep convolutional encoder-decoder neural network and achieved 
a higher mIoU (mean Intersection of Union) which was significantly higher than the pre-
viously-used models like UNet (Ronneberger et  al., 2015), FCN (Long et  al., 2015) and 
DeepLabV3 (Chen et  al., 2017). A mobile platform was designed and implemented for 
the detection of weed in a radish farm by implementing an ANN model that showed the 
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obvious effectiveness of a neural network for the detection of weeds (SeI Cho, Chang, 
et  al., 2002; Cho, Lee, et  al., 2002). A CNN-based semantic segmentation for real-time 
crop and weed classification was done in a sugar beet field (Milioto et al., 2018). Another 
research was conducted to classify crop and weed by the implementation of a lightweight 
& deeper CNN on a mobile robot and the novelty of the work was that these CNN archi-
tectures were applied on the RGB along with Infra-red images (Potena et  al., 2016). A 
research was conducted to propose a class-wise stem and pixel-wise semantic segmenta-
tion-based system for the stem and crop/weed classification. This research achieved state-
of-the-art results through a mobile robot and UAV, and they outperformed conventional 
approaches like Random Forest, baseline-stem (Lottes et  al., 2018a). An FCN model 
having an encoder-decoder structure was proposed and implemented in sugar beet fields 
through a mobile robot named BoniRob containing RGB and NIR cameras for the col-
lection of datasets (Lottes et al., 2018b). An automated ground robotic system was imple-
mented for crop and weed discrimination through a simple ANN model by considering 
the natural environment, ignoring plants having incomplete features, and maximizing the 
pixels of weeds (Jeon et  al., 2011). The classification between crop and weed was also 
performed by the UAV platform through the famous CNN model ResNet and two agri-
cultural fields were considered to show the effectiveness of the proposed system; super-
vised labelling was done to improve the AUC on both fields. Moreover, an improvement in 
background segmentation by using multispectral images and graphical interface to gener-
ate an infestation map was suggested to reduce costs while applying herbicide in the fields 
(Bah et  al., 2018). A smart sprayer system was designed for the management of weeds 
and the system’s performance was analysed by using two different Graphical Processing 
Units (GPUs); real/artificial plants were also considered which clearly proved the useful-
ness of the DL model for the detection of weeds. As a future direction, an algorithm should 
be deployed that can vary the amount of chemical spray required to control the weed and 
its performance should be compared with the traditional sprayers (Partel et al., 2019). A 
wheeled robot named AgBotII was implemented on a cotton field to manage the weeds 
and proposed an image locking system for a clustering algorithm. The value of the work 
was shown by introducing a new performance metric named DScore and discrimination of 
weed was done successfully without previous knowledge of the field (Hall et al., 2017). A 
Micro Aerial Vehicle (MAV) was also implemented for the treatment of weed in a sugar 
beet field. The images were taken by multispectral imaging technique and a recently-devel-
oped SegNet model was trained and tested for the classification of weed and crop which 
could achieve higher accuracy by training the model on a larger dataset (Sa et al., 2017). 
In (dos Santos Ferreira et al., 2017), a quadcopter was used for the collection of crop and 
weed images, whereas the classification task was done by a very famous CNN architecture 
called AlexNet on Caffe software. Classification accuracy was compared with ML-based 
state-of-the-art approaches like SVM, Random Forest, and AdaBoost, and the results were 
obtained under a controlled environment which leads to a research gap that can be filled by 
considering a real environment with a larger dataset. A research was conducted to generate 
a publicly available dataset for the classification of eight types of weeds that were trained 
and tested through well-known CNN models like Inception-v3 and ResNet-50 (Olsen et al., 
2019). A mobile robot was used to generate the dataset for crop/weed detection (Di Cicco 
et al., 2017) and higher accuracy could be obtained by the use of NIR spectroscopy and 
hyperspectral imaging. A research was evaluated the robustness of the two models (JULE 
and DeepCluster) on the datasets developed in Olsen et al. (2019) and (dos Santos Ferreira 
et  al., 2017) by unsupervised clustering algorithms (dos Santos Ferreira et  al., 2019). A 
mobile robot was designed and implemented to classify crop and weed, and implemented 
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popular CNN architectures like AlexNet, VGG, ResNet, and Inception-v3, while the train-
ing was performed by the transfer learning technique through ImageNet dataset (Suh et al., 
2018). It is recommended to use Multiple classes to better prove the strength of the applied 
method. In (Dyrmann et al., 2017), the DetectNet model proposed in Barker et al. (2016) 
was used for the detection of weeds in a wheat field and an all-terrain vehicle was operated 
to generate the dataset. The proposed DL model should be tested in a real-time system 
to show the effectiveness of DetectNet architecture. Another article was published in the 
domain of weed detection by comparing the performance between SVM and ResNet mod-
els through a UAV in sugar beet fields; the obtained results favoured the ResNet model 
(Bah et al., 2019).

To conclude, many UAVs and ground robots have been implemented on fields like sugar 
beet, corn, etc., for performing complex tasks of weed/crop discrimination by state-of-the-
art DL models. These successful DL models should be tested on other crops by UAVs or 
other robotic platforms. Moreover, smart chemical sprayers should be deployed to control 
the weeds in agricultural fields.

Harvesting/Recognition of Fruits and Vegetables

Some of the recent studies were conducted for the fruit detection/harvesting task by well-
known DL architectures or by proposing an improved version of a DL model for forthcom-
ing agricultural robotic projects (Sa et al., 2016; Zhang et al., 2019). A few of them focused 
on designing a gripper for a fruit harvesting robot, like (Zhang, Harrison, et  al., 2020; 
Zhang, Huang, et al., 2020) proposed a harvesting system consisting of a low-cost robotic 
gripper and manipulator; the detection of the fruits/vegetables was done by the state-of-
the-art Mask-RCNN model. A research proposed an improved version of Faster-RCNN 
to detect fruits and the effectiveness of the proposed model was proved by comparing 
its performance with other well-known and successful DL image detection architectures 
including YOLO, Fast RCNN, and Faster RCNN (Wan & Goudos, 2020). A recent article 
proposed an apple recognition system by pulse couple neural network and genetic Elman 
neural network and achieved a higher recognition rate (Jia et al., 2020). In (Liu, Mao, et al., 
2019; Liu, Pi, et al., 2019), the authors proposed an improved version of a DenseNet model 
(Huang et al., 2017) to recognize and harvest tomatoes in a real environment. That research 
used a complex/actual environment that proved the novelty of the research as many of the 
previous studies used plain/controlled background and the rate of detection was compar-
atively better when compared to popular CNN models like ResNet, DenseNet, and SSD 
architectures. Another recent research was conducted for the classification of date fruits by 
well-known AlexNet and VGG-16 models trained through the transfer learning technique 
and comparing the performance of these models with previously published work (Altaheri 
et al., 2019). For the tomato harvesting robot, a wavelet transform-based image processing 
technique was applied along with two hidden layer feed-forward neural network models 
(Arefi & Motlagh, 2013). Another research implemented DL architecture by proposing a 
CNN model to harvest tomatoes and obtained 91.9% accuracy in a short period of time 
(Zhang, Jia, et al., 2018; Zhang, Qiao, et al., 2018).

In this article, those studies which used different robotic platforms for fruit harvest-
ing/recognition purpose are extensively summarized. A novel research was conducted in 
which a robotic manipulator consisting of four arms was designed and implemented in a 
kiwifruit orchard for harvesting; the novel end-effector for each arm was designed to pick 
kiwifruit safely and dynamic scheduling was also done. The detection of kiwifruits was 
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done by proposing a fully convolutional network named FCN-8S and real-field testing was 
performed which gave 51% successful harvesting results. Moreover, it was also determined 
that with the applied approach, the rate of successful harvesting can be increased to 70% 
and that a greater degree of freedom could increase cycle time (Williams et  al., 2019). 
Few recent articles considered an important agricultural task of segmentation of fruit clus-
ters in the real agricultural environment. In this regard, the first attempt was made for the 
estimation of canopy volume, counting, and detection of grape clusters. The images were 
taken by an RGBD camera placed on a mobile platform. Four pre-trained DL models were 
implemented; the VGG-19 model attained the highest accuracy (Milella, Marani, et  al., 
2019). Another recent study reported the segmentation of clusters of grapes by pre-trained 
DL architectures. Moreover, a novel method to improve the segmentation of cluster pix-
els was proposed. Due to high segmentation accuracy (Marani et al., 2020), this research 
could be adopted for the future research. A study implemented a simple backpropagation 
neural network on a sorting system consisting of a conveyor belt to classify the date fruit, 
and the future work should comprise an impact sensor, and feature a distribution-based 
method which should be introduced for better grading of the fruit (Al Ohali, 2011). A six 
DoF robotic manipulator was implemented for an ice lettuce farm and achieved a good 
success rate for harvesting, but the average cycle was comparatively slower than a human’s 
performance due to the weight of the end-effector. Also, the damage rate is required to be 
reduced in future studies (Birrell et al., 2019). For the harvesting robot, the Mask-RCNN 
with ResNet-50 model was used to detect strawberries and achieved higher mean Inter-
section over Union (mIoU). But it is suggested that the real-time implementation can be 
improved by proposing a lightweight model and the sample size could also be increased to 
improve the performance (Yu et al., 2019). To perform two tasks simultaneously (detection 
of fruits and estimation of their ripeness), a CNN-based system was proposed in Halstead 
et al. (2018). An important task of fruit detection on a coffee crop was performed by UAV 
in which a simple ANN model was used and compared with well-known ML techniques 
like K-nearest neighbour and random forest classifier; ANN outperformed the ML tech-
niques in terms of F-score (Carrijo et  al., 2017). An Unmanned Ground Vehicle (UGV) 
system was deployed in an orchard for the detection of fruits and their yield was estimated 
by CNN, MLP, and WS algorithms. Future studies can be conducted to use the transfer 
learning technique and various labelling methods should be implemented to advance the 
performance (Bargoti & Underwood, 2017a, b). A comprehensive research was conducted 
for the detection of fruits in an orchard by UGV through Faster-RCNN with ZFNet and 
VGG-16. The secondary contribution of this research was the evaluation of the transfer 
learning method, the conclusion being that for the fruits detection task of the dataset used 
in that research, this approach was not very useful in terms of average precision, and the 
transfer learning strategy was suggested with variation/diversity in the dataset images 
(Bargoti & Underwood, 2017a, b). A robotic arm along with its grippers and recognition 
system was designed to harvest tomatoes; a YOLO model was used for the detection of 
tomatoes. It is to be noted that, following hardware design and obtaining good recogni-
tion and harvesting results, the applied YOLO method should be compared with other DL 
architectures like Faster-RCNN, SSD, etc. (Yeshmukhametov et al., 2019). A mobile robot 
was designed that consisted of robotic arms for the detection of tomatoes according to their 
maturity level. For that purpose, the MobileNet model with SSD architecture was selected 
due to its best performance in terms of classification accuracy after a comprehensive com-
parison of state-of-the-art DL architectures like YOLO-v3 and ResNet-152 with Faster-
RCNN (Horng et al., 2019). An UR3 robotic arm was used for harvesting apples and Single 
Shot Multibox Detector (SSD) was used, although the implemented DL network achieved 

198 

Appendix 1



	 Precision Agriculture (2021) 22:2053–2091

1 3

more than 90% detection accuracy. But other efficient DL models (Faster RCNN or RFCN) 
should still be tested to further investigate the effectiveness of SSD for that task (Onishi 
et al., 2019). Another research article used a robotic manipulator to recognize seven veg-
etables by well-known DL feature extraction/detection architectures, but the recognition 
accuracy should be further increased by proposing some key modifications on the models 
applied in this research (Zheng et al., 2018).

From the explanation provided above, it is evident that several robotic manipulators 
have been proposed in many studies for the recognition/harvesting of fruits and vegetables, 
and various DL architectures have been implemented to perform these tasks in real-time. 
Nonetheless, only a few suggestions have been highlighted for the improvement in accu-
racy such as training the DL models by transfer learning technique and some modifications 
in famous DL models, etc.

Land Cover Classification

Land cover classification is a vast topic. Many studies have been conducted to classify 
land covers of various types to perform an overall analysis of one or more areas by DL-
based techniques, specifically CNN architectures (Huang et  al., 2018; Luus et  al., 2015; 
Zhang, Harrison, et al., 2020; Zhang, Huang, et al., 2020). Some researchers used publicly 
available datasets by considering important lands of an area and performed classification 
studies by CNN models (Helber et al., 2019). In this review, only those studies were con-
sidered which incorporated agricultural land covers. For example, a single hidden layer 
neural network based on the extreme learning machine (ELM) method was proposed for 
this task and achieved comparable performance with a backpropagation neural network 
(BPNN) (Pal, 2009). An Unmanned Aircraft System (UAS) was implemented to classify 
land covers by Fully Convolutional Network (FCN), Support Vector Machines (SVM), 
Random Forest (RF), and Deep Convolutional Neural Network (DCNN) and concluded 
that DCNN and FCN have substantially higher accuracy than other classifiers, and authors 
suggested that multi-view data taken from the UAS can work with the DNN without need-
ing a huge amount of training data (Liu, Abd-Elrahman, et al., 2018; Liu, Zhang, et al., 
2018). To monitor forest cover, the CNN approach was adopted for the images taken from 
airborne and LiDAR. The weights can be optimized and other agricultural lands should be 
considered to prove the effectiveness of the method (Suzuki et  al., 2018). The detection 
of citrus along with other crops’ trees was performed by UAV through the implementa-
tion of a simple CNN model consisting of only one hidden layer (Csillik et al., 2018). A 
research letter was published to show the significance of the Deep Recurrent Neural Net-
work (DRNN) for the task of land cover classification on the satellite images, found that 
one set of images achieved the highest accuracy by RF (LSTM) model while other datasets 
obtained best results by SVM (LSTM) model (Ienco et al., 2017). Another research was 
conducted to classify satellite images of 11 different crops’ land by RNN predominantly 
Long Short Term Memory (LSTM) and Gated Recurrent Unit (GRU). This analysis was 
important to get the spatial information of the crops. It was suggested that multi-source 
data such as optical and SAR radar could be implemented in the future (Ndikumana et al., 
2018). Another research was conducted to project the dynamics of forest cover by LSTM-
based DL architecture, and relative explanatory variables to be included in future work 
and a robust deep learning model for different forest covers could be proposed (Ye et al., 
2019). A study proposed the 3D-VGG model to show its effectiveness for the classification 
of crops’ lands from the images taken by two satellites (Ji et al., 2018). In (Kussul et al., 
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2017), a study presented the classification of various land cover types and crop types by the 
application of 1-D and 2-D CNNs for the first time specifically for the multisource satellite 
images, and the performance of CNNs was compared with RF and MLP. A study utilized 
hyperspectral images for the classification of various categories of natural vegetation and 
evaluated the performance of CNN, RF, and SVM. Moreover, accuracy can be increased by 
proposing an improved version of DL architecture (Guidici & Clark, 2017). A research was 
conducted by an airborne imaging system considering three kinds of datasets out of which 
two datasets were related to agricultural crops and the third dataset was related to various 
buildings; the applied CNN model was highly accurate to classify different crops for the 
first two locations (Song & Kim, 2017). Some well-known and successful DL models were 
trained and tested on wetland classes and found that the Inception ResNet-v2 model out-
performed the other DL models including VGG, ResNet, Xception, DenseNet, Inception-
v3 (Mahdianpari et  al., 2018). The classification of 14 agricultural landscapes was per-
formed by proposing six DL architectures and comparing the best CNN model with RF 
algorithm to prove its effectiveness in terms of its spatial feature extraction capability (Xie 
et al., 2019).

Various state-of-the-art DL models performed the task of agricultural land cover classi-
fication, especially CNNs and RNNs, which opens future research opportunities to manage 
various agricultural landscapes in a better way.

Overall Presentation of DL Algorithms for Agricultural Operations by Robots

The performance of DL/ML algorithms described in this section for the various agricul-
tural operations is presented by bar plots in Figs. 6, 7, 8, and 9. In these plots, the DL/
ML models are grouped by their respective research articles (denoted by D1, D2, D3, and 
so on) which are cited in Figs. 10, 11, 12, and 13 respectively. These figures are address-
ing the research questions mentioned in “Introduction” regarding the performance metrics/
indicators, robotic platforms, and agricultural products, that have been commonly used dur-
ing the implementation of deep learning architectures. It is also to be noted from the plots 
that some of the articles have shown the superiority of DL/ANN over traditional ML algo-
rithms, like (Gutierrez et al., 2019) evaluated that RCNN outperformed the KNN model for 
the task of plant disease detection; in (Fan et al., 2018), the CNN achieved slightly better 
performance than SVM and RF for plant recognition purposes. To perform the crop/weed 
discrimination task, ResNet outperformed SVM and RF models (Bah et al., 2018), and, as 
described in (dos Santos Ferreira et  al., 2017), a Convnet achieved better precision than 
RF. For the recognition of coffee, ANN obtained better results than KNN and RF (Carrijo 
et al., 2017). Moreover, several studies were conducted which proved the significance of 
DL models as compared to ML algorithms for the classification of agricultural land cover 
(Liu, Abd-Elrahman, et al., 2018; Liu, Zhang, et al., 2018), (Kussul et al., 2017), (Guidici 
& Clark, 2017) and (Xie et al., 2019). Similarly, from bar plots, it can also be observed that 
the deep learning-based image classification algorithms like AlexNet (Krizhevsky et  al., 
2012), ResNet (He et al., 2016), VGG (Simonyan & Zisserman, 2014), Xception (Chollet, 
2017), MobileNet-v2 (Sandler et al., 2018) and object detection algorithms including Fast 
RCNN (Girshick, 2015), Faster RCNN (Ren et al., 2015), SSD (Liu et al., 2016), various 
versions of YOLO (You Only Look Once) models like YOLO-v1 (Redmon et al., 2016), 
YOLO-v2 (Redmon & Farhadi, 2017) and YOLO-v3 (Redmon & Farhadi, 2018) have been 
commonly used for various agricultural tasks. Therefore, upcoming research should incor-
porate any of the agricultural tasks by using successful deep learning models or proposing 
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modifications in the form of cascaded or hybrid versions, essential changes in convolu-
tional layers, the number of filter, stride, etc. (Liu, Abd-Elrahman, et al., 2018; Liu, Zhang, 
et al., 2018; Singh et al., 2019; Zhang, Jia, et al., 2018; Zhang, Qiao, et al., 2018). Its per-
formance should then be tested offline before its implementation on real robotic platforms. 
Some important research gaps/future directions from this section are provided in Table 3.

Conclusion and Future Directions

In this review, robotic solutions are presented for the major agricultural tasks by machine 
and deep learning algorithms. Moreover, the performance of machine learning models is 
summarized along with selected agricultural products and robotic platforms for certain 
agricultural operations. Furthermore, the performance plots are drawn to indicate the effec-
tiveness of deep learning models for the respective agricultural tasks. From the plots, it can 
be concluded that the DL architectures outperformed traditional ML algorithms. Although 
significant developments have been observed in recent studies, still some important 
research gaps are identified to further advance the agricultural field of research.

A brief summary of prominent results to indicate the significance of the DL architec-
tures as compared to the ML-based techniques applied through the robotic system for five 
selected agricultural applications, and few future works is presented as follows:
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•	 Plant disease detection: RCNN achieved 82.51% detection rate, which was better 
than the other methods including SSD, MLP, and KNN with a difference of 13.08%, 
17.61%, and 18.75%, respectively.

•	 Plant recognition: CNN attained 0.84 F-measure, which was greater than the Viola-
Jones’ method that achieved 0.80 F-measure.
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•	 Crop/weed discrimination: A well-known DL model named ResNet (94.84%) outper-
formed the traditional ML algorithms including SVM (60.6%) and RF (70.16%) in 
terms of area under the curve.

•	 Fruit recognition/harvesting: An ANN-based model achieved 0.5553 F-measure, which 
was slightly better than the ML models like KNN (0.5284) and RF (0.5255).

•	 Agricultural land cover classification: Three studies revealed that the performance of 
DL models was better than the ML-based techniques as listed below:

•	 FCN got 83.9% overall accuracy, which was greater than DCNN (76.9%), SVM 
(67.6%), and RF (65.6%) models.

•	 2D-CNN attained a higher accuracy (94.6%) as compared to 1D-CNN (93.5%), 
ENN (92.7%), and RF (88.7%) models.

•	 CNN (89.9%) performed better than SVM (89.5%) and RF models (82.2%) in terms 
of overall accuracy.

•	 Out of five major agricultural operations, plant disease detection and classification 
lack a comprehensive study. Although these agricultural tasks have been addressed by 
offline approaches in many research articles, these should be performed by a robotic 
manipulator/mobile robot through deep learning meta-architectures.

•	 After the successful application of DL algorithms for the detection/classification of 
plant disease by the robot, a combined effort by engineers and agronomists is required 
to implement a chemical spraying system that would apply fungicide/herbicide spray to 
the defected parts of the plant. It will be useful to reduce the cost of the crop protection 
system for agricultural farms.

•	 Most of the approaches were detected/classified disease in plant leaves, but the defects 
in other parts of the plant species should also be detected like stems/flowers.

•	 The adaptive nature of DL models should be utilized to show its automatic feature 
extraction capability for performing the various agricultural tasks by an efficient DL-
based robot. For this purpose, the diversity in datasets must also be presented.
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•	 To improve the performance of various complex agricultural tasks, the modified/cas-
caded version of DL models should be proposed which can show their effectiveness by 
visualizing their convolutional layers.

•	 A multi-purpose robot should be designed to show its adaptive behaviour in a sense of 
its physical structure to perform various operations in a farm (a tractor is the best exam-
ple of a robotic platform that can be used for various purposes like plowing, planting, 
and similar tasks).
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Fig. 10   The corresponding reference of research articles (D1–D15) linked to the bar plot (Fig. 6), and per-
formance metrics along with robotic platforms and agricultural products; a and b present plant disease 
detection task, whereas, c and d present plant recognition task
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•	 To visualize the complex agricultural tasks like crop/weed discrimination and fruit 
detection, advanced visualization techniques such as saliency map should be applied.

•	 Some articles have previously presented to understand the factors affecting the perfor-
mance of ML/DL algorithms for agricultural tasks, but a comprehensive study is still 
required for further development in agricultural automated systems.

•	 Improvement in land cover classification could be done by proposing an improved ver-
sion of CNN/RNN.

•	 For better growth of agricultural products, an automated system should be proposed for 
the prediction of soil moisture content through robotic platforms.

•	 A recent topic like Internet of Robotic Things should also be deployed for agricultural 
purposes so that a new research area would be able to be explored.
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•AUC
•UAV
•Sugar beet

Fig. 11   The corresponding reference of research articles (D16-D28) linked to the bar plot (Fig. 7) for crop/
weed discrimination task, and performance metrics along with robotic platforms and agricultural products
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(a) (b)

(c)

D29: 
Zhang 
et al., 
2020b

•Success rate
•Gripper/robo�

c arm
•various fruits

D30: 
William
s et al., 

2019

•Harves�ng rate
•manipulator
•kiwifruit

D31: Al 
Ohali, 
2011

•Tesr accuracy
•Conveyor belt
•Date fruit

D32: 
Birrell 
et al., 
2019

•Harvest rate
•Mobile robot 

with 
manipulator

•Le�uce ice

D33: 
(Halstea
d et al., 

2018

•F1-score
•Moble robot
•Sweet pepper

D34: 
Carrijo 
et al., 
2017

•F-measure
•UAV
•Coffee

D35: (S. 
Bargo� 
and Ja. 

Underwo
od 2017)

•F1-score
•Mobile robot
•Apple, Mango and 

Almond

D36: (S. 
Bargo� 
and J. P. 

Underwo
od 2017)

•F1-score
•Mobile robot
•Apple

D37: 
(Onishi 
et al., 
2019

•Detec�on 
accuracy

•Robo�c arm
•Apple

D38: 
(Milella 

et al. 
2019a)

•Accuracy
•Mobile pla�orm
•Grape

D39: 
(Marani 

et al. 
2020)

•Mean 
segmenta�on 
accuracy

•Mobile pla�orm
•Grape

Fig. 12   The corresponding reference of research articles (D29-D39) linked to the bar plot (Fig. 8) for fruit 
recognition and harvesting tasks, and performance metrics along with robotic platforms and agricultural 
products

(a) (b)

D40: 
Pal, 

2009

•Accuracy
•Satellite
•7 agricultural 

lands
D41: T. 
Liu et 

al. 
2018

•Overall 
accuracy

•UAS
•Various land 

covers

D42: 
Csillik et 
al., 2018

•Overall accuracy
•UAV
•Citurs trees

D43: 
Ienco et 

al., 
2017

•Accuracy
•Satellite
•Agricultural 

lands

D44: (Ye 
et al., 
2019

•Pseudo R-squared
•Satellite
•Forest cover

D45: 
(Ndikum

ana et 
al., 2018

•F-measure
•Satellite
•Agricultural lands

D46: Ji 
et al., 
2018)

•Overall accuracy
•Satellite
•Crop lands 

D47: 
(Kussul 
et al., 
2017

•Overall accuracy
•Satellite
•11 crops lands

D48: 
(Guidici 

and 
Clark, 
2017)

•Overall accuracy
•Airborne 

spectrometer
•12 agricultrual 

lands

D49: Xie 
et al., 
2019

•Overall accuaracy
•Satellite
•14 land covers 

majorly agricltural 

Fig. 13   The corresponding reference of research articles (D40-D49) linked to the bar plot (Fig. 9) for land 
cover classification task, and performance metrics along with robotic platforms and agricultural products
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