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ARTICLE INFO ABSTRACT

MSC: Semantic segmentation, with pixel-wise classification, enables the precise identification of different parts of
0000 plants, as well as the diseases that occur on them, in agricultural images. Apples, as one of the most important
1111 fruit crops worldwide, are susceptible to various diseases, causing decreased crop quality and increased crop
Keywords: loss. To prevent disease progression and ensure prompt treatment, semantic segmentation acts as an effective
Semantic segmentation method in the context of apple disease detection. This review provides a comprehensive analysis of semantic

Deep learning

; segmentation methods applied in apple disease detection, ranging from traditional approaches to state-of-the-
Transformers

art techniques. By systematically examining the entire pipeline, from dataset preparation to the segmentation
and evaluation stages, this work not only synthesises existing knowledge but also reviews applied solutions and
highlights remaining research gaps to enhance segmentation performance. Additionally, it offers a forward-
looking perspective by proposing future research directions. Overall, this review aims to advance plant disease
detection through semantic segmentation, with a particular emphasis on apples.

Apple disease detection
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1. Introduction

Apples are a globally popular and significant fruit crop, but their
quality and yield may decrease due to their susceptibility to several
diseases (Tian et al., 2021). Some major diseases, such as Alternaria
spot or blotch, primarily develop on leaves, resulting in extensive
defoliation that indirectly affects fruit size and shape (Grove et al.,
2003), while others, like scab, also lead to defoliation, but have a more
direct impact on the fruit through the large-scale development of fruit
lesions (Bowen et al., 2011). Since consumers value fruit based on its
appearance and taste, these changes in quality can ultimately lead to
a product that is unmarketable (Zanetti et al., 2020). Notably, certain
apple diseases, such as scab, also demand substantial chemical interven-
tion every season for their control (Bowen et al., 2011). The extensive
or exclusive use of these pesticides, however, can negatively impact
the health of the consumer and the environment (Bowen et al., 2011).
To assess the severity and progression of apple diseases, and therefore
determine the appropriate timing and usage of pesticide sprays needed
for their control, as well as to mitigate yield and economic losses,
the rapid and accurate detection and identification of apple diseases
is essential (Chatzidimopoulos et al., 2020; Storey et al., 2022).

In the visual disease detection process, experts monitor plants for
symptoms and then aim to match the symptoms with a particular
disease to make a diagnosis. This process, however, is subjective and
time-consuming, especially in orchards. Recently, machine vision-based
systems have been used for plant disease detection, providing a faster
and more accurate diagnosis to ensure timely control (Shahoveisi et al.,
2023). Deep learning (DL)-based vision systems have demonstrated
remarkable performance in image processing tasks in different do-
mains (Kotwal et al., 2023). With their ability to automatically learn
relevant features from data, convolutional neural networks (CNNSs)
have revolutionised image analysis in the agricultural domain by
achieving state-of-the-art results. Different methods are applicable to
plant disease identification and classification, including those associ-
ated with fruit (Zhang et al., 2022) and leaves (Yadav et al., 2022;
Tang et al.,, 2023; Li et al.,, 2022b; Bansal et al., 2021; Liu et al.,
2018; Nachtigall et al., 2020). Localisation methods usually define the
area of disease through bounding boxes and are widely used in lesion
detection on different parts of apple trees (Khan et al., 2022a; Di and
Li, 2022; Hou et al., 2023; Zhang et al., 2023c). The same methods are
commonly used in weed identification, given that weeds act to harm
or prevent proper plant growth (Gallo et al., 2023). While classification
and localisation methods assign labels to individual images or objects
within them, there are certain key issues they cannot address. In
particular:

» Determining the precise boundary of each leaf, fruit, or disease
lesion.

» Quantifying the percentage of leaf surface affected by a disease.

+ Providing detailed and pixel-level segmentation, to distinguish
between a leaf, fruit, stem, or disease lesion.

Agricultural images often contain complex backgrounds and dif-
ferent objects with similar colour variations. Detecting fine-grained
features from such images needs methods capable of separating out
the various objects and regions into meaningful parts. Results have
shown that separating targeted areas (leaves, fruits and lesions) from
complex backgrounds can facilitate disease classification (Dubey and
Jalal, 2012; Bracino et al., 2020) or improve the classification results
(from 95.36% to 98.79% in Zhang et al. (2023a), from 80.6% to 84.3%
in Yu et al. (2019), from 93.4% to 96.9% in Khan et al. (2018),
from 97.50% to 98.63% in Hasan et al. (2022b), from 42% to 46%
in Mzoughi and Yahiaoui (2023)). Semantic segmentation has been
used to assign a label to each pixel, indicating the object or class
to which it belongs (Abdalla et al., 2019; Goncalves et al., 2021;
Jamadar and Sharma, 2023; Sodjinou et al., 2022). This allows further
processing, such as an assessment of disease severity in the crop (e.g. as
shown for rice Chen et al.,, 2021, cucumber Wang et al., 2021, and
grape Liu et al., 2022b). In the context of apple diseases, there is a need
for meaningful parts (any type of lesion and pathogen, or the whole
region of a leaf, apple, or stem) to be precisely detected. Fig. 1 shows
the difference in apple disease detection through different methods.
Segmentation is also critical in detecting apple diseases, acting as a
foundational step for further analysis. By defining the exact location of
the diseased area, farmers can promptly implement targeted measures
that prevent the infection from spreading further (Rehman et al., 2021).

Some recent studies in apple disease segmentation are highlighted
by Bonkra et al. (2024). This bibliometric analysis showed the im-
portance and increasing trends of segmentation and machine learning
techniques in apple disease detection. However, the same article did
not exclusively review segmentation techniques, challenges and solu-
tions for apple disease detection. In another review by Barbole et al.
(2022), the primary focus was on apple fruit segmentation to facilitate
harvesting, while in a review by Lu and Lu (2017) only the detection of
post-harvest apple fruit defects through various imaging technologies
was a focus; however, in the latter review, the detection of leaf and
preharvest apple lesions was not covered. Multispectral systems for
tree disease detection were reviewed by Fang et al. (2023). Rayhana
et al. (2023) discussed hyperspectral imaging specifically for plant
disease detection. Eh Teet and Hashim (2023) also provided an review
of optical imaging techniques and their application in detection of
diseases in fruits including apples and vegetables. However, the focus in
these study was imaging techniques rather than segmentation. Finally,
in a review by Bonkra et al. (2023), a limited aspect of segmentation in
detecting apple diseases was addressed. However, this did not encom-
pass the entire spectrum of segmentation models used in apple disease
detection, nor did it cover the challenges encountered at various stages
of the process and applied solutions.

Main contributions of the current review :

» Semantic segmentation methods in the context of apple disease
detection across both pre and post-harvest stages, and covering
both leaves and fruits, are surveyed.

+ Application of semantic segmentation in apple disease detection
are provided.
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Fig. 1. Different DL-based methods in apple disease detection.

» Key gaps in datasets, annotations, model architectures, and eval-
uation practices are highlighted and some techniques employed
in recent studies to fill these gaps are outlined.

» The cost associated with semantic segmentation from a digitisa-
tion footprint perspective is discussed.

» Future research opportunities and possible directions for progress
in the field are outlined and discussed.

The objective of this review is to examine a wide range of semantic
segmentation methods applied to apple disease detection and to pro-
vide a comprehensive overview that can assist researchers in selecting
the most appropriate approaches for their specific tasks. Through this
comprehensive investigation, we contribute to the selection of more
accurate and efficient methods for the advancement of apple disease
detection technologies in disease severity assessment in the agricultural
sector.

The remaining sections of this review are organised as follows.
Section 2 of this paper includes an explanation of how literature was
retrieved and reviewed in a systematic manner. In Section 3, the
methods of segmentation are comprehensively reviewed. This allowed
us to highlight gaps in datasets, annotation methods, model architec-
tures, and evaluation methods mostly associated with the semantic
segmentation of apple diseases in Section 4. Apple disease detection
through multi and hyper-spectral imaging, and apple disease severity
assessment are covered in Sections 5 and 6 respectively. The cost of
semantic segmentation is discussed in Section 7. Finally, in Section 8,
a conclusion and future directions are provided.

2. Methodology of literature selection

To identify the articles relevant to computer vision based apple
disease segmentation methods, a systematic literature review was un-
dertaken. Papers related to apple disease detection, semantic segmen-
tation methods, and apple disease severity assessment were retrieved.
For this purpose, the major academic databases used were ScienceDi-
rect, Google Scholar, IEEE Xplore, SpringerLink, and the ACM Digi-
tal Library. The search covered publications from 2002-2025, using
keywords listed in Table 1.

Of 480 publications, 216 papers were chosen. The selection criteria
focused on the following:

« studies on apple disease detection employing segmentation meth-
ods associated with

® Segmentation methods, available datasets

u Segmentation and classification related to apple
B Other plants and weeds

H Severity assessment

® Different imaging sensors

H Review papers

Fig. 2. Distribution of the proportions of the available publications used in this review.

— either in-field or laboratory settings,
— pre- and post-harvest stages

« studies involving other plant types were included if

- they contributed to a broader understanding of the segmen-
tation approaches relevant to this domain.

To enhance the readability of the review, the selected papers were
categorised into the different categories as shown in Fig. 2. After
conducting a thorough review of the selected publications, the findings
are presented in the subsequent sections of the review.
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Table 1
Overview of search criteria used for literature retrieval.

Category Search terms®

Detection “apple leaf” OR “fruit” AND (“post-harvest defects” OR
“disease detection”)

Methods “apple” OR “fruit” AND (“semantic segmentation” OR
“hyperspectral images”)

Application “agriculture technology” OR “deep learning in agriculture”

“apple” OR “fruit” AND (“disease severity” OR “severity
assessment tools” OR “disease progress”)

2 Some search terms were used in combination with category. e.g , “apple disease
detection”. Some terms were used interdependently. e.g. Application category with
Methods category.

3. Segmentation methods

There are various techniques available for the segmentation of
indoor and outdoor images of apple fruits and leaves. Segmentation
aims to partition these images into distinct regions, facilitating various
applications such as fruit harvesting (Jia et al., 2020; Selvaraj and
Farzan, 2024; Kang and Chen, 2019), fruit counting, yield and fruit
size estimation (Bargoti and Underwood, 2017; Héni et al., 2019; Gené-
Mola et al., 2023), pruning (Tong et al., 2023), spraying (Liu et al.,
2024b; Gao et al., 2020; Xue et al., 2023), as well as weed (Milioto
et al., 2018; Sodjinou et al., 2022; Zou et al., 2021; Gupta et al., 2023;
Moazzam et al., 2023; Zou et al., 2023) and disease identification (Yu
et al.,, 2019; Chen et al.,, 2021; Li et al., 2022a; Sun et al., 2024;
Wang et al., 2021; Liu et al., 2024a; Shoaib et al., 2022; Mzoughi and
Yahiaoui, 2023; Khan et al., 2022b; Xu et al., 2022; Zhang and Zhang,
2023).

3.1. Traditional methods

When using traditional machine vision techniques, segmentation
plays a crucial role in crop disease classification (Fig. 3). Prior to
subsequently extracting features and identifying diseases, segmentation
can be employed for extracting diseased areas within the image.

3.1.1. Threshold-based methods

Traditional threshold-based segmentation methods are straightfor-
ward and widely used to generate a binary segmented mask. The
fundamental objective is to distinguish between two classes in the
image, typically separating foreground (e.g., plant leaf or disease) from
background, using a threshold value. This method’s binary nature do
not provide precise labels for individual parts or pixels and is often
insufficient for more complex segmentation tasks that involve multiple
classes or disease types. Identifying an appropriate threshold value that
can effectively cover variations in agricultural images is a complex task.
One significant issue arises from the diversity of vegetation images,
which can exhibit considerable colour variations. Most research has
attempted to find a threshold value that is best tailored to particular
datasets, leading to poor generalisation when working on new samples
from different environments. Some thresholding methods, such as Otsu
(1979), which are commonly used to separate leaves from simple and
uniform backgrounds, lead to missegmentation by considering lesions
as the background. Upadhyay and Kumar (2022) revealed that Otsu
thresholding is effective for separating leaf from simple background and
increases the classification accuracy to 97.7%. However, segmentation
of the lesion pixels was affected by the background with colour simi-
larity. In another study, working on defect detection in apple fruits at
post-harvest, Fan et al. (2020) reported that non-uniform illumination
across different samples may lead to darker parts of the apple being
classified as the defect area. Qualitative results revealed that the thresh-
olding method could not distinguish true defects from stem/calyx ends
because of the similar intensity values.

Computers and Electronics in Agriculture 237 (2025) 110531

3.1.2. Colour-based methods

Colour-based methods segment images through colour intensity.
Each pixel is segmented into the same colour area based on its sur-
rounding pixels. These methods are sensitive to light changes and
colour variations, making them less robust for application in apple
disease segmentation and detection. While there are some successes
associated with colour-based methods for object segmentation in agri-
cultural images, they can usually identify objects having significant and
different colours, known in advance, from surroundings such as red
apples. In Fan et al. (2021), testing on 180 apple images showed an
average accuracy rate of 99.26%. Still, some false positive results were
observed in separating leaves from the background within a similar
colour range (see Fig. 4). Hu et al. (2023) extracted colour features
from the hue, saturation, and value (HSV) colour space in tea leaves
as input for a support vector machine (SVM) classifier with an increase
in mean of intersection over union (MIOU) to 79%. However, highly
illuminated parts of the leaves were segmented wrongly as disease.
Some preprocessing steps such as contrast limited adaptive histogram
equalisation (CLAHE) could alleviate this by normalising the pixels’
intensity.

GrabCut (Rother et al., 2004) is a colour-based and interactive
method widely used in agricultural image segmentation. In this method,
images are segmented based on the colour and distance relationship
between pixels to create meaningful regions or objects. Probability
graphs are obtained for two Gaussian mixture models (GMM). An
illustration of the constructed graph in the GrabCut method is shown
in Fig. 5. As thicker foreground and background edges have a higher
probability and cost of cutting, the cutting process is done at low-cost
edges to leave a bigger segment (Wang et al., 2023).

Hasan et al. (2022a) utilised a combination of the GrabCut al-
gorithm for apple leaf segmentation and a colour-based thresholding
method for leaf lesion segmentation with an MIOU of 83%. In another
study, Pal and Kumar (2023) proposed the AgriDet framework in
which farmers can upload a image to get the disease severity. In this
work, the images from Plantdoc (Singh et al., 2020) and Plantvil-
lage (Mzoughi and Yahiaoui, 2023) datasets were considered with
simple and complex background images, respectively. A multivariate
GrabCut algorithm was used to segment apple leaves and lesions for
classification of disease severities. While qualitatively, there was poor
accuracy in segmenting the whole leaf from complex backgrounds, the
framework showed a good final classification of apple scab and rust
disease severity (95.84% and 85.75% respectively). Lian et al. (2024)
added post-processing steps to refine the GrabCut segmentation result
of apple leaves. A median filter was used to eliminate noise and a
contour function was employed to define the biggest connected area
within the image (a single leaf). Fig. 6 demonstrates the generated mask
with both GrabCut and their modified C-GrabCut algorithm.

3.1.3. Clustering-based methods

Clustering-based techniques, especially the K-means approach, are
employed for complex image segmentation. However, their perfor-
mance depends heavily on the number of chosen clusters and their
initial centroids. Results have shown that K-means clustering method
usually leads to some errors in disease segmentation (Javidan et al.,
2023; Larijani et al., 2019; Hu et al., 2023). Colour and clustering-
based methods often define diseases based solely on the most dominant
colour in the centre of the lesions, which provides a sub-optimal
segmentation. This is not beneficial because apple diseases with a
fragmented or spotty appearance, such as rust and frog eye, typically
exhibit diverse colour patterns with variation from their centre to the
surrounding regions. Typically, additional post-processing operations
are required to refine segmentation results and capture the entire
lesion. Abuhayi and Mossa (2023) argued that customised segmentation
with hybrid methods of thresholding and post-processing leads to more
precise segmentation and higher classification accuracy (from 86.05%
to 93.59%).
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Fig. 4. Colour-based segmentation of an object with distinct colour regions. Colour
similarity in the background leads to over-segmentation of the apple.
Source: Image from Fan et al. (2021).

Superpixel segmentation methods segment images into mean-
ingful parts by aggregating similar pixels. For example, simple linear
iterative clustering (SLIC) method (Achanta et al., 2012), as one the
most used superpixel algorithms, has adapted the K-means clustering
algorithm to efficiently group pixels into superpixels based on their
colour similarity (in the LAB colour space) and spatial proximity. The
SLIC algorithm requires the number of superpixels (K) to be defined as
a hyper-parameter to cluster the pixels (N). It is important to choose
an appropriate number of superpixels to provide a proper segmentation
covering the maximum similar pixels in a superpixel. There is no
optimal technique except using empirical guidelines or trial and error
to determine the suitable number of clusters and superpixels. Fig.
7 (Zhang et al., 2019) shows good SLIC performance on a single leaf
in which similar diseased pixels are clustered together. Nevertheless,
some superpixels contain both healthy and unhealthy pixels. In a
comparative study, to show the effectiveness of superpixels, Kim (2021)
fed derived superpixels from SLIC into a CNN model to classify scab,
black rot and cedar rust of apple leaves. Results showed that superpixels
could be comparable with the full images in disease classification. Some
studies leveraged a combination of clustering methods such as SLIC and
K-means to perform the segmentation in tomato (Khan and Narvekar,

)

Process:
« Lesion
segmentation
* Leaf and
then lesion
segmentation

Fig. 5. GrabCut diagram showing the relationship between pixels and the probability
of these pixels belonging to the foreground and background segment. The s and t nodes
show the foreground and background nodes, respectively. The thickness of the edges
represents the weight of the edge.

Source: Image from Wang et al. (2023).

2022), apple and cucumber leaves (Zhang et al., 2018). Not considering
the background as a separate cluster resulted in over-segmentation by
considering background objects as lesions. Some other similar parts of
the image (e.g. veins, shadows or background) are more likely to be
considered as lesions.
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Fig. 6. Mask generation of GrabCut algorithm and the modified GrabCut. a. shows the original image, b. is the ground truth mask, c. illustrates the mask generated with GrabCut,

c. represents the C-GrabCut mask and e. is the final segmented image.
Source: Image from Lian et al. (2024).

Region-based segmentation methods start with initial seeds and
gradually put neighbouring pixels into each seed category based on
similarity. This similarity usually is based on the intensity of the pixels.
Region growing algorithm is one of the classical region-based methods
that starts with one or more seed points and grows regions around
these seeds by incorporating neighbouring pixels that satisfy certain
criteria (Jourlin et al., 2013). This method provided an acceptable
segmentation of clear and mature lesions on apple leaves against a
simple background (Chuanlei et al., 2017). Another method under
the region-based segmentation category is the marker-watershed algo-
rithm. In this method, initial points (markers) need to be defined either
manually or automatically. After transforming images into grayscale,
this method creates a height map that highlights disconnected parts
such as sudden intensity changes at object boundaries and dampens
continuous regions including parts of the image with similar inten-
sity. The algorithm then starts flooding from the initial markers (Fan
et al., 2019). This algorithm also outperformed the Otsu and K-means
methods in extracting tea diseased leaves (MIOU = 83%) (Hu et al.,
2023). The Marker-watershed method is effective when object and
background intensities or gradients differ clearly such as detecting the
defect area of post-harvest apples showing better results than Otsu and
K-means segmentation methods (Yogesh et al., 2017). As a practical
application, this technique was used as a postprocessing technique
to distinguish between connected segmented apples. The RGB images
were captured by an unmanned ground vehicle in the apple orchard
for fruit counting and yield estimation. Comparing fruit counts with
the number of harvested apples, the F1-score was 86.1% (Bargoti and
Underwood, 2017).

3.1.4. Limitations

In terms of apples, young fruit with green colour are not easily
distinguishable from leaves using colour-based segmentation methods.
Furthermore, outdoor samples tend to also have differing backgrounds,
e.g. soil, which might be predicted as a lesion, or dust and raindrops
on the surface of a healthy leaf or fruit, which can be incorrectly
identified as a disease. It should also be noted that highly illuminated
and saturated pixels, due to their similarity in colour to some apple
leaf diseases, such as those associated with a mosaic virus, or immature
rust and scab infections, might be misidentified as these diseases (Fig.
8 provides a detailed illustration).

While there have been advances in leaf and lesion segmentation
for plant and apple disease, colour variations and illumination differ-
ences, complex backgrounds, and the need for precise pixel boundary
identification are the main challenges for traditional segmentation
methods. In-field fruit, leaf and disease segmentation have challenges
in region detection due to colour similarities between different objects.
Most thresholding, clustering and colour-based methods usually fail
to accurately identify the boundary between the healthy region with
various shades of green colour and the diseased area. As shown in the
visual results of a recent study, poor segmentation of in-field images

Fig. 7. Unhealthy leaf segmentation with SLIC algorithm. a. is the original image, b.
shows the divided image with grids and c. is the final derived superpixels on the image.
Source: Image from Zhang et al. (2019).

a. Apple rust disease
Real lesion [ Light effect [

b. Apple scab disease

Fig. 8. Different illumination across a leaf surface can lead to lighting patterns that
can be mistaken for immature rust and scab lesions.
Source: Images from Thapa et al. (2021).

occurred, particularly in separating leaves from the background where
colour variation existed within a single leaf (Parashar and Johri, 2024).
Table 2 lists some studies where some traditional image processing
approaches were used for apple fruit, leaf and disease segmentation,
together with limitations.

3.2. CNN models for semantic segmentation

Recent research shows that the transition from traditional segmen-
tation methods to DL-based semantic segmentation has resulted in
substantial improvements in accuracy and generalisation (Sehar and
Naseem, 2022; Kotwal et al., 2023; Khan et al., 2022b; Zhang and
Zhang, 2023). In a CNN classification task, the input image goes
through convolution layers followed by pooling layers to reduce spa-
tial resolution and capture the most important features hierarchically.
Fully connected layers are used towards the end of the network for
classification. An image classification result is a one-dimensional vec-
tor with each component representing a different class. The largest
component is used to assign a single label to the whole image. Long
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Fig. 9. U-Net contraction and expansion stages in plant disease segmentation.
Source: Image from Zhang and Zhang (2023).

et al. (2015) extended this concept using fully convolutional networks
(FCNs) to provide a pixel-wise classification. Instead of producing a
single label for the entire image, FCNs produce a dense prediction
map where each pixel is classified. The whole process of FCNs is
based on encoder and decoder blocks. The encoder block first identi-
fies and encodes significant features through convolution layers, and
the decoder block then reconstructs the segmentation output through
deconvolution layers. Recently, significant progress has been made in
the field of semantic segmentation using DL, and many researchers
use FCNs and meta-architecture models including U-Net (Ronneberger
et al., 2015), SegNet (Badrinarayanan et al., 2017), different versions
of DeepLab (V1, V2, V3, V3+) (Chen et al., 2015, 2018a, 2017, 2018b),
or pyramid scene parsing network (PSPNet) (Zhao et al., 2017) in seg-
menting different parts of plants and disease lesions in both controlled
environments and in-field datasets.
Incorporating spatial information

Considering leaves, lesions and fruits in an image, spatial infor-
mation such as edges and location are mostly extracted at the lower
levels of the network. While reconstructing images, the information
from the initial encoder layers could be missed. This can result in low
accuracy, especially at the edges. In the U-Net model, skip connections
are deployed to transfer the output of layers (before applying the
max-pooling operation) from the contraction network to corresponding
layers in the expansion stages to preserve the spatial information and
benefit high-level and low-level features. The skip connections help
the network to protect fine-grained details and localise features. Fig.
9 shows a U-Net model that has resulted in disease lesion segmen-
tation. This model has been used in the segmentation of apple leaf
and diseases using RGB images (MIOU = 98.32% for leaf and 92.05%
for disease spots Liu et al., 2022a), apple leaves using multispectral
images (Das et al., 2023), as well as other plant structures and disease
types (Divyanth et al., 2023; Wang et al., 2021; Rai and Pahuja, 2023).
In a real field deployment, Uryasheva et al. (2022) developed a U-
Net model with an EfficientNet backbone to segment multispectral
images of healthy and infected apple trees. A three-camera sensor node
was used to capture images from eight different apple tree varieties.
From the segmented images, a desktop application was developed to
generate detailed vegetation index maps for individual trees. During
the blooming season, the model was tested and achieved an IOU of
72%.

Following the encoder-decoder architecture, SegNet uses
max-pooling indices from the encoder to reconstruct the segmented
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Fig. 10. Illustration of the SegNet model architecture and its decoder. The max-pooling
indices are used for upsampling without learning the encoder’s feature map. The sparse
constructed feature map then goes through the convolution layers.

Source: Image adapted from Badrinarayanan et al. (2017).

output (Fig. 10 shows the structure). These max-pooling indices show
the location of each maximum value in the pooling operation that
makes this model more memory-efficient and faster compared to U-
Net (with fewer parameters and reduced inference time for a single
image Wang et al., 2021). In leaf and disease segmentation, the perfor-
mance of SegNet is comparable to that of U-Nets, with slightly lower
MIOUs (2.04% Divyanth et al., 2023, 0.8% Goncalves et al., 2021,
0.35% Ngugi et al., 2020) or higher (4.15% Xu et al., 2020). The SegNet
model was used on an intelligent spraying system in a pear orchard to
determine fruit and tree segmentation with an accuracy of 83.79% by
the Kim et al. (2020). To operate the nozzles, the authors separated
each image captured from camera lengthwise into quarters and mapped
these to the nozzles. The nozzle activated when fruit tree coverage in
a zone exceeded 20%. Field Experiments showed effective reduction in
used pesticide by targeting only fruit trees.
Preserving resolution and multi-scale feature extraction
Performing pooling operations or convolution layers with stride
are strategies to capture information from larger scales. However,
both techniques reduce the resolutions of output feature maps. Dilated
convolution performs the convolution operation to capture information
from larger scales without significantly increasing the number of pa-
rameters. It uses gaps or holes within the filter (Fig. 11), to have a
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Fig. 11. The illustration of 2D dilated convolution with spatial size of 3 x 3 and
dilation factor of 2. Both non-dilated and 2-dilated convolutions have the same number
of parameters, whereas the dilated convolution has a larger receptive field.

Source: Image from Du et al. (2020).

larger receptive field without increasing the kernel size. The dilation
rate determines the spacing between the kernel’s elements (pixels).
This strategy to cover a larger scale for extracting features has been
deployed in many apple disease detection models (Fu et al., 2022;
Zhu et al., 2023a; Luo et al.,, 2021; Wang et al., 2024). DeepLabV1
and DeepLabV2 benefit from dilated convolution and fully connected
conditional random field (CRF) in the segmentation models. CRF is
a post-processing step after the initial segmentation to improve the
results.

Atrous spatial pyramid pooling (ASPP) is a method that DeepLabV3
and DeepLabV3+ employ to capture multi-scale contextual informa-
tion. This is obtained by using parallel atrous (dilated) convolutions
with different dilation rates for pooling between different scales
(Fig. 12). This technique can enhance segmentation performance by
capturing multi-scale contextual information, which is particularly
beneficial in agricultural images in which each object such as a leaf,
lesion, fruit, etc. may appear at varying sizes (Zhu et al., 2023a; Liu
et al., 2022a; Agarla et al., 2023). In practical development, Li et al.
(2023a) introduced a Mobile application to enable the degree of apple
leaf diseases (ring rot and rust) based on DeepLabV3+ model giving
an MIOU of 97.26%. The deployed smartphone platform could predict
the apple leaf diseases within 9 s. The DeeplabV3+ model showed
an MIOU of 99.99% on predicting masks for decay zones in apples
which is practical in tracking the dynamics of decay growth in apple
fruits (Stasenko et al., 2021). Fig. 13 illustrates a DeepLabV3+ model
employed for leaf and disease segmentation.

Global information

Focusing on the most relevant features globally, Zhao et al. (2017)
proposed a four-level average pooling with different sizes: 1 x 1,
2 x 2,3 x 3,and 6 x 6, to capture the features from different scales.
Bilinear interpolation is used for upsampling to give the same size
as the original feature map. Derived feature maps are then concate-
nated with the original one and is followed by the convolution layer
to provide a pixel-level classification. This network usually delivers
superior results in semantically separate objects that can help separate
larger objects such as leaves in an agricultural image. According to Liu
et al. (2022a), the PSPNet model had the highest performance in leaf
segmentation (MIOU = 98.42%), while this model did not perform
well in segmenting Alternaria spot lesions. Small lesions could not be
detected and false positive predictions were made. Although PSPNet
showed good accuracy in separating clear disease regions in images
from the PlantVillage dataset, it showed poor performance in detecting
fine-detailed information. Yellow tissue and light symptoms were not
segmented properly at the ribs and margins of the leaves.
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Fig. 12. Atrous spatial pyramid pooling (ASPP) to exploit multi-scale features by
employing multiple parallel filters with different rates.
Source: Image from Ma et al. (2019).

3.3. Vision transformers for semantic segmentation

The introduction of transformers has revolutionised natural lan-
guage processing by introducing a self-attention mechanism that en-
ables global and large-scale word dependencies to be detected. This
led to the development of vision transformers (ViT) (Dosovitskiy et al.,
2020) for classification and models such as SEgmentation TRansformer
(SETR) (Zheng et al., 2021) and Segformer (Xie et al.,, 2021) for
segmentation. CNNs utilise size-limited receptive fields (kernel sizes)
to extract features, while Vision transformers divide the images into
fixed-sized patches for processing. These patches are flattened and go
through a trainable linear projection layer (a multilayer perceptron)
to map into D dimensions in a process called patch embedding. A
positional embedding is added to the patch embedding to provide the
position information of patches. The SETR model shown in Fig. 14
is one of the initial transformer models for semantic segmentation
tasks. Each transformation layer has a normalisation layer, a multi-head
self-attention (MSA) which involves running k parallel self-attention
operations, and a multilayer perceptron block. In a self-attention block,
a weighted sum of embeddings is computed for each element, where the
similarities between the components determine the weights. For each
input token or image patch, a query ¢, a key k, and a value v vector
are computed through linear transformations of the input embeddings.
Then, a softmax function normalises the similarity scores to obtain
attention weights. Finally, the decoder part uses convolution layers to
reconstruct the image and yield a prediction. The decoding stage to
generate the segmentation result is introduced in two different ways:
progressive upsampling (Fig. 14.b) and multi-level feature aggregation
(Fig. 14.0).

While SETR benefits from using ViT as the backbone with the patch
size of 16 x 16, the Segformer (Xie et al., 2021) model uses 4 x 4
patches, which results in a better dense prediction. Fig. 15 illustrates
that the Segformer model utilises a hierarchical method in encoding
patches and a lightweight multilayer perceptron in the decoder part.
The patches go through the transformer blocks to obtain four multi-
level features of coarse to fine-grained features with the size of 1/4,
1/8, 1/16, 1/32 of the image size. In each transformer layer, features
from the attention module will pass through the Mix-FFN to have
the location information with any input image size. The Mix-FFN is
represented by

X,; = MLP(GELU(Convsyy(MLP(X,,)))) + X,, 6h)

out
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where M LP is a multilayer perceptron, GELU is the activation func-
tion, and Convsy; is a 3 x 3 convolution layer. This prevents the model
from being lost by using a fixed positional embedding in ViT and
eliminates the need for additional interpolation operations in the case
of larger images. Segformer and SETR models showed relatively good
performance in segmentation of rice leaf diseases (Dai et al., 2024).
Still, soils in the background with a similar colour were considered
as diseases. The Segformer model and its different encoder variants
showed satisfactory results in strawberry diseases (Elmessery et al.,
2024). This model could extract the overall leaf features almost similar
to DeepLabV3+ model due to the focus that transformer models have on
global feature extraction (Lu et al., 2023). However, detailed evaluation
revealed an inability in segmentation of small disease areas, diseases on
broken leaves, serrations of the leaves (Lu et al., 2024), and diseased
areas at the leaf tips (Lu et al., 2023).

Supervised DL and transformer models advance the plant leaf and
disease segmentation, particularly in images with a complex back-
ground. Techniques such as concatenating the high- and low-level
features, preserving feature resolution through dilated convolutions,
and multi-scale feature extraction through pooling and dilated convo-
lution layers with different rates, as well as patch processing, have
all been employed to improve the segmentation results. However,
challenges remain in capturing details, such as small disease lesions,
diseases with similar regions to healthy parts, or those located at the
margins. While the next section discusses the challenges, gaps, and
solutions in details across different stages, Table 3 summarises the
segmentation studies on apple fruit, leaf and their possible diseases
using deep learning and transformer models, along with their limita-
tions. Finally, Table 4 gives a summary of all reviewed techniques for
semantic segmentation in this section.

4. Exploring challenges, recent solutions and gaps

The pipeline of DL-based semantic segmentation typically consists
of three stages: (1) image acquisition and dataset preparation, (2)
model development, and (3) result evaluation. While most of recent
research in this area focuses on DL and transformer-based methods,
this section highlights key challenges reported in the literature, the
solutions proposed, and the remaining research gaps across the stages.

4.1. Dataset preparation

4.1.1. Challenge : Limited available data

In apple disease detection, leaves are often the first organ to show
disease symptoms. Some researchers captured images from samples
with simple backgrounds in laboratories, while others used in-field
image samples against a complex background. In real scenarios, the
models trained with lab-based images have poor generalisation to
in-field disease detection (Ferentinos, 2018) (classification accuracy
decreased by 66.26%).

As apple trees are deciduous, they only have leaves and fruit for
a limited time during the year. This limits the ability to collect an
image dataset that addresses all possible challenges including colour,
illumination, and type of disease. Publicly available datasets for apple
defect segmentation with multispectral images are scarce (Agarla et al.,
2023) as these images usually have been used in classification tasks.
While multispectral imaging requires specialised equipment and train-
ing, RGB imaging is more accessible and cost-effective. On the other
hand, annotation of multispectral images is challenging which make
them less efficient to be used in segmentation tasks. Consequently,
numerous studies, especially those employing CNN and transformer-
based segmentation models, have concentrated on disease detection
using RGB images, which constitute the majority of the works reviewed
in this study. Table 5 lists some datasets available for apple diseases.
Several publicly available datasets contain RGB images annotated for
classification and object detection, but few are annotated for segmen-
tation. The existing labelled images are limited to a single masked
leaf, disease, or the largest lesion. Furthermore, in some datasets, only
images from leaves with simple backgrounds are provided.
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4.1.2. Solutions

« To increase the generalisation of the model, both in-field and lab-
based images should be considered. The low resolution of most images
limits the precision of annotation, which in turn limits the accuracy
of the results. Ahmad et al. (2023) demonstrated that the use of a
combined dataset improved generalisation capability of deep learning
models from 77.50% to 80.33%. Additional generalisation outcomes
reported in related literature are also discussed in the aforementioned
study.

+ Supervised learning needs a large dataset in order to provide
accurate predictions. One solution to high training time and the need
for large datasets is transfer learning. Transfer learning leverages the
features learnt by a different model pre-trained on a large dataset for a
different (but ideally related dataset) task (Xu et al., 2022). Typically,
the initial layers of the pre-trained model remain unchanged while
the later layers are fine-tuned to extract features from task-specific
data. When applied appropriately, transfer learning provides more
accurate results in plant disease detection (Xu et al., 2020; Abdalla
et al., 2019; Gongalves et al., 2021; Barbedo, 2018; Xu et al., 2022)
and apple disease segmentation (Li et al., 2023a; Lian et al., 2024;
Mahmud et al., 2023; Rehman et al., 2021; Yu et al., 2019; Zhang
et al., 2023b) than simply training with limited data. Transfer learning
in semantic segmentation uses a pre-trained network, such as VGG-
NET, AlexNet (Krizhevsky et al., 2017), or ResNet (He et al., 2016) in
the encoder stage to accelerate the process of learning features, while
the decoder part transforms distinctive features learned by the neural
network from the input data.

+ With only a small amount of related data, the chances of learning
the most relevant features is reduced. A dataset can be augmented by
creating new images from existing ones which can increase sample
diversity, improve training and model accuracy, and prevent overfit-
ting (Yang et al., 2023; Rai and Pahuja, 2023; Zhang and Zhang, 2023).
Augmentation techniques include geometric transformations such as
random horizontal and vertical flipping, rotations, resizing, colour
changing, and noise addition (Goncalves et al., 2021; Mzoughi and
Yahiaoui, 2023; Jamadar and Sharma, 2023; Divyanth et al., 2023;
Chen et al., 2021; Sheng et al., 2023; Feng et al., 2023; Storey et al.,
2022; Zhang et al., 2023b; Lu et al., 2024). However, resizing and using
images with a lower resolution can decrease the ability to detect small
lesions (Tassis et al., 2021).

» Image augmentation through synthesised data generation models
such as generative adversarial networks (GANs) is another solution
for data scarcity which has improved apple disease segmentation and
classification (Douarre et al., 2019; Tian et al., 2021, 2019). Nev-
ertheless, background pixels may alter the shape and colour of the
disease lesions and leaves in generating images. Chen et al. (2023)
introduced an improved network to alleviate this problem, tested on
the PlantVillage dataset. On the other side, outdoor images usually
have more complexity in augmentation through GANs as results show
that details are not preserved properly in some generated apple fruit
images (Tian et al., 2021). Furthermore, to effectively generate data
that closely resembles the training data, GANs require a larger number
of training images. This reliance on large training image samples could
be a drawback of the GAN techniques, as it contradicts the purpose of
using data augmentation techniques, which primarily aim to address
the scarcity of data. From this point of view, data augmentation could
put a computational burden on the whole segmentation and disease
detection process.

» Yang et al. (2022) leveraged few-shot learning to segment 10 types
of diseases including apple leaf diseases. They proposed a method for
generating prototypes from supported images using feature extraction
techniques to segment new samples. A sub-set annotated dataset from
the publicly available dataset (PlantVillage) was prepared. While they
yielded a good result with a few samples, there were some missing
results associated with small lesions. Few-shot segmentation of apple
diseases on leaves was proposed in Bedi et al. (2024). In learning,
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Table 2

Traditional segmentation methods in apple disease detection.
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Ref

Dataset

Diseases

Methods

Results

Limitations

Dubey and

Own indoor

Scab, rot, and blotch

K-means clustering for fruit

» Needs optimal cluster number

Jalal (2012) images on fruits segmentation * Not applicable in samples with
different colour variations in
apples

Bracino et al. Plantvillage Scab, rot, cedar apple GraphCut to remove the leaf from - * Not fully automatic

(2020) (Hughes et al., rust on leaves the background + Challenges with complex images
2015) and colour variations

Hasan et al. Plantvillage Scab, black rot, and « Utilised L*a*b* colour space for - » Not applicable in complex

(2022b) cedar apple rust on segmentation background due to the colour

leaves

- Extracted average colour
markers in a*b* space

« Nearest neighbour method for
segmentation of healthy, infected,
and background regions

similarity of classes (young
disease lesions, background and
healthy parts)

» Hard to define colour markers
for all classes

Khan et al.

+ Plantvillage

« Scab and apple rot on

A hybrid method comprises

Avg-acc, 90.46%

» Inaccurate segmentation of small

(2018) « CASC IFW leaves contrast enhancement, colour, over 30 samples lesions and multiple diseases
(Singh et al., « Lesion on fruit with texture, and correlation + Targeting only the largest lesion
2011) internal feeding worm coefficient feature extraction to » Requires post-processing step to
segment apple diseases ensure complete coverage of
diseased area
Fan et al. Own indoor Defects on apple fruits Otsu’s threshold method to - Misclassification between true
(2020) images remove the background defect and stem/calyx with a
similar intensity value
Zhang et al. Own in-field apple with ring rot and « A pre-selection box for GrabCut - + The bounding box limited the
(2023a) images Anthracnose segmentation is derived from the fruit selection when occluded

PSO algorithm
+ K-means method to segment the
apples from the background

with leaves
* Requires further processing to
segment the apples

Hasan et al. In-field images Marssonina blotch and Semantic segmentation using leaf 10U 90% + Needs user action to segment
(2022a) from Son (2021)- Alternaria spot on separation with GrabCut the leaf
leaves segmentation and lesion + Limited colours were considered
segmentation via colour-based in lesion segmentation
and thresholding methods + Inaccurate border leaf and
disease segmentation
« Detecting yellow leaf veins as
lesions
Singh and Own indoor and Marssonina coronaria « Preprocessing: Dynamic - Under-segmentation of leaf
Gupta (2018) outdoor images and scab on leaves histogram equalisation and image lesions with both simple and
brightness normalisation complex background
« Lesion segmentation: Green
colour removal+K-means
clustering
Zhang et al. Own indoor Alternaria leaf spot, Combination of SLIC and K-means - * Requires the appropriate
(2018) images mosaic and rust on clustering number of superpixels
leaves + Lack testing the method on
leaves with multiple diseases
Chuanlei et al. Plantvillage Powdery mildew, « Leaf segmentation with - * Needs to set an optimal
(2017) mosaic and cedar rust histogram method threshold
on leaves « Lesion segmentation with » Under-segmentation in small
region-based algorithm and young rust lesion
Tian et al. Own NIR images Bruises on apples Preprocessing to replace the calyx F1-score Lose the chance of bruise
(2024) from harvested and stem with solid background + 94.70% detection around the stem and

apples

Adaptive threshold segmentation

calyx

Parashar and
Johri (2024)

Plant pathology
2020 (Thapa
et al., 2020)

Healthy leaves, rust,
scab, and multiple
diseases on leaves

Canny and watershed algorithm
to segment the leaves from
background

Poor segmentation, especially in
colour variation on a leaf

both indoor and outdoor images were considered. Although few-shot
semantic segmentation shows promise in addressing data scarcity, the
model is dependent on the few training samples with limited variation
in light and background. The models’ generalisation ability to segment
diseases in test images with varying light and background conditions
remains uncertain.

« Data annotation requires expert supervision, which makes the
annotation of a large number of images a difficult and time-consuming
task. It is usually a manual task, through annotation tools such as VGG
Image Annotator (VIA), Labelme, or MATLAB Image Labeler, which can
be prone to human error (Su et al., 2021; Khan et al., 2022b). Although

11

annotating a whole leaf or fruit needs accurate boundary selection, it is
usually less complex than disease annotation. Apple disease annotation
for segmentation tasks faces several challenges. Certain diseases such as
rust and scab on leaves alter the surrounding colour area, raising the
question: should subtle changes be considered as lesions? Therefore,
there is a need for accurate and precise pre-defined disease recognition
and definition before annotation.

Based on the data preparation process and various strategies em-
ployed to tackle challenges at this stage, some identified gaps are
outlined as follows:
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Table 3

CNN and transformers based methods in apple fruit, leaf and disease segmentation.
Ref Dataset Diseases Methods Results Limitations
Liu et al. Plant pathology Frog eye on leaves » Two-stage segmentation MIOU 91.27%, + A single leaf and disease type
(2024a) 2020 (Thapa * ResNet50-+improved PSPNet MPA 94.32%, was considered

et al., 2020)

with fewer pooling layers and
using deformable convolution
layers for leaf segmentation.

* ResNet50-+dilated U-Net for
lesion segmentation

precision 94.81%

+ The Mosaic image augmentation
methods does not reflect some
challenges of in-field images (e.g.
high or low illumination, and
brightness)

Mzoughi and
Yahiaoui (2023)

Plantvillage

Scab, black rot, cedar
apple rust on leaves

ResNet+PSPNet for symptom
segmentation

10U 61.44%

Mis-segmentation in lesions at
ribes and leaf margins

Mahmud et al.

Own in-field

Leaf fire blight

ResNet+MaskR-CCN

F1-score 91.96%

Under-segmentation by missing

(2023) images infected parts
Li et al. (2023a) Own in-field Rust and ring rot on Improved Xception+DeepLabV3+ MPA 97.26%, » Mis-segmentation of the leaf
images leaves MIOU 83.85% regions

« False segmentation in occluded
leaves
+ Only a single leaf was
considered

Lu et al. (2024) Own Indoor apple leaf rust, » EAIS-Former inspired by MIOU 99.04% + Lacks differentiation between

outdoor leaves with

Alternaria blotch and

grey spot

transformers & CNNs

+ Dual scale overlap patch
embeddings

* Replaced self-attention of
transformer with ultra large scale
transformer block

+ Dual stage upsampling

for rust, 99.42%
for Alternaria,
98.59% for grey
spot

disease labels

* Not considering multiple leaves
and diseases

« Lacks testing the generalisation
ability of the model

Sheng et al.
(2023)

Own in-field
images

Healthy green apples

+ Multiscale and global feature
extraction

« Incorporating the edge
information derived from
pre-processing

MIOU 90%

Poor segmentation in small apples

Wang and He
(2022)

Own in-field
images

Healthy apples

+ Image preprocessing to make
the edges sharper and clearer

* Region Proposal Network to
capture the region features

- Integrating deformable
convolution and the transformer
attention into Mask-RCCN

Fl-score 96.4%,
MPA 91%

False segmentation in green
apples and occluded with
branches or leaves

Storey et al.
(2022)

Plant pathology
2020

Leaf apple rust

ResNet50+Mask-RCNN

10U 75%

+ Small number of training images
+ Poor segmentation on the edges
especially in blurry leaves

* Relative high rate in false
positive by detecting healthy
leaves as diseased

Son (2021)

Own in-field
images

Marssonina blotch and
Alternaria on leaves

FCN to leaf segmentation before
the object detection module for
leaf disease identification

» FCN produced feature maps
with over-segmentation and poor
leaf boundaries

» Lacks differentiation between
disease labels

Lu et al. (2023)

Own in-field

Alternaria blotch and

A lightweight network (MixSeg)

Alternaria blotch

« Lacks differentiation between

images grey spot on leaves inspired by transformers and CNN 10U leaf diseases in disease segmentation
to extract global and local 98.22% + Lacks segmentation for multiple
features IOU disease diseases on leaves and
87.40% segmentation for multiple leaves
grey spot + Lacks generalisation test
10U leaf 98.09%
10U disease
86.20%
Zhu et al. Own Alternaria, brown spot, Two-stage DeepLabv3+ with 10U for leaf Lacks multiple diseases on leaves
(2023a) grey spot, and rust on adaptive loss, adjusted dilation 98.70% and segmentation of multiple
leaves (indoor and rates, and integrated attention IoU for disease leaves
outdoor images) mechanisms 86.56%
Zhu et al. MinneApple Healthy apples, apple + Transformer-based model 10U 81.45% Over-segmentation by considering
(2023b) (Héni et al., blossoms (PD-SegNet) green leaves as apples or flowers

2020), AppleA
(Dias et al.,
2018)

+ Improved decoder with Dynamic
Kernel Head and Complex Points
Head to enhance the boundaries
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Ref Dataset Diseases Methods Results Limitations
Bedi et al. ATLDSD (Feng Alternaria, brown, grey, PDSE-Lite- A lightweight model 10U 94.54% + Lacks generalisation assessment
(2024) and Chao, 2022) and rust spots on leaves for few-shot segmentation, used - Poor segmentation in leaf
(Indoor and learned features from an boundaries
outdoor images) autoencoder convolutional » Lacks visualisation in ablation
network study
+ Lacks multiple diseases on
leaves and segmentation of
multiple leaves
Yang et al. Own indoor and Alternaria, brown spot, A U-Net based model with MIOU 98.1% « Lacks multiple diseases on
(2024) outdoor images grey spot, mosaic and SegFormer blocks in the backbone leaves and segmentation of
rust on leaves and attention mechanisms in multiple leaves
bottleneck and skip connections « Lacks class (disease)-wise
analysis of the results
Feng et al. Own in-field Alternaria, grey, brown, Introducing new pooling method PA 99.07%, » Lacks multiple diseases on
(2023) images and rust spot on leaves to segmentation models with the MIOU 82.1% leaves and detection of multiple

best result acquired by the
ResNet50+DeepLabv3+ model

leaves
« Lacks disease differentiation

Agarla et al.

Kleynen et al.

Multispectral images of

+ Data synthesis method for

F1-score 78% for

Lacks ablation study to show the

(2023) (2005) apple defects variants: image augmentation RGB+NIR effect of model modifications
russets, scar tissue, frost + A U-shaped CNN architecture images, 79% for
damage, scald, hail with noise reduction blocks RGB images
damage, limb rubs, and
visible flesh damage
Wang et al. Own (indoor and Alternaria blotch, U-Net with integrated Residual 10U for leaf » Lacks disease differentiation
(2024) outdoor images) brown spot, grey spot, CBAM attention module in 98.35%, for « Single leaf with single disease

and rust

decoder stages and ASPP in the
bridge

disease 87.15%

were considered

Zhang et al.

Plantvillage +

Alternaria blotch,

U-Net model with combined loss

MIOU 91.07%,

+ Diseases spots on multiple

(2023b) own images brown spots on leaves, functions (Dice and Focal loss) MPA 95.58%, leaves, were not considered
as well as multiple and integrated attention module Fl-score 95.16% « False detection part between the
diseases (including (CBAM) leaf and the background in
brown spot and mosaic) shadow, leaf occlusion and
folding
Liu et al. Own in-field Alternaria leaf blotch A two-stage segmentation: MIOU 98.42% + Only a single leaf was
(2022a) images MobileNetV2 + PSPNet for leaf for leaf, 92.05% considered
segmentation and VGG + U-Net for disease + Mis-segmentation of small
for disease segmentation lesions and leaf margins
Ding et al. Own in-field Brown spots, rust, grey Integrating a fusion module MIOU 98.00%, Single leaf segmentation
(2025) images spots, and healthy combining different attention MPA 98.95%,
leaves modules (Coordinate Attention, precision 98.45%
ECA Attention, CBAM, and Triplet
Attention) and different dilation
rate in ASSP module into
DeepLabV3+
Table 4
Comparison of techniques in plant tissue and disease segmentation: Traditional to CNN and Transformer-based methods.
Category Method Advantages Disadvantages
Traditional Threshold-based + Easy to implement and fast with low « Sensitive to colour, saturation, and light variation,
Colour-based computational costs + Affected by background colour
Clustering-based » Works with limited images « Struggles on boundary separation in complex backgrounds
* Require pre- and post-processing to enhance the results
* Requires appropriate number of clusters and threshold
values to cover colour variations in different images
» Low generalisation in new images
U-Net + High performance in more localised area » Requires labelled data
SegNet such as diseases » Limited global context and loss of spatial information
+ Flexible structure to change the model - Computationally expensive due to several conventional and
complexity deconvolutional operations
» Works well with moderate amount of data
CNN-based DeepLabV3+ + Capable of capturing information from a + Poor boundary segmentation, especially for small or thin
wider scale objects (e.g., leaf edges or apple spots)
» Good performance on leaf segmentation
PSPNet » Lighter model compared to U-Net and + Poor boundary segmentation
DeepLabV3+ « Lack of localised information by pooling layers
+ Good performance in large objects such as
apple or leaf segmentation
Transformer-based SegFormer « Captures global contextual information + Can overlook the smallregions like areas at the leaf tips

« Requires larger datasets
« Slower inference

13
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of Plant Pathology
2020)

scab
- Single and multiple diseases on
leaves

Table 5
Publicly available apple disease datasets.
Dataset Ref Features Annotation Limitation
Plantvillage Hughes et al. * RGB images with simple + Classification +» Low resolution for disease
(2015) background segmentation
« Scab, rot, cedar apple rust on + Lacks in-field images
leaves
Plant pathology2021 Thapa et al. « RGB and in-field images » Classification * No specific label for images
(An improved version (2021) « Frog eye, powdery mildew, rust, with multiple diseases (labelled as

complex)

PlantDoc

Singh et al.

* RGB images with uniform and

» Classification

» Low number of images

(2020) complex background » Wrong annotation in some
« Scab and rust on leaves images
Apple leaf disease Son (2021) « RGB images with complex » Bounding box

background
« Marssonina blotch and
Alternaria on leaves

for object
detection

ATLDSD

Feng and Chao
(2022)

« RGB images with simple and
complex background

- Alternaria spot, grey spot,
brown spot and rust on leaves

» Segmentation

+ Inaccurate annotation with
overlooked small lesions

Apple dataset

Khan et al.
(2022a)

« RGB images with simple and
complex background

« Scab, Alternaria spot, powdery
mildew, Marssonina leaf blotch,
necrosis, insect damage and
multiple diseases on leaves

+ Classification

+ Only a limited subset od dataset
is publicly available

Indigenous dataset for
apple leaf disease
detection and
classification

Yatoo and
Sharma (2024)

« RGB in-field images

» Mosaic and Alternaria spot on
leaves

« Augmented images

+ Classification

» Low resolution

Kashmiri apple plant
disease dataset

Sharma et al.
(2023)

* RGB images
« Apple rot, Alternaria spot and
scab on leaves

» Classification

+ Without in-field images

AppleScabLDs &
AppleScabFDs

Kodors et al.
(2021)

* RGB images
« Scab lesion on leaves and fruits

» Classification

+ Images are form only one
disease type

AL9EE

Zhu (2023)

« RGB images with simple and
complex background

« Alternaria spot, brown spot, frog
eye, grey spot, mosaic, powdery
mildew, rust, and scab on leaves
« Generated through data
augmentation using CycleGAN

» Classification

- Some images are in low
resolution for disease
segmentation

+ Some images are incorrectly
annotated

Apple dataset

Zhang et al.
(2023a)

« RGB in-field images
* Ring rot and anthracnose on
fruits

» Classification

+ Only a limited subset od dataset
is publicly available

NZDLPlantDisease Saleem et al. « RGB in-field images + Bounding box + Low resolution for disease
(2022) « Black rot on fruit, black spot for object segmentation, especially for small
(scab) on leaves, European detection lesions
canker, Glomerella leaf spot
ERWIAM MaR et al. « RGB in-field images * Bounding box —
(2024) - Fire blight disease for object
detection
Near infrared Nouri et al. « Images of infected and healthy + Classification + Image collected in an controlled
hyperspectral dataset of (2018) apple leaves using NIR environment may not generalise

healthy and infected
apple tree leaves
images for the early
detection of apple scab
disease

hyperspectral camera in
laboratory

to field conditions

4.1.3. Gaps

- Diseases on different parts: While most recent segmentation
studies focused on apple leaf disease detection, there is a need
to detect disease both on fruits and stems, such as that for
European canker, apple scab and rot. Saleem et al. (2022) address
this gap through object detection techniques; however, there is
still a need to provide a pixel-wise prediction through semantic
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segmentation. Accordingly, collecting a combined dataset in both
controlled and uncontrolled environments, on diseases that occur
on different plant parts, and under various lighting conditions
may contribute to robust prediction.

Early to severe and single to multiple disease segmentation:
The diagnosis of diseases from different stages has not received
much attention, even though including images from different
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Dataset Ref Features Annotation Limitation
Visible-near infrared Gaci et al. « Hyperspectral images of apple + Classification + Images are from only one
hyperspectral dataset of (2023) tree leaves infected with fire disease type

healthy and infected
apple tree leaves
images for the
monitoring of apple fire
blight

blight

stages could improve generalisations and reliability. As shown
in Fig. 16, young lesions have different colours compared to
mature lesions in some apple diseases like frog eye or scab. In
particular, this matters in the process of severity assessment tasks.
Furthermore, the segmentation of multiple diseases needs to be
considered more in semantic segmentation studies. Lastly, regard-
ing the annotation phase, more research needs to be conducted
to show how the annotation method could affect the results
of segmentation. We have started to address above-mentioned
gaps by considering both apple fruits and leaves, multiple dis-
eases, as well as assessing the effect of annotation in our recent
publication (Keshavarzi et al., 2024).

Robust augmentation

» Data augmentation remains a valuable tool in addressing limited
data availability and enhancing model generalisation. Various
augmentation techniques need to be refined to generate diverse
and realistic training data while preserving the necessary details
for agricultural analysis. Weather variability may cause illumina-
tion changes, dust, raindrops, or shadows on plants. Therefore,
in-field image augmentation needs much more work to imitate
these parameters rather than simply adding blur and noise filters.
Additionally, a complete assessment of the effects of different
augmentation methods on the segmentation process is required.
» Data augmentation through GANs has demonstrated significant
usefulness in the case of different applications of semantic seg-
mentation in agriculture, including leaf counting, fruit detection,
etc. However, the output generated by GAN techniques may not
capture fine details in texture and colour, which are essential for
accurate disease segmentation. The effect of data augmentation
using GANs on each type of apple disease and its impact on the
results could be investigated.

» The use of synthesised images to recreate future disease stages
could be a solution for cross-stage robustness in apple disease
detection. Attempts have been made to enhance model generali-
sation by synthesising future growth in some crops (Drees et al.,
2021), but it remains unresolved in apples.

Domain-specific transfer learning: Many studies commonly
utilise backbone models pre-trained on general domain datasets,
such as ImageNet. However, there remains a need to investigate
the impact of employing backbone models trained on related
domain datasets, such as PlantCLEF2023 (Goéau et al., 2023),
specifically in the context of apple disease segmentation. Lee
et al. (2020) observed that while fine-tuning a (CNN) model on
domain-related datasets like PlantCLEF could reduce overfitting,
this does not necessarily contribute to enhancing generalisation
in plant diseases classification. This underscores the importance
of exploring the effectiveness of domain-specific pre-training for
improved performance in apple disease segmentation tasks.

4.2. Model development

4.2.1. Challenges: Boundaries, small objects, imbalanced data

Based on the reviewed literature, complex backgrounds is one of
the main challenges in agricultural images for semantic segmentation.
The background often contains cluttered elements such as soil, weeds,
and overlapping leaves which, can cause false predictions, especially

15

at boundaries. Furthermore, some studies reported poor detection of
occluded leaf or fruits, as well as small apples or diseases.

In plant disease segmentation, datasets are often imbalanced, and
data distribution is not necessarily influenced by the number of images
in each category. This is because a single image might include most
labels, while others may only exhibit a few. Consider an image with
the rust label, which consists of six leaves with two lesions each.
Alternatively, another image might have the label scab, featuring two
leaves but with twenty lesions. Some labels in the dataset may have a
minority of pixels compared to background which includes the majority
of pixels in an image and thus the entire dataset. Various studies have
adopted different strategies to address these issues, some of which are
highlighted below.

4.2.2. Solutions

4.2.2.1. Model modification. Li et al. (2021) proposed a modified U-Net
model to tackle the weak boundaries in segmentation of green apples
from a complex background. To effectively extract edge information,
residual blocks and gated convolutions were used to form an additional
branch to extract information from the downsampled layers. Results
showed a 5.75% increase in the Fl-score for apple fruit segmentation.

Sheng et al. (2023) added the edge information to a region-based
module to detect the precise region of apples with a complex back-
ground. This method performed well in separating green apples from a
green background. Global localisation information was derived through
a multi-scale localisation module to extract features with different
kernel sizes. By integrating the feature information of high and low
layers, the boundary-aware module sharpened the edges of potential
targets. Although apples are segmented successfully using this method,
segmentation of small apples was more complicated.

Pooling layers as one of the methods to select prominent values,
usually uses the max or average operation with n x n kernel sizes. Strip
pooling was introduced to the pooling operation along the horizontal
and vertical axis with a kernel size of 1 X n or n x 1 to capture long-
range dependencies (Hou et al., 2020). Feng et al. (2023) expanded the
pooling method to employ strip and twill pooling operations to propose
the double cross pooling method. The double cross pooling module does
the horizontal pooling, vertical pooling, primary diagonal twill pooling
and secondary diagonal twill pooling, respectively. The fused results
add weights to the feature map through multiplication. Integrating this
pooling module into DeepLabV3+ improved the disease segmentation
on apple leaves by 7.69%.

Zhu et al. (2023b) argued that the MLP-based decoder in Seg-
Former is not efficient in segmenting small objects against complex
backgrounds while Transformers look at a larger scale. They proposed
modifications to SegFormer to segment the small apples, whereby two
modules are introduced in the decoder part. One module designed
to enhance the segmentation quality by updating convolutional ker-
nels during the upsampling process, and the second module, Complex
Points, refines masks with less blurred edges by optimising the seg-
mentation of hard-to-classify points. This method outperformed other
models such as DeepLabV3+ and FCN in segmenting small fruits on
apple trees. On the other side, the Segformer model showed lower
MIOU in indoor images having apple rust disease compared to the CNN-
based models, DeepLabV3+ and U-Net, by 0.59% and 0.71% (Lu et al.,
2024).
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Young lesions (1

Fig. 16. Young and mature lesion differences associated with some apple leaf diseases.
a. Leaf with frog eye disease. The young purple lesions have a different appearance
to mature ones. b. Pale young scab lesions compared to a more mature olive-coloured
spot with a velvety texture.

Source: Images from Thapa et al. (2021).

Lu et al. (2024) developed EAIS-Former with a dual overlap patch
embedding method. This model benefited from combining the ad-
vantages of transformers and CNNs. This method uses two different
patch sizes of 3 x 3 and 5 x 5 to capture the lesions on mango and
pomegranate leaves, and also apple rust disease at different scales. The
self-attention in transformers is then replaced with a residual block
consisting of two depthwise layers with a 5 x 5 kernel and a large
kernel (near the feature map size) to learn both location and global
information. Their feature extraction and two-stage upsampling method
preserved the details, providing a more precise segmentation of small
apple rust, grey, and Alternaria spots with an MIOU of 99.04%, 98.58%,
and 98.59% respectively.

Lu et al. (2023) designed three modules in a encoder-decoder
shape segmentation network, inspiring transformers and CNN. Mix
transformer, position indexer and local optimisation modules were
integrated to establish global dependencies, preserve the position of
information in down-sampling, and enhance the local and detailed fea-
ture extraction, respectively. While, according to Mzoughi and Yahiaoui
(2023) one major failure in segmentation relates to lesions which
appear in leaf ribs and margins, their method led to more precise
segmentation of apple grey spots in leaf regions and small Alternaria
spots in occluded leaves.

4.2.2.2. Attention mechanism. In plant disease segmentation, features
extracted from critical areas like leaves and lesions are more infor-
mative than features from the background. When multiple leaves and
lesions appear in different locations of an image, global information
may lead to a better capture of the diseases globally. With their self-
attention mechanism, transformers have the advantage of capturing
global dependencies between different parts of an image. However,
they have more complexity and are less sensitive to positional infor-
mation. Some studies tend to direct models to emphasise the region or
area of interest in the image by giving more weight to the most relevant
information while ignoring less important details. It could effectively
give more attention to the leaf and disease areas or focus on small
lesions. While it is a broad topic in DL models, we will outline some
implemented methods in apple and other plant disease segmentation.
Attention U-Net (Oktay et al., 2018) uses an attention gate at the
top of each skip connection in the U-Net model (illustrated in Fig. 17).
The attention gate calculates the attention coefficient values to actively
suppress irrelevant regions and reduce the semantic gap between the
encoder and decoder. A1 x 1 x 1 convolution layer performs the linear
transformation and computes a weighted combination of the channel
values at a specific location. The output of the attention gate is the
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element-wise multiplication of input feature maps and attention coef-
ficients. More relevant features will be more involved in upsampling
and final classification. The attention gate shows promising results in
segmentation of small-sized disease lesions on for example, rice (Rai
and Pahuja, 2023), maize, and cucumber (Zhang and Zhang, 2023), by
reducing background intervention. Xu et al. (2020) used an attention
module with two levels to alleviate background effects and highlight
spots. Inter-layer and intra-layer attention weights were derived which
showed good results in separating rice plants from a very similar
background to the rice plants.

Squeeze-and-Excitation (SE) Networks (Hu et al., 2020) introduced
an attention module which has been used in segmentation models
for detection of diseases in tomatoes (Deng et al., 2023), rice (Chen
et al.,, 2021), and apples (Zhang et al., 2023b), yielding improved
results. Fig. 18 illustrates the SE attention module that reweighs each
channel through global pooling, fully connected layers, and activation
functions.

Yang et al. (2024) modified the U-Net model by integrating the Seg-
former in the encoder, efficient channel attention (ECA) (Wang et al.,
2020) at the bridge, and a multi-scale fusion attention block (MFAB) in
the decoder part. ECA is a lightweight and enhanced version of the SE
attention method, replacing the FC layer with a 1 x 1 convolution layer.
This allows it to capture inter-channel dependencies among K channels
through a local cross-attention module, with the K value adaptable as
needed. MFAB incorporates two SE attention modules: one for high-
level features and another for low-level features. The final model had
fewer parameters and resulted in a slight improvement in segmentation
of grey, brown, and rust disease spots in apple leaves (0.2%).

The convolutional block attention module (CBAM) (Woo et al.,
2018) comprises both channel and spatial attention modules (Fig. 19).
The channel module, like in the SE attention module, emphasises the
importance of each specific channel, but with both max-pooling and
average-pooling operations. The spatial attention module performs the
pooling (max and average) and a convolution operation which results in
a 1-channel feature map (1 xhXxw) to assign weights to different spatial
locations. Focusing on small lesion segmentation, Zhang et al. (2023b)
integrated different attention modules into the U-Net model to segment
the Alternaria spots and brown spot diseases on apple leaves. Results
showed the SE attention module improved results compared to the
U-Net model, while the CBAM module improved the segmentation of
small Alternaria spots. Introducing the CBAM module into DeepLabV3+
increased the segmentation results in apple leaves spots by 7.53% (Li
et al., 2023b). In essence, channel attention involves looking for what
are the significant across all channels of a feature map refining the
relevant features accordingly. On the other hand, spatial attention de-
termines the significant locations within the image, emphasising where
these important elements are situated. Studies showed that combining
these two types of attention mechanisms could improve the recognition
of regions or areas of interest in plant disease segmentation (Xu et al.,
2020; Cai et al., 2022). In a field-based case study by Xue et al. (2023)
in which precise spraying by orchard spraying robots was enabled, the
DeepLabv3+ was improved by integrating CBAM into its ASSP module
for fruit tree canopy segmentation. MobileNetV3-Small was selected as
the backbone network to make the model lighter and six times faster.
The model was integrated into the NVIDIA Jetson Xavier NX device for
efficient on-site inference with an MIOU of 95.62%.

4.2.2.3. Loss function. While data augmentation and transfer learning
techniques could alleviate the image scarcity problem, it is important to
address imbalanced datasets in segmentation tasks, as simply increasing
the number of images may not fully solve this issue. One solution
involves utilising appropriate loss functions during training to focus
on the hard samples (low-frequency labels). In DL models, the loss or
cost function quantitatively measures the difference between prediction
and actual ground truth labels. The goal is to minimise the cost value
by comparing the predicted and true labels of validation data during
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Fig. 17. Architecture of attention U-Net model.
Source: Image from Oktay et al. (2018).
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Fig. 18. Block diagram of Squeeze-and-Excitation module. The feature map goes
through two fully connected layers with a ReLU activation function in between. The
sigmoid activation function provides a simple gating mechanism and a vector of ¢x1x1
weight for channels.

Source: Image adapted from Chen et al. (2021).

training. The categorical cross-entropy (Ma et al., 2004) is a standard
loss function which is widely used in many works (Roy et al., 2021;
Lian et al., 2024; Storey et al., 2022; Bedi et al., 2024; Sheng et al.,
2023; Khan et al., 2022b; Xu et al., 2020). This loss function is defined
as:

L(y,9) == Y v log() @)
1

where y is the one-hot ground truth and j is the prediction distribution.
Focal cross entropy (Lin et al., 2017) is one of the loss functions
introduced for highly imbalanced data sets which results in predicting
hard samples (Zhang et al., 2023a; Liu et al., 2024a) more precisely.
Categorical focal loss is a modified version of the standard categorical
cross-entropy loss function. This function introduces a focusing param-
eter y and a modulating factor (1 — ,)” for each class. The modulating
factor downweights the well-classified samples with y as a rate.

L(y,9) == Y, (1 = 9,) log(®) ®
i

To address the problem of small apple lesion segmentation and disease

similarity at an early stage, a combination of focal loss and dice loss

was integrated into U-Net model (Zhang et al., 2023b). This increased

the MIOU by 0.62% compared to using cross-entropy loss function. The
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dice function is defined as below:
2 X Y (Virue X yPred) +e
Y Virue + Zypred +e

Y denotes the sum over all pixels in the masks. ¢ is a small constant
(usually added to the denominator) to prevent division by zero, ensur-
ing numerical stability. ygye X Vpreq i the element-wise multiplication
(intersection) of the ground truth and predicted masks.

Agarla et al. (2023) employed the Focal Tversky Loss (FTL) (Abra-
ham and Khan, 2019) to mitigate the impact of high-frequency pixels
from healthy regions compared to the smaller number of pixels in defect
areas of postharvest apples. This function is defined as follows:

Dice Loss =1 —

4

N
_ Z,’:] picgic +e
¢ N N N
Vit Pic8ic T @ XL (Pifgic) +(1-a0) ¥, (picgic‘) te
1
FTL, = 2(1 ~-TIL)7 (6)

where, in their problem with labels (lesion and healthy), p;. represents
the predicted probabilities for each pixel i in lesion class c, p;; is the
healthy probability of the pixel i. g;. and g;; are the ground truth label
¢ and healthy label ¢ for each pixel i.

Zhu et al. (2023a) proposed an adaptive loss function based on the
cross-entropy loss function and a modulation factor for a two-stage
apple leaf disease segmentation from a complex background.

AL(y,p) = {

B € [0,5] is a hyperparameter showing the compression degree that
needs to be set experimentally and [cos(1 —p+ %) + 1] is determined by
p (the probability of each pixel belongs to class c). In easily classified
pixels, the higher the probability, the lower the modulation factor, and
the greater the compression. Their loss function improved results in
segmenting overlapped leaf areas and small lesions missed with the
standard cross-entropy loss function (0.11% and 1.27% for leaves and
disease spots respectively).

Another technique that gives more attention to the least common
labels involves giving weight to each label and making the model learn
all data with the same weights (balanced weights) or giving desired
weights to labels depending on the application. Wang et al. (2024)
proposed a weight compression loss function to decrease the effect of
background labels and give more attention to the hard-to-categorise

TI (5)

ify=1
if y=0

—(cos(p + 5) + 1) log(p)

P (7)
—(cos(1 —=p+ )+ 1) log(1

-p
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Fig. 19. Block diagram of CBAM. Both max-pooling and average-pooling operations are employed on the feature maps in both the channel and spatial attention sub-modules.

Source: Image from Woo et al. (2018).

lesion labels. The cross-entropy loss function was modified by adding a
modulation factor ([1-arctan(p)]) which its best value acquired through
different test.

if y=1
ify=0

—(1 — arctan(p))” log(p)

®
—(arctan(p))’ log(1 — p)

WCLce(y,p) = {

4.3. Evaluation of the segmentation results

4.3.1. Measurement metrics

In a plant disease detection problem with two classes (for example
healthy and diseased), positive detection is detection of disease and
negative detection refers to healthy tissue. From the confusion matrix,
each image (or pixels for segmentation) falls into one of four categories:
True positive (TP): The number of diseased pixels correctly predicted
as diseased.

False positive (FP): The number of healthy pixels incorrectly predicted
as diseased.

True negative (TN): The number of correctly predicted healthy pixels.
False negative (FN): The number of diseased pixels predicted as
healthy.

However, for multi-class problems (including semantic segmenta-
tion), the definitions are applied class-wise (see the confusion matrix
in Table 6).

Pixel accuracy (PA),

_ TP+TN

" TP+TN+FN+FP
is one of the most commonly employed metrics for evaluating models
in DL classification tasks due to its simplicity. It represents the rates of
total correct classified pixels. However, its simplicity might not render
it the most effective metric for assessing disease lesion segmentation,
particularly in imbalanced datasets. If many pixels are correctly classi-
fied in the background, the PA value for a disease lesion or leaf class
will increase. PA combines both FP and FN, making it less informative

PA (C)]
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for analysing segmentation errors. Precision, recall, F;-score and MIOU,
are other metrics for evaluating the segmentation results. Precision,

TP
TP+ FP
measures the validity and accuracy of positive predictions, showing to
what extent results are reliable. Reducing FP results in higher precision
values. Recall,

TP
TP+ FN
emphasises reducing the FN rate and measures the model’s ability
to label the actual positive ground truth correctly. It is useful for
understanding how portions of diseases or healthy leaves and fruit have
been correctly identified. MIOU,

10)

Precision =

Recall = (11D

| X
N2

i=1

|P, NG|

mloU = _
[P VG

12)
measures the average overlap area between predicted and ground truth
regions among all pixels where P, and G; are the predicted pixels
and ground truth pixels, respectively. This measurement has been used
widely in assessing the apple disease segmentation results (Yu et al.,
2019; Hasan et al., 2022a; Liu et al.,, 2024a; Mahmud et al., 2023;
Li et al., 2023a; Lu et al., 2024; Zhu et al., 2023a). According to the
problem type (diseased and healthy prediction), precision and recall
are important in assessing the whole model’s performance. An increase
in precision and recall could result in more reliable results, reducing
the cost of treatment, and estimating loss more precisely. Thus, there
should be a trade-off between these two metrics. F;-score,

precision X recall

F| score =2x 13)

precision + recall

as a harmonic mean of precision and recall is commonly used in apple
disease segmentation problems dealing with unbalanced datasets (Zhu
et al., 2023b; Bedi et al., 2024; Yang et al., 2024). As the defect area is
usually a smaller portion of the healthy part of the apple, Agarla et al.
(2023) proposed another metric in apple fruit defect segmentation to
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Table 6
Confusion matrix in multi-class classification problems.
Predicted
class..class;_, class, class;,..class,
classg..class;_, N FP N
Actual classy FN FN
class,,,..class, N FP N

measure the Class-Specific Recognition Error (CSRE).
FN
CSRE = LPHEN

_FP
TN+FP

5 14)

4.3.2. Ablation studies and visualisation

Ablation studies analyse the impact of specific components of a
model on the model’s performance. This helps to understand the contri-
bution of different elements and assess their significance in achieving
the desired segmentation result. In some studies, ablation has been
used to show the effectiveness of different attention mechanisms (Wang
et al., 2024; Zhang et al., 2023b; Feng et al., 2023; Dai et al., 2024). In
another study, Liu et al. (2024a) performed an ablation experiment to
show how deformable convolution affects the segmentation of frog eye
disease in complex backgrounds. Lu et al. (2024) performed the abla-
tion experiments to show the adaptability of their proposed modules.
They also performed a visual comparison of the results with different
modules. Visualisation can also illustrate the effectiveness of different
receptive fields in convolution layers (Zhu et al., 2023b), display the
output of the feature maps after deploying different modules (Feng
et al., 2023), and demonstrate feature representation (Mahmud et al.,
2023; Yang et al., 2023). Additionally, they can highlight TP, FP, TN,
FN in prediction results (Liu et al., 2022a; Zhang et al., 2023b; Liu
et al., 2024a; Li et al., 2023a; Zhu et al., 2023a; Dai et al., 2024; Jiang
et al., 2024).

4.3.3. Gaps

« Ignored healthy class: While many studies focus solely on
metrics related to disease classes (Mzoughi and Yahiaoui, 2023;
Mahmud et al., 2023; Li et al.,, 2023a; Lu et al., 2024, 2023;
Bedi et al.,, 2024; Feng et al., 2023; Wang et al., 2024; Zhang
et al., 2023b), there is a need to extend this evaluation to include
the healthy class. Fewer works (Lian et al., 2024; Zhu et al.,
2023a) have incorporated metric evaluations specifically for the
healthy class. The evaluation of both diseased and healthy classes
is essential for comprehensive model assessment in tasks such
as disease segmentation. The model must effectively recognise
healthy and diseased regions because misclassifications can have
serious consequences. Identifying healthy parts as diseased could
result in unnecessary treatments or interventions while overlook-
ing diseased regions could result in untreated conditions, both
carrying significant costs and implications.
Lack of class-wise analysis: Class-wise results could provide a
more in-depth understanding of the model performance. While
reporting a total segmentation accuracy or MIOU (Feng et al.,
2023) is a good indication of segmentation model efficiency in
apple disease detection, they do not reflect the model’s ability to
correctly distinguish between different classes.

It has been shown that visualisation techniques can improve the inter-
pretation in ablation studies (Wang et al., 2024; Zhang et al., 2023b;
Feng et al., 2023; Yang et al., 2024; Zhu et al., 2023a,a). Visualisa-
tion can help to make the represented results derived from ablation
experiments clearer. Furthermore, utilising only the measuring metrics
in ablation studies (Sheng et al., 2023; Bedi et al., 2024; Son, 2021),
may not provide detailed insights from the results. On the other hand,
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some minor changes might not be visually noticeable and easy to
follow, making it difficult to make comparisons based on images. This is
where measuring metrics come into play by reflecting subtle differences
quantitatively. Hence, by combining all these approaches, researchers
can determine how different model components affect performance
while visualising and quantifying these effects.

5. Multispectral and hyperspectral imaging

Some fruit defects are difficult to recognise visually and may not
be captured effectively through RGB images. In such cases, advanced
imaging methods, such as multispectral or hyperspectral imaging, can
be more helpful. These techniques, with their sensitivity to subtle
colour changes and broad spectral range, can identify decay at early
stages in apple tissue. These imaging techniques have been used for
early bruise detection. In a study, Tian et al. (2024) employed near-
infrared (NIR) imaging and adaptive threshold segmentation for de-
tection of apple bruises. Full-band images were captured from the
fruit face, stem end, and calyx end of both healthy apples and those
with single or multiple bruises, 30 min after bruise occurrence. The
proposed method achieved an F1-score of 94.70%, outperforming other
segmentation techniques such as Otsu and fixed thresholding. In an-
other study, a watershed segmentation algorithm was deployed on the
most effective spectral regions identified through principal component
analysis (PCA) (Luo et al., 2019). The output of the binary segmen-
tation image was used to classify samples into healthy and bruised
apples. The same strategy was used in Li et al. (2019) to extract PC
scores and segment the decay region on postharvest apples through
a watershed algorithm and postprocessing morphological operations.
The images were taken using three spectral regions including Vis-NIR
(400-1000 nm), Vis (400-780 nm) and NIR (781-1000 nm). The classi-
fication accuracy for 220 decayed and 220 healthy fruit were 99% and
100% respectively. Tian et al. (2023) also applied Vis-NIR hyperspec-
tral reflectance imaging and developed a bruise detection algorithm
using optimal band ratio images and pseudo-colour transformation,
followed by an improved watershed segmentation algorithm. They
achieved recognition rates of 93.3% for healthy and 92.2% for bruised
apples. The segmentation results then can be used in classification tasks
for grading and quality evaluation of postharvest fruits. However, these
imaging technologies need complicated equipment and preprocessing
techniques to extract the most effective regions, and their practically
still needs to be tested on an online system for realtime detection
of apple bruise and decay. Furthermore, a deeper exploration of the
effectiveness of these imaging modalities compared to RGB images
is needed, as Li et al. (2019) suggested that segmentation results in
postharvest apple defect detection from multispectral and RGB images
are comparable.

Apart from segmentation tasks, there have been some studies fo-
cusing on classification and identification of apple diseases using hy-
perspectral and multispectral imaging. For instance, Bleasdale and
Whyatt (2024) used RGB and NIR images to classify apple leaves
with invisible (early stage) and mature scab infections. EfficientNetV2L
model resulted in 97.57% accuracy over the combined datatset and
78.91% over the multispectral dataset. In another study, Delalieux
et al. (2009) utilised indices derived from hyperspectral and fluores-
cence images to detect early scab infections before visible symptoms
appeared under a controlled environment with favourable water and
soil moisture conditions. Vegetation indices derived from multispectral
images have also been effective in identifying healthy and unhealthy
canopy sections infected with diseases like powdery mildew (Chandel
et al., 2020) and fire blight (Mahmud et al., 2023; Xiao et al., 2022).
These indices were subsequently used to classify entire trees or canopies
into healthy or unhealthy categories. Furthermore, Skoneczny et al.
(2020) identified the most effective hyperspectral bands for differen-
tiating apple leaves as healthy, infected with fire blight, or dry. These
indices can be employed for the real-time automatic detection of the
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diseases. Hyperspectral imaging was also applied to study apple mosaic
disease, comparing spectral differences between healthy and infected
leaves (Jiang et al., 2023). Although these studies primarily focused
on disease identification, the derived indices and measurements, such
as spectral reflectance and vegetation indices, can also be adapted for
segmentation tasks. Techniques like thresholding can leverage these
indices to segment diseased and healthy regions.

6. Apple disease severity assessment

Identifying the infected area (disease incidence) can be a prelim-
inary step in assessing disease severity by determining what portion
of the plant, such as specific leaves or the entire orchard, is infected.
It is useful for developing management strategies, including yield loss
prediction, estimation of when and how much pesticide to apply or
spray, and evaluating their impacts on diseases (Bock et al., 2022). In
visual disease severity estimation three types of scales are commonly
used: Nominal or descriptive scales, ordinal scales (quantitatively and
qualitatively), and ratio scales.

» Nominal scales rely on concise descriptions like “Healthy”,
“Mild”, “Moderate”, and “Severe” to show various levels of
disease severity.

In quantitative ordinal scales, numeric intervals between 0% and
100% are described by a set number of classes. Pal and Kumar
(2023) benefited from the percentage of the diseased area to label
their samples with nominal scales (0% = Normal, <20% = Mild,
>20% and <30% = Moderate, >30% = Severe). Qualitative ordi-
nal scales usually have no specific and known numeric magnitude
between each class, which is useful in estimating the severity of
diseases that cannot be readily quantified (Bock et al., 2020).
The percentage scale, is a commonly utilised method for visually
estimating the level of disease severity (Bock et al., 2020). Nu-
merous disease intensities can be assessed using the ratio of the
diseased area to the whole area (Bock and Chiang, 2019; Hamada
et al., 2019; Xue et al., 2019).

Visual assessment of diseases by raters is prone to subjectivity, requir-
ing rater training and testing. Moreover, standard area diagrams (SADs)
are usually needed as an aid for the assessments (Bock et al., 2022,
2020; El Jarroudi et al., 2015). Recently, DL models and image analysis-
based methods demonstrated superiority in disease severity assessment
by providing more accurate and reliable results (Sun et al., 2014). Some
researchers classified image datasets into different nominal classes to
predict the severity level of test samples (Wang et al., 2017; Liang
et al., 2019; Prabhakar et al., 2020; Hayit et al., 2021; Dhiman et al.,
2022; Ji et al., 2020). The nominal scales are subjective and can vary
according to different raters. Moreover, these classification models may
lead to incorrect severity assessment in cases of new samples with
varying levels of diseases (Shi et al., 2023). Determining the diseased
and healthy area is the key element in plant disease severity assessment.
Therefore, segmentation is a strong tool that can assist in more accurate
disease and leaf separation to measure the disease intensity.

There are some tools developed for disease severity measurements,
although studies showed that only a limited number of them pro-
vide both disease detection and severity assessment (Siddiqua et al.,
2022). The CompuEye (Bakr, 2005), Assess (Lamari, 2002), and Im-
ageJ (Schneider et al., 2012) tools utilise colour-based and thresh-
olding methods to segment the disease area. In 2013 Phenotic soft-
ware (Rousseau et al., 2013) was developed to provide a threshold-
based segmentation and disease severity assessment. Bean plants were
photographed using a chlorophyll fluorescence imaging system that
allowed symptoms to be detected before they appeared visually. Pethy-
bridge and Nelson (2015) released the Leaf Doctor, a semi-automatic
software to segment the leaf and disease area and assess the disease
severity of individual leaves. In this work, the ability to select eight
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green colour ranges in leaves, different colour ranges of symptoms,
and leaf veins results in less segmentation error. The interactive na-
ture of this software allows the user to define a threshold showing
the maximum number of healthy and unhealthy pixels, especially on
margins. However, it is limited to having a solid black background as,
otherwise, there would be misclassification of pixels. Above-mentioned
tools usually cannot overcome colour variation coming from different
stages of disease such as frog eye or scab in RGB images. Esgario
et al. (2022) developed an Android app for biotic stress identification
and quantification in coffee leaves using PSPNet and U-Net models.
Diseases were segmented from a simple white background to mea-
sure the severity using a ratio scale. From a subjective assessment,
PSPNet showed more smooth and rounded edges than U-Net, which
may result in under-segmentation. Liu et al. (2022a) leveraged PSPNet
and U-Net to segment apple leaf and Alternaria spots, respectively.
The obtained ratios of disease severity were classified into five grades,
namely healthy (0), early (0-0.95%), mild (0.95-1.75%), moderate
(1.75-3.00%) and severe (3.00%-100%). Comparing the manually
labelled images and the severity classification showed promising results
in application of CNN based segmentation for severity assessment.
Some studies used the China Ministry of Agriculture’s criteria to grade
apple rust and ring rot on leaves (Feng et al., 2023; Li et al., 2023a)
(grade O for no disease, grade 1 for the lesion area accounts for less than
10% of the whole leaf area, grades 3, 5, 7 and 9 for lesions covering
11%-25%, 26%—40%, 41%-65% and more than 65% of the whole leaf
area, respectively).

Although segmentation is a practical tool for acquiring the diseased
portion of plant tissue, it is not solely adequate for defining the visual
disease severity. Xing et al. (2023) introduced two parameters to in-
corporate the distribution of apple leaf spots in severity assessment.
Results improved disease severity classification of samples from the
PlantVillage dataset with black rot, scab and rust diseases. Hence,
precise leaf and lesion segmentation in combination with hand-crafted
features of colour, shape and texture, could be applied to achieve better
results. Filling some other gaps mentioned in the dataset section such
as looking at diseases at larger scales can make the severity assessment
through semantic segmentation more robust.

7. Costs of semantic segmentation

Different methods, ranging from conventional to advanced semantic
segmentation approaches, have varying levels of data and compu-
tational costs. These factors are referred to as a digitisation foot-
print (Huang et al.,, 2024b). Considering these costs is crucial for
selecting the most appropriate method based on the application and
context.

7.1. Data collection effort

Conventional segmentation methods require less effort for data
collection, as these algorithms can often be parameterised and applied
to a single image. However, for analysing diseases at different stages
or detecting multiple diseases, it may be necessary to process multiple
images to optimise parameters such as thresholds or cluster numbers,
particularly for images with higher variabilities. Supervised DL models,
on the other hand, demand large datasets, often thousands of anno-
tated images, to achieve convergence. This significantly increases the
time and effort required for data collection. For applications involving
multiple disease stages or detecting diseases on both fruits and leaves,
multiple rounds of sampling may be necessary. For example, in the
case of the in-field apple disease dataset, Plant Pathology (Thapa et al.,
2021), two years of sampling were required to adequately capture these
complexities. Similarly, the image collection process for the CASC IFW
dataset (Singh et al., 2011) also spanned two years. For fire blight
symptoms at different stages images were collected between 2021 and
2024, on nine dates under different weather conditions (Maf3 et al.,
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2024). To acquire images under real weather conditions at different
stages of disease development, sampling can be undertaken at different
times of the day or even over different months, as carried out by Kodors
et al. (2021), Zhang et al. (2023a) and Sharma et al. (2023). This
process generally requires more effort for DL models compared to
conventional methods as they need more data either through image
collection or data augmentation (Zhu, 2023). Using multimodal sen-
sors, such as combining RGB and multispectral imagery, further adds
to data collection costs in terms of time, labour, and equipment. As
mentioned before, multispectral imaging requires advanced equipment
and specialised training compared to the relatively straightforward use
of RGB cameras.

7.2. Data preparation and processing

Supervised CNN and transformer-based models require extensive
image annotation and augmentation, which involve significant time,
labour, and computational resources. For traditional segmentation tech-
niques, image preprocessing methods such as enhancement and noise
removal are typically used to prepare data. While these methods are
less costly in terms of time and processing compared to DL models,
they are often limited in their adaptability to new domains. While data
preparation for DL models is costly, they are more generalisable to the
new domain or new environment (e.g leveraging transfer learning with
pretrained models on large datasets to train a new model for a new
plant).

7.3. Computational costs

Computational costs in semantic segmentation methods are usually
measured through three different parameters:

» Inference time (ms/image), which represents the time required
for the prediction of a single image using a specific method.

+ Floating point operations (FLOPs) (mostly GFLOPS/image), which
indicate the number of arithmetic operations a model needs to
process one image.

» Number of model parameters refers to the total trainable weights
in the model. This impacts memory requirements and can influ-
ence both training and inference efficiency.

Traditional methods generally have lower computational costs than
DL-based models. Tian et al. (2024) compared DL models with conven-
tional approaches and showed that compared to the fastest DL model
evaluated in the study (186.70 ms), the thresholding method achieved a
lower average detection time per NIR image (131.10 ms). The GrabCut
method, however, had a higher segmentation time per image compared
to U-Net and SegNet model inference on CPU (Ngugi et al., 2020).
Therefore, factors such as the number of training samples, hardware
configuration, and image resolution can influence inference time and
computational cost, leading to discrepancies across different studies.
For example, in two studies U-Net model reported to have different
number of parameters (Esgario et al., 2022; Lu et al., 2023). Different
model backbones and architectures may cause this. In Esgario et al.
(2022) U-Net model had more parameters, but it converged faster with
lower inference time compared to PSPNet model. Therefore, comparing
methods based on computational cost should be conducted using the
same dataset and hardware configuration to be fair.

While conventional methods are more resource-efficient and suit-
able for systems with limited computational power, deep learning
models, despite their higher initial training costs, excel in handling
complex datasets and generalising across domains, often making them
the preferred choice. However, to benefit form their advantages, their
high computational costs needs to be alleviated. While in most stud-
ies, researchers make model architectures more complex to reach the
optimum results, there is a need to study methods that simplify these
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models. For example, one of the model variation introduced by Lu
et al. (2023) is a lightweight model with 1.90 M parameters, and
4.17 GFLOPs that can be integrated in mobile devices in leaf disease
diagnosis. Liang et al. (2022) leveraged BiSeNetV2 (Yu et al., 2021) to
decrease the computational cost and make the model simpler for real-
time grading of defect apples with lower parameters (with 2.22 MB
parameters). However, results still needed to be improved due to false
positives in stem/calyx regions through an object detection algorithm.
To reduce computational costs in terms of training time for models to
converge, low-cost image processing techniques and more efficient data
preparation techniques may be incorporated.

8. Conclusion and future direction

Semantic segmentation is a powerful tool that plays a crucial role
in identifying the location, type, and area of plant diseases. This review
delves into the evolution from conventional methods to state-of-the-art
segmentation techniques employed in plant disease detection, focusing
particularly on apples. It also addresses the various challenges encoun-
tered and presents implemented solutions at different stages of the
apple disease detection and severity assessment process.

While results of studies showed the significance of CNN and trans-
formers models in providing more accurate segmentation, there are
still open issues in enhancing results by a better understanding of the
whole image. In most recent studies, a single label is allocated to all
possible diseases on the leaves (Liang and Gao, 2024; Ding et al.,
2025; Lu et al., 2024). There may be a solution in leading models to
disease-wise identification. However, using more labels may cause the
lower performance. Combining a classification model with segmented
lesions could then classify the lesions into disease types. Huang et al.
(2024a) used the vice versa method to classify images into disease
types, then segment lesions. Therefore, we argue that expanding the
idea of detection to identification is a major step towards more robust
models. On the other side, despite the progress made in apple disease
segmentation, distinguishing between certain types of diseases such
as Alternaria leaf spot and frog eye remains a challenge due to the
high visual similarity of their characteristics. In this case, utilising
multimodal data such as RGB and microscopic images alongside text
descriptions could be explored. Additionally, considering the distri-
bution of diseases within a canopy is crucial, as Alternaria disease
typically exhibits a more uniform distribution than frog eye within a
tree canopy (Villani, 2018). Another strategy to make the identification
more robust is detecting diseases on both fruits and leaves. This is
particularly essential for obtaining comprehensive insights for crop loss
estimation. Early detection remains an open challenge that needs more
attention which may not be addressed using RGB images alone. In
such cases, leveraging images from multiple imaging sensors, such as
multispectral and hyperspectral imaging can enhance the robustness
of the identification process from early to advanced disease stages.
Bleasdale and Whyatt (2024) attempted to utilised RGB and NIR im-
ages to classify scab disease samples both before and after symptoms
appeared on the leaf. Chandel et al. (2020) utilised an unmanned
an aerial system to capture RGB and multispectral images to classify
the healthy and powdery mildew-infected regions of apple trees in an
orchard setting. In another study, the progression of fire blight infection
in young apple trees was estimated through different imaging sensors,
RGB, multispectral, and NIR hyperspectral images (Jarolmasjed et al.,
2019). However, there remains a lack segmentation studies for other
diseases in this area.

While CNN-based models have dominated the landscape of success-
ful apple, leaf, and lesion segmentation, enhancing results by integrat-
ing different techniques or leveraging the advantages of transformer
models appears to be a promising approach for achieving more accurate
segmentation as discussed in Section 5. However, the constraints of
complexity in vision transformers and high training time in CNNs must
be alleviated, especially if the objective is to deploying segmentation
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models in real-time applications. From the other side, lightweight
models, which prioritise speed over precision, must strike a balance
between accuracy and efficiency to provide reliable and timely disease
detection. In addition, most models need proper interpretability to
provide confidence to the orchardist. Interpretability can also help to
find the model’s weakness, leading to the incorporation of purposeful
changes to the models.
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