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MRS: Multi Robot System. 

DOM: Digital Orthophoto Map. 

DSM: Digital Surface Models. 

DTM: Digital Terrain Models. 

SfM: Structure from Motion. 

MVS: Multi-View Stereo. 

ExGR: Excess Green minus Excess Red Index. 

PCB: Printed Circuit Board. 

CCL: Connected-Component Labeling. 

IoU: Intersection over Union. 

SRCNN: Super-resolution convolutional neural networks. 

SRGANs: super-resolution generative adversarial networks. 

AG: Agricultural greenhouse. 

CDF: Cumulative Distribution Function. 
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In addition to counting fruits using PA techniques, higher level information about fruit density 

in specific regions of the orchard can also be obtained, allowing farmers to detect areas that 

unbeknownst to them are under performing, or areas that are over performing on average. 

Such higher-level Information can allow a farmer to regain important information to better 

manage and utilise current farm space to increase yield. Increasing yield can be done by 

grafting additional branches onto kiwifruit trees that are underperforming.  

With two types of kiwi fruit being vastly dominant but different in colour and slightly different in 

shape, only the golden kiwi fruit will be discussed and talked about in this paper. Current trends 

in New Zealand show a steady increase in the percentage of golden kiwis being grown Figure 

1. For this reason, green kiwis will be outside the scope of this project. Importantly only kiwi 

fruit quantities will be discussed, where judging the ripeness of the fruit is not in the scope of 

this paper. 

  

 

 

 

 

 

Figure 1:  Kiwifruit Variety by canopy area. 

N.Z. Agricultural production statistics: June 2020. 07 May 2021 
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1.2   Motivation 
 

Motivation for this research comes in the form of having the ability to create a robotic solution 

for a large range of niche applications, living in rural New Zealand with kiwi farms in the area, 

adding to the niche of precision agriculture for kiwi farmers and what application they find 

useful. While talking to a small start-up company in New Zealand, it became clear that there 

is a high demand for PA in the Kiwifruit industry and has many research avenues to explore. 

Current research has been focused on finding the best method to count the fruits reliably. 

Several three and four wheeled remote-controlled robots, using a variety of camera, sensors 

and post processing techniques have been tested, but no commercial product has emerged 

hinting that the area of research is still ongoing to find the ideal solution.  Noticing that no 

drones had been tested for such an application, the first idea was to fly a drone above the 

orchard, and simultaneously drive a remote-controlled car underneath. such a multirobot 

system could ideally identify more kiwi fruits and get more accurate results. This method 

turned out to not be as effective as originally thought, due to the heavy canopy above the 

fruits. Unlike most orchards, kiwifruits grow under the cover of a thick layer of leaves, hanging 

down on short vines under the leaves.  The second method that is tested consist of flying a 

drone under the kiwi orchards. Having worked on a few projects focused on the use of 

Convolutional Neural Networks in the past, as well as ROS based projects utilising a Kinect 

Camera, the motivation to apply similar techniques to this project was a natural choice.  

The aim of this project is to perform fundamental research that will determine whether flying 

drones under kiwi orchards allows for an optimal kiwi fruit counting method, and whether it is 

better than other current methods due to the inherent advantages. This information can be 

used to create useful products in the farming industry.  
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1.5 Thesis Outline  
 

Chapter 1: Outlines the background information, the fundamental issue relating to further PA 

requirements in the Kiwi Fruit industry, motivations, and objectives within the project scope.  

Chapter 2: Focuses on the literature review, current research methods related to drone yield 

estimation techniques are discussed, including multirobot communication and coordination 

methods that were researched prior to the initial testing phase. Additional in-depth methods 

used for object detection and appropriate hardware, that has been successfully implemented 

for orchard yield estimation, which is appropriate for this project is discussed. 

Chapter 3: Investigates the physical side of the project, incorporating discussions of the 

physical development of the platform as it developed over time. Additionally, the hardware 

selection is discussed, including test methods and results that lead to a better final research 

platform. Finally in this chapter the electronics and circuits that are utilised / developed are 

described and discussed including some software features of the flight controller. 

Chapter 4: This chapter goes into an in-depth discussion about object detection methods that 

were tested, test results are discussed, with an emphasis on the development choices and 

results of the resulting object detection YOLOv7 model are described.    

Chapter 5: Discusses the experimental results obtained from the improved robotic drone 

platform and are compared to actual orchard yields obtained from picking.  

Chapter 6: Discussions and review of the process/ methodology used to include justifications 

for decisions are made throughout the project, with future improvements also discussed.    

Chapter 7: Concludes the thesis, disuses successful aspects and not successful aspects and 

describes how future works might proceed from here. 
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Chapter 2  
 

 

Literature Review  

 
2.0.0   Chapter Overview 
 

The development of an agricultural drone, from design to onboard processing and algorithms 

spans a broad spectrum of research. For such a drone to fly remotely, autonomously and for 

extended periods of time with a reasonable weight requires research into drone layouts and 

hardware options as well as onboard flight controllers.  

With the idea of using both a UAV (Unmanned Aerial Vehicle) and a AGV (Autonomous 

Ground Vehicle) simultaneously research into multi robot systems is required, to understand 

the ideal communication, cooperation and composition would best suit the kiwi orchard 

environment.  

The key component of identifying and counting kiwi fruits hanging in an orchard must be 

performed by the done, via object detection and classification. Object detection and 

classification is a rapidly developing area of research and is able perform the task of counting 

objects with high speed and accuracy which is of the high importance in the scope of this 

project. Creating the ideal model for this application requires research into various methods of 

object detection, their various architectures, and implementation techniques, accuracy to be 

expected as well as processing power required are discussed in detail.  

Sensors, microprocessors, and image capture techniques are researched to find the most 

effective and relevant for use on a drone, with the concepts of light weight, affordability, 

obtainability, and low power consumption aspects being some of the most important factors 

that are focused on.  
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2.3.0   Existing Fruit Detection Methods 
 

The task of Fruit detection can be accomplished using the fundamental idea of image 

categorisation. Image categorisation is a technique used to pinpoint an image's characteristics 

and assign it to a certain label or category. This can be accomplished using a variety of 

different techniques such as Support vector machines (SVMs), computer vision, convolutional 

neural networks (CNNs), and deep learning are commonly used for image classification [14], 

[15].  

 

Figure 8: SVM visualisation showing margin. [15]  

Dutcosky, R., Support Vector Machine (SVM) 
Practical Implementation. 2020. 

 

 

Figure 7: Octocopter, GPS triangulation Left, Multispectral camera Right. [12] 

Donmez, C., et al., Computer vision-based citrus tree detection in a cultivated environment using UAV imagery. 
Computers and Electronics in Agriculture, 2021. 187 





 
28 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: SVM Regularization RBF Kernel 

 BILOGUR, A. Kernels and support vector machine regularization. 2018; 
Available from: https://www.kaggle.com/code/residentmario/kernels-and-
support-vector-machine-regularization/notebook. 
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via green detection in a YCrCB colour space (Testing was done indoors with little green other 

than the trees present).  

The system detects the tree by first handling the calibration of the YCrCB minimum and 

maximum values necessary for green colour detection. Once the calibration of the colour is 

correctly filtered, the filtered tree colour is stored in a threshold. Morphological operations, 

such as dilation and erosion, are used to eliminate the noise background that surrounds the 

tree. Erosion erodes away the boundaries of the forefront pixels, while dilation gradually 

enlarges the boundaries of regions of pixels that are in front. The tree is detected when the 

contour area of the tree provides a set of x and y coordinates as the centre of the tree area. 

The system then moves the AGV to the detected position of the tree using the value of the 

centre of the contour area with help of the depth given from the ultrasonic sensor Figure 12 

left.   

 

 

 

Figure 12: Green detection (Left). Orange detection (Right). 

Kathleen Anne M, A., Rona Mae G. Babaran, Bryan Jones C. Carzon, Karl Patrick K. Cu, Jasmine M. Lalanto, 
and Alexander C. Abad., Autonomous Fruit Harvester with Machine Vision. Journal of Telecommunication, 
Electronic and Computer Engineering, 2018. 10: p. 1-6. 
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2.4.0   Image Capture and Range Finder  
 

To get a precise yield estimation of kiwi fruit and avoid hitting the orchards with the drone a 

well-suited imaging, obstacle avoidance and global positioning system is required. With the 

goal of object avoidance many 3D sensors and mapping technologies fall into the scope of 

appropriate technology to utilise. Creating a 3D geometric representation of the environment 

is a useful idea, given the requirements of the project. However, to simplify the project, and 

keep the cost down, 3D mapping techniques such as SLAM (Simultaneous Localization and 

Mapping) will be out of the scope of this project. There are numerous amounts of technology 

that can be employed as a solution, either through one integrated solution that combines both 

RGB imaging and range finding technology into one product, or the use of individual 

standalone RGB imaging and range finding. Both options have their advantages and 

disadvantages. The various technologies available to the project will be discussed in detail. 

 

 

 

2.4.1 RGB Camera / Neural Network  
 

The use of RGB cameras Figure 14, [34] to perform object avoidance instead of object 

detection is a far less common practice, especially when looking at the quantity of literature. 

To achieve obstacle avoidance with a RGB camera as with object detection computer vison 

or neural networks are required/ implemented. One example as seen in [35] demonstrates a 

UAVs ability to avoid trees in a park via a three class object avoidance geared neural network 

based on Faster R-CNN and Inception v2, and shows the use case for basic object avoidance 

via a CNN. The type of camera that is used for either object detection or avoidance via a CNN 

would have the same requirements. With many available on the market, the available options 

are large. As described in [29] a high resolution camera brings an increase in correct 

detections, a large field of view to capture the full breadth of a kiwi orchard (around 3-4 meters 

as measured locally). With sun glare being a real issue faced a camera with good exposure 

Figure 14: Image and ranging sensors. Zenmuse x3 [Left], RealSense D435 [Middle], TFMini-s [Right]. [43] 
[36] [40]. 
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control will help increase detection accuracy. When it comes to full frame camera a high 

shutter speed will be required to decrease motion blur, with image stabilisation being 

advantageous. The selected camera also requires a port for a live video feed. For a full-frame 

camera, the Canon EOS 5D Mark IV or Nikon D850 are good potential candidates for the 

purpose of image capture in orchards with drones. Both cameras can capture high quality 

video at 4k and offer a wide range of features, such as fast auto-focus, weather-resistant 

bodies, and long-battery life. Additionally, they are relatively light for a DSLR. Other potential 

camera options include the zenmuse x3 Figure 14, equipped with a wide angle lens, capable 

of 4k 30FPS video, and is specifically designed for DJI drones & successfully used by [9]. 

Currently the most used cameras on quad copters are the Yuneec Q500 4K, DJI Phantom 3 

Professional and the GoPro HERO4 Black. With the use of a gyro, cameras without image 

stabilisation can become more suitable.  

 

2.4.2 RGB-D Camera 
 

RGB-D cameras Figure 14, [36], are a type of 3D camera that combines the capabilities of 

both a traditional RGB camera and a depth sensing camera into one module. There are two 

fundamental methods used to measure depth when using infrared light, namely time of flight 

and structured light [37]. As the name suggests time of flight sensing relies on measuring the 

time taken for light to bounce back from an object to determine its distance. The second variant 

uses structured light, this is accomplished by projecting inferred light to display a pattern of IR 

dots on its target, the pattern is then detected by a sensor, and by measuring its distortion of 

the unique pattern the depth can be calculated. This allows RGB-D cameras to accurately 

measure the distance between objects and the camera itself. The sensor then takes the data 

from the infrared projector and creates per-pixel depth information. This map is used to 

generate an image or 3D model of the environment, which can then be used for various 

applications including navigation and commonly used for SLAM and 3D mapping and tracking 

[38], as accurate integration of the depth and the colour images can provide robust frame 

matching and loop closure. More importantly for this project the advantage here would be the 

use of RGB-D for object recognition a seen in [26], [39], [40] being complementary to obstacle 

avoidance, as depth data can be correlated with the RGB camera, yielding an RGB image 

with a depth associated with each pixel. This is often represented as a depth cloud and 

converted into a point cloud. 

Common RGB-D sensors include the Microsoft Kinect-1 & 2, ASUS Xtion pro, Intel RealSense 

and Orbbec Astra. Overall RGB-D cameras provide a denser information regarding the 
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2.5.0   Microprocessors  

 

 

 

 

Microprocessors are small, integrated circuits that contain comparable components to that of 

a desktop computer. Microprocessors are found in smartphones, tablets, complex home 

utilities, cars, and drones to name a few. The value in microprocessors lie in the fact that they 

are essentially a very small computer, but with the addition of GPIO (General Purpose Input 

Output) pins that are not found on home computers, this allows them to be used to take outside 

information collected from sensors such as cameras, microphones, touch screens, manipulate 

the data and produce an output to motors, screens etc. all microprocessors contain a CPU, 

RAM, Memory, and a range of external ports and peripherals [47]. The main differences when 

it comes to various microprocessors are the potential inclusion of a GPU, the architecture, 

clocks speed, number of cores, available ports, number of IO pins, storage space, size, power 

consumption, price, and availability. These are all import aspects to consider when choosing 

a microprocessor for a given application. For the use of object detection in real time when 

mounted to a drone the ideal microprocessor would have a combination of small footprint, low 

weight and power consumption, good graphics processing / inference power and in the scope 

of this project a low price and ease of availability are important.  

 

 

 

 

 

 

Figure 15: Microprocessors. Coral Edge Board [Left], Raspberry Pi 4 [Middle], Nvidia Jetson Nano [ Right]. 

[47] [50] [54] 
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Table 4: Microprocessor and Edge TPU Accelerator Comparison 

Micro Processor / 
accelerator 

Size CPU GPU Cores Power 
consumption  

RAM Price 

Jetson TX 2 170*170mm Dual Core 64 bit 
OR Quad core 
ARM 

256 NVIDIA 
core + 256 
CUDA 
cores 

7.5-15W 8GB 680$ 

Jetson Nano 80*95mm Quad core ARM 128 CUDA 
cores 

5 - 15 W 4GB 350$ 

Raspberry Pi 4 
model B 

86*56mm Quad core 64 bit Integrated 
graphics  

5W 1/2/4GB 230$ 

Google Edge TPU 
Developer Kit 

86*56mm Quad core 64 bit Integrated 
graphics + 
2X TPU 

5 - 12.5 W 1/2/4GB 280$ 

Coral M.2 Edge 

Accelerator 
 

22*30mm 
 

- 2X TPU 
 

4W - 143$ 

Coral USB Edge 
accelerator  

65*30mm - 1X TPU  
 

2W - 200$ 
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2.5.1   Google Coral Edge TPU M.2 & USB 
Accelerator  

 

 

 

 

The Google Coral M.2 and USB Edge TPU Accelerators [48], are small form factor ASIC 

Devices developed by google for the use of high-speed inference on TensorFlow neural 

network models. Essentially a comparable yet more efficient version of a GPU, that can only 

perform inference on Models of the correct architecture. Thus, models such as YOLO would 

not run on these devices. The Coral Edge TPUs are designed to also be more power efficient 

and cannot be used to train models. The devices vary only in terms of connector and amount 

of Edge TPUs contained within. The USB version Figure 16 has a USB connector and one 

Edge TPU, whereas the M.2 version can connect to a PCIe sort, A+E, B+M or M.2 E-Key slot, 

the latter containing 2 Edge TPUs. Each TPU is capable of 4 TOPS (trillion operations per 

second) at 2 TOPS per watt [49] Table 4. Looking at current availability of these TPU 

accelerators it is clear sourcing one would be a challenge, likely due to worldwide chip 

shortages. Work produced by [50] showed the use of a Coral Edge TPU combined with a 

Raspberry Pi to perform indoor detection of people via sensor fusion or a RGB camera, and 

mm Radar via a multi-modal CNN with cross fusion highways Figure 16. With the use of the 

raspberry pi and Edge TPU the cross-fusion CNN was able to operate at 30FPS (limited by 

the camera). Although not specified what TPU module was used (as the raspberry Pi has 

connectivity for various versions) or how much the TPU aided the performance of the custom 

CNN the addition of the Edge-TPU was likely necessary as the small Quad copter would not 

have unnecessary components added due to weight constraints. A microprocessor using 

Edge-TPUs will massively benefit from their low weight and power consumption compared to 

their huge computing power (although limited to the ASIC operations within the TPU.) 

Figure 16: Coral Edge USB TPU [Left], Implemented on drone [Right]. 

Safa, A., et al., Exploring Cross-fusion and Curriculum Learning for Multi-modal Human Detection on Drones, 
in System Engineering for constrained embedded systems. 2022. p. 2. 
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2.5.2    Raspberry Pi  
 

The Raspberry Pi (RPi) Figure 15, [51], is the most common and most community supported 

microprocessor board on the market today, aimed at students, hobbyist, researchers, and 

often used in robotics applications. With its long history there have been many iterations since 

2012. Namely the RPi Model A, B the RPi 2 and 3, and now the most powerful to date the RPi 

Model 4. Powered by a ARM8 64-bit processor running Linux, inbuilt Wi-Fi, Bluetooth, and 

extensive range of I/O ports is what makes the board such a strong contender when it comes 

to microprocessors. The processor included with the Raspberry Pi Model 4 is a quad-core 

ARM Cortex-A72, although powerful, it is the least capable when compared to the NVIDIA 

Jetson Nano and Google Coral Edge TPU Dev Boards processors, nor does it have ports for 

multiple high definition cameras through USB ports instead uses specialised MIPI CSI camera 

interface via the 40pin GPIO header, making it a trickier board to integrate with assorted 

hardware. As with the TPU accelerator RPIs are difficult to source at the time of writing. As 

shown by [50] the Raspberry pi is capable of fast real time object detection and computation 

of sensor fusion, but this was with the help of a Coral Edge TPU accelerator. Without the help 

of such an inference ASIC the Raspberry pi is a less capable board as shown in [52] the use 

of a RPi 3 Model B+ which is less powerful than the RPi 4 with the main difference being an 

increase from 1GB of RAM to 4GB of RAM. Never the less the results shown by [52] indicate 

that the use of a standalone RPi on a drone used for object detection was subpar. Using the 

SSDLite_MobileNET_V2 the RPi was performing at .71FPS/ 2.29% of the max FPS, where 

100% would allow processing of 30 FPS. With the CNN processing 0.71 FPS, the real time 

response is not good enough for real time applications and would be a non-safe solution for 

the use on a drone. In [53] the RPi 3 Model B+ was implemented for the use of tomato 

detection via computer vision techniques, with a aim to perform colour discernment of ripe and 

unripe tomatoes, using OpenCV and a webcam. Although the algorithm is much less 

computationally expensive the RPi 3 was able to accurately discern between ripe and unripe 

tomatoes with an accuracy of 98%, making the use of the microprocessor appropriate in this 

case. The rate of throughput of tomatoes by the conveyor limited need for a fast 

implementation of computer vision, so the full extent of the capabilities of the RPi are not 

shown. Using machine vision with the RPi is a better choice than the use of a CNN as machine 

vision implemented through Open CV does not require large GPU processing power and relies 

more on the CPU, which is still very powerful on the RPi, thus likely giving such a good result 

in the detection of various ripe and unripe tomatoes.  
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2.5.3   Google Coral Edge TPU Dev Board 
 

The Coral Edge TPU Dev Board  (CEDB) Figure 15 is powerful microprocessor board 

specifically designed for machine learning tasks, includes a large number of ports and I/O 

pins, and includes an integrated dual Edge TPU processing unit [54]. The board finds itself 

most used in robotics and autonomous applications, edge computing, image and video 

processing, natural language processing and object detection in real time such as with 

surveillance cameras. As with the RPi the CEDB also runs on a Linux operating system, with 

the addition of the TensorFlow Lite API allowing for an easier setup of CNN. One drawback of 

the CEDB is that it can only perform well on TensorFlow Lite based neural networks, while 

being a popular and well established and well performing architecture it does limit the type of 

models available, some work arounds can be achieved to allow some YOLO Lite models to 

run using the TPUs also. With the board only running Edge TPU optimised models efficiently 

this limits the number of architectures that can be tested in a research-based environment, 

causing a researcher to be forced to use a TensorFlow Lite model in their projects without 

knowing if such a model is best suited to their application. Other than the TPUs imbedded on 

the board the integrated graphics included are not comparable in terms of running a non-

TensorFlow model thus severely limiting the boards capabilities. Some advantages that the 

CEDB has is the fact that the I/O pins are based on that of the RPi. This allows a level of 

familiarity of the new board to researchers, reducing the learning curve, additionally the board 

becomes more compatible with pre-existing range of accessories and peripherals that are 

designed for the RPi such as cameras, displays, sensors as well as allowing someone with a 

CEDB board to look for help on issues with the RPi community thus benefiting from a larger 

knowledge base. Looking at the power draw of the CEBD Table 4. It is considerably less than 

a comparable machine such as the Jetson Nano using CUDA cores, this is due to the high 

efficiency seen with the Edge TPU. This is a major advantage to consider when looking at 

adding such a device to a drone running on batteries. The CEBD runs on a 5v 3A DC power 

supply when using the Edge TPUs. With CEBD being release in 2019 the number of papers 

containing the board are limited and no relevant examples are present, current chip shortages 

may be partly responsible also as it is very difficult to source a CEBD at the time of writing.   
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2.5.4   Nvidia Jetson Nano   
 

Like the Coral Edge TPU Dev Board the Nvidia Jetson Nano Figure 15, [55], is specifically 

designed for machine learning applications, the main difference between being the inclusion 

of CUDA cores contained in the GPU of the Jetson Nano. The advantage here is the diverse 

workloads that can be taken on by such cores when compared to TPUs in the CEBD or 

accelerators. CUDA cores are designed to accelerate parallel computing tasks and can excite 

many tasks simultaneously. Applications range from simulations, video game graphics, and 

excel in parallel processing workloads such as deep learning and image processing. Having 

a Graphics processing unit that contains a mix of GPUs (General processing units), VPUs 

(Video processing units), TMUs (Texture Mapping Units) are useful for more general 

workloads and can be found in home computer graphics cards. When it comes to real time 

processing of images, a lower latency allows for higher frame rate cameras to be implemented, 

where a camera feed for 30FPS, the maximum latency is 33.3ms between frames, with faster 

cameras at 90 FPS the latency limit drops to 11.1ms, thus with better resolution and framerate 

the processing time allowed for real time solutions decreases requiring more streamlined and 

efficient processing solutions. To decrease the latency, it is best to maximise the efficiency of 

the task requiring the largest workload, in CNNs the maximum workload is found in the 

Convolution[56]. With the use of cuDNN (CUDA Deep Neural Network library) these heavy 

workloads can be optimised. Some major advantages of the Jetson Nano are its already 

widely tested use in robotics applications, with many successful published works regarding 

AGVs and UAVs. In work published by [57] a Jetson Nano mounted to a Tarot Quadcopter, 

using SSD MobileNet framework achieved 26 FPS with a mAP% of 92.7, for the use of 

detecting forest fires. This is a good example of a near perfect real time detection 

implementation. [58] utilised a NVIDIA Jetson Nano for Kiwi fruit classification, with a FPS of 

30 being reaching, and a detection accuracy mAP of 97.79% further showing the suitability of 

the microprocessor for such applications. Other examples of a successful object detection 

implementations in the orchard realm via a jetson nano can be seen by [59],[60],[61] and many 

more previously mentioned. The NVIDA Jetson Nano is a flexible platform able to run both 

machine vision and a range of neural network architectures and traditional algorithms with a 

high efficiency and throughput. With its low 5-15w power consumption and small size it is an 

ideal good choice for developers looking for a versatile platform. Current availability of the 

Jetson Nano is also limited, but due to previous projects I have acquired one some time ago 

making availability a non-issue for this device. 
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Chapter 3    
 

Drone Research Platform  
 

3.0.0   Chapter Overview  
 

This chapter discusses development of the UAV robotic research platform used for capturing 

orchard video data Figure 17. The design has been chosen to be affordable, durable, re-

creatable and can be used in a variety of different kiwi orchards. The mechanical, electrical 

and software systems used are discussed. Initial mechanical and electrical testing of the UAV 

with and out the integration of the Kiwifruit detection hardware system, is discussed in this 

section. Challenges are addressed and the methodology used for in orchard kiwifruit data 

acquisition is described.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17: Drone Platform 
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voltage regulator and more. The fourth level is where the Jetson nano is mounted, and above, 

on the fifth level is where the Pixhawk Flight controller and LCD is located such to have minimal 

EMI (Electromagnetic interference) and provide a better centre of mass / gravity.  

To allow for such a setup several mounts were created in solid works and FDM printed out of 

appropriate materials. Again, from the bottom up, two battery spacers were designed such 

that a 6000mah and 16000mah 4s LiPo batteries could be used as not to require re-calibration 

when switching between batteries due to a change in COM (Centre of Mass). On the 

second level a new landing gear brace was designed as the second-hand drone had seen 

some damage and the braces had been replaced by aluminium sheets. Additionally, a taller 

GPS mount was created due to high EMI. On the third level the battery and associated low 

power cut off circuit powering the jetson nano is used, and a suitable cover is designed such 

to keep it safe during a potential crash. Between the 3rd and 4th level, a mount to hold the 

NVIDIA Jetson Nano was designed as to keep it away from the PDB. And a 5th level mount to 

hold the Pixhawk Flight controller and LCD screen was designed. 

3.1.1   System Layout and Overview 
The current and final UAV research platform has gone through many stages of development 

and redevelopment, to arrive at the current point. In its final design review Figure 17 the UAV 

features, a full carbon fibre folding tarot-680 frame, Turnigy Multi-star 3508-640Kv 14 Pole 

Multi-Rotor motors, dual cameras, one adjusted for an ideal FPV (First Person View), the other 

a GoPro-Hero3+ Silver, 2-axis gyro, Matek PDB, Pixhawk 2.4.8, Cam-Link, ESCs. The UAV 

research platform has gone through several stages of redesign to become a more stable, more 

durable, modifiable, and functional drone system. Figure 25 show the final configuration which 

was used to test the CNN detection system within the KIWI orchards. Figure 18, shows the 

setup used for under orchard test flights.  

 

Figure 18: Prior drone Platform iteration. 
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The difference between the final drone platform and the prior iteration Figure 18 is the fixing 

of some stability and obstacle avoidance issues. Namely the difference lies in the layout of 

components, and addition of obstacle avoidance systems. In the prior iteration the five distinct 

levels also existed as size is a restraint, most of the available space is found vertically. This 

caused inherent stability issues, although this could also have been overcome with a wider 

drone, although this would restrict the number of orchards the drone can operate under.  

In the prior iteration the bottom level provided space for a S4 Li-po battery holder, and mounts 

for the GoPro gyro/ GoPro camera. Mounting the batteries and other heavy equipment on the 

bottom level is a relatively common design choice for drones except for some FPV drones as 

it allows for more stabilised flight. The second level housed the six foldable carbon fibre arms, 

with ESC wires running through the inside of the arms, with additional space to spare the FPV 

radio telemetry module and Pixhawk communications is mounted towards the front of the 

second level. The third level is the most accessible and so contained most of the electronic 

components. These include the FPV camera mounted to the front, secondary GPS module a 

Camlink module to allow for real time video capture from the GoPro, Radio-link 9-channel 

receiver, buzzer, and a low power cut-off, 5v5a power supply for the Jetson Nano. The fourth 

level housed the Pixhawk 2.4.8. Finally on the top the Jetson Nano and a 16x2 LCD screen 

for real time detection outputs were mounted. The GPS stand is mounted to the lowest level, 

but the GPS sits above the rest of the electronics.  

The main differences between these two designs were the swapping of the Pixhawk and 

Jetson Nanos positions, as well as the addition of the forward and downward facing TFMini-s 

mm-Wave radars. These additions have helped improve flight stability but were not necessary 

to compete testing of the real time object detection system. 
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Printer Setting  PLA + Value 
Infill % 10% 
Solid layers Bottom  3 
Solid layer Top 3 
Overhand threshold  Draw on supports  
Infill Pattern  Gyroid 
Layer Hight .2 
Perimeters  4 
Minimum Shell Thickness  .7mm 
Bed Temperature First Layer 60 °C 
Bed Temperature Other Layer 60 °C 
Nozzle Temperature First Layer 215 °C 
Nozzle Temperature Other Layer 210 °C 
X & Y Movement Speed Perimeters  40 mm/s 
Infill Speed 80 mm/s 
Bridges Speed 25mm/s 

Table 10: 3D Printing Settings for PETG on Prusa Mini 

Table 11: 3D Printing Settings for PLA + on Prusa Mini 

Printer Setting  PETG Value 
Infill % 20% 
Solid layers Bottom  4 
Solid layer Top 4 
Overhand threshold  50% 
Infill Pattern  Gyroid 
Layer Hight .2 
Perimeters  4 
Minimum Shell Thickness  .7mm 
Bed Temperature First Layer 85 °C 
Bed Temperature Other Layer 90 °C 
Nozzle Temperature First Layer 235 °C 
Nozzle Temperature Other Layer 245 °C 
X & Y Movement Speed Perimeters  40 mm/s 
Infill Speed 80 mm/s 
Bridges Speed 25mm/s 
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UAV Platform Development  
 

3.2.1   Flight Controller, Microprocessor and PDB 
Mounting.  
 

Utilising the Pre-built Tarot-680 frame comes with many advantages when compared to 

creating a custom frame, namely having most components built from carbon fibre allows for a 

light weight and rigid drone. The Tarot-680 frame also has many extra mounting holes that 

can be used for further customisation. When adding many more components than what a 

standard drone has this comes in very useful. The addition of the NVIDIA Jetson Nano 

microprocessor is the largest and heaviest non-standard component that need to be added, 

the weight distribution, ease of accessibility and EMI (Electro Magnetic Interference) must be 

considered when designing the mounting of all components. This is more exaggerated with 

the microprocessor due to its high current use. Initially only the ease of accessibility was 

considered such that various models and programming changes could be made. The previous 

iterations of the drone saw the NVIDIA Jetson Nano mounted on the 5th level, Figure 21, while 

using the smaller 6000mah LiPo battery with no spacer mount. Subsequently this resulted in 

a shaky flight due to a COM being above the rotor plane, additionally carbon fibre blades were 

used during these test flights. The rigidity of carbon fibre blades reduces the ability for a large 

discrepancy of COM from the static rotor plane, as the rigid blades create a very exact rotor 

plane, with little flexibility in the hight of the driven rotor plane. As shown in [66] an unstable 

pair of nodes are generated when the COM moves above the rotor plane, causing vibrations 

Figure 21. A second factor contributing to unstable flight during testing of the entire system 

(Including the real time kiwifruit detection), was EMI effecting the GPS and compass.  

 

 

 

 

 

 

 
Figure 21: Impact of Centre of Gravity during flight [Left]. Early UAV platform iteration [Right]. 

Pierre-Jean Bristeau, P.M., Erwan Salaün, Nicolas Petit, The role of propeller aerodynamics in the model of a 
quadrotor UAV. European Control Conference 2009, 2009: p. 683-688. 
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3.2.2   Battery Mount  
 

A modular battery holder was designed and 3D printed, using PLA for its low weight/ density 

and ease of printing Figure 23. This design is intended to compensate for the use of a smaller 

6000mAh LiPo battery, or when in the shorter configuration, to hold the larger 16000 mAh 

LiPo battery. After several test flights, additional bumps were added to the holder to prevent 

the battery from moving during flight, causing the COM (Centre of Mass) to change. 

The battery holder is designed such that the COM does not change regardless of what battery 

type is used, rather only the total weight of the Drone changes. This massively improves 

stability/ removes the need to recalibrate the autopilot after changing batteries and is only 

done to save money and time. Buying two identical batteries, is recommended.  

The battery spacers were designed by first measuring the centre of mass of the drone, by 

hanging it from a string (without batteries), from multiple angles. The COM is .043m from the 

bottom of battery mount of the drone. The COM for the batteries, small and large respectively 

.022m & .037m from the mounting edge. Their masses are .588kg & 1.318kg respectively. 

The large battery spacer is .02m in height. Thus, the spacer for the smaller battery is .104m 

derived from the following equations.   
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Figure 23: Modular Battery Spacer Holding 16000mah LiPo next to 6000mah LiPo. 
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3.2.3.0   EMI Interference Levels. 
 

As seen in Figure 24 the internal EMI in the GPS is very high with no stand, reaching 62% 

when the rate of change of throttle/current is high, as well as the proximity of the 5v5a Jetson 

Nano power cable. With the Jetson powered off the same test was conducted, and the 

interference dropped to 40%, this is likely only because the GPS is close to the 5V5A voltage 

regulator that powers the jetson.  

The GPS was then mounted to the original stand and again the EMI was tested and found to 

have 13% interference, This is considered acceptable [69]. But for autonomous flight the 

steadier the drone can be the better and is directly correlated to EMI. In graph D, finally the 

EMI is very low at 4%, due to the larger distance between GPS and other current carrying 

wires. Other methods for lowering EMI were considered such as using a shielding cover [62], 

but this would require a minimum of adding grounded aluminium foil wrapped around all wires 

capable of affecting the EMI, and this would add considerably more weight to the drone. Safe 

GPS and Compass distances from small metal objects and electronics such as phones is set 

at 15cm by [69] further reinforcing the need for the addition of the GPS stand.  The Final 

iteration of the GPS mount that resulted in minimum EMI, with Jetson Nano mounted Under 

Pixhawk Flight controller, at 16cm from the LCD.  

 

 

 

 

 

 

 

 

 

 

 

Figure 25: GPS / compass mount after accounting for EMI 
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Table 13: Lift Force generated at various PWM Duty Cycles 

PWM      

Dudy cycle 

Black Prop 

Turnigy ESC 
Carbon Prop 

Turnigy ESC 

Silver Prop 

Turnigy 

ESC 

Silver Prop  

Platinum  

ESC 

Carbon Prop 

Platinum 

ESC 

Black Prop 

Platinum 

ESC 

Lift(g) 5% 

Dudy cycle 

38.31 185.2 256.4 18.9 13.8 21.0 

Lift(g) 25% 

Dudy cycle 

196.2 723.9 870.6 406.65 223.5 234.4 

Lift(g) 50% 

Dudy cycle 

541.1 1087.5 1248.9 1157.75 809.7 804.7 

Lift(g) 75% 

Dudy cycle 

967.4 1057.9 1207.8 1371.2 1318.4 1338.3 

Lift(g) 100% 

Dudy cycle 

963.0 863.9 1159.6 1378.8 1341.1 1324.3 

Average over 5 values 200g calibration HX711 Loadcell 

Figure 27: Loadcell strain VS PWM plot [Top], Test Rig calibration [Left], Test Setup [Right]. 
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3.2.5   Landing Brace 
 

The second-hand Tarot-680 frame had been damaged in the past, most notably on the landing 

gear mounts, which hand been replaced completely with an aluminium part Figure 28. While 

the repairs are adequate for casual flying of the drone, due to the added weight that the drone 

now must carry, any possible weight saving should be pursued.  

The 2mm aluminium landing gear mount that was used to repair the drone weight 16 grams, 

with a total of 4 being used thus adding up to 64 grams. Although already a relatively light and 

strong repair, the part was hand cut and loose due to an incorrect/ inaccurate through hole 

size being used Figure 28, with further weight savings possible.  

Using SOLIDWORKS the aluminium mounts were used as a template to understand where 

the mounting points must be positioned, a square mount was designed to be made from 

PETG. To further reduce the weight a topology study was conducted as suggested by [70], 

with best stiffness to weight ratio, and mass minimisation restraints. As seen in Figure 29 the 

resulting shape was 50% lighter than the original PETG square iteration, as well as being able 

to withstand a fully loaded landing at 2G, with a safety factor of 1.5. the resulting part weighs 

just 4.5 grams. A small handle was also added to allow easier lifting of the drone. Some 

precautions should be taken when performing a FEA analysis using 3D printing materials as 

the layer adhesions are not considered and can result in unaccounted for weak spots in the 

design, hence the 1.5* safety factor. The printed PETG part can be seen installed in Figure 

29. 

 

 

 

 

 

 

 

 

 

 

 
Figure 28: Original Tarot-680 Landing mount [Left], Old Aluminium landing gear mount [Right]. 

Team, H.S. TAROT T960 HEXACOPTER KIT. 2022; Available from: https://hobbystation.co.nz/tarot-t960-
hexacopter-kit/ 
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3.2.6   Go-Pro Mounting  
 

The GoPro HERO 3+ silver is mounted to the gyro in an upside-down fashion Figure 30, this 

is due to the micro-HDMI port being obstructed by the mounting mechanism when mounted 

the correct way around, with the lens being surrounded by the blue bracket. Mounting the 

GoPro upside down brings the lens further down and allows the micro-HDMI port to be 

accessed. Flipping the output image can be done in the GoPro settings via: 

menu>settings>capture settings>UP>ON>EXIT. The menu button is not obstructed by the 

mount in this configuration, although it is not required to be pressed at any time. The HDMI to 

micro-HDMI cable is a custom light weight ribbon cable with a 900 micro-HDMI port Figure 31. 

This is a requirement as a standard thick cable has too much weight and tension which 

prevents the gyro motors from keeping the GoPro at the desired angle, disrupting stability. 

The HDMI cable is then directly plugs into the Elgato CAM LINK video capture device 

registering the GoPro as a webcam on the Jetson Nano.  

 

 

 

 

 

 

Figure 29: PETG Topology study [Left] . PETG Revised mount [Right]. 
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Figure 31: TFMini-s front obstacle avoidance [Top Left], TFMini-s Hight sensing (Rear) [Top Right], 
TFMini-s Hight estimation (Rangefinder1) and Obstacle avoidance tuned to 2m [Bottom Right], 
(sensing my hand at 1.8m). 
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Using a 11.1V 3S LiPo is not ideal when combined with a Linear Voltage regulator as the 

relative power loss will be large and will require a large heatsink adding more weight to the 

overall design. Nevertheless, the circuit was designed due to time constraints, and proved 

successful for the use of testing, but should by no means, be used on a commercial version 

of such a drone. The Schematics and traces can be seen in Figure 32.  

 

 

 

 

 

 

 

 

 

 

 

Using two linear voltage regulators in series was chosen due to the increased stability gained, 

where the first regulator will provide a relatively stable output voltage, and the second regulator 

will further filter any noise left by the first, as well as any fluctuations from the power source. 

This is of high importance as mentioned the Jetson Nano is very sensitive to noise. Additionally 

connecting these in series provides a higher efficiency, due to lower dropout voltages causing 

less power to be dissipated in heat.  

The choice to use both 10µF and 10nF capacitors also provides advantages, namely the 10nF 

capacitors placed before the linear voltage regulator filter out high-frequency noise, while the 

10µF capacitors placed after the linear voltage regulator filter out low frequency noise 

improving ripple rejection, thus resulting in lower output impedance, and may be somewhat 

overkill for the application.  

 

 

Figure 32: 5V5A Low voltage cut off Voltage regulator Altium schematics [Left], Altium traces. [Right]. 
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3.3.3   PDB 
 

The power distribution board is the center of the electronic connections on the drone, here the 

14.7V Dc supply from the 4S LiPo is devided between the 6 motors, the 12V outlet is used to 

power the gyro and FPV camera. The 5V out is used to power the Seeeduino Xiao on the 

Jetson Nano voltage regulator. The Pixhawk flight controller is powered by its own voltage 

regulator connected in parallel to keep a stable voltage supply to both the PDB and Pixhawk. 

The Matec PDB is of a good quality that can provide a stabel power output to the drones 

motors for iumpoved stability and safety Figure 34.  
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Figure 34: PDB. 
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3.3.4   Autonomous Flight  
 

Setting up the Pixhawk autonomous mission is relatively straight forward. To test the system 

a test flight is conducted from home, using the mission planner API. The take-off, waypoints 

and landing position can be set, along with many other possible options such as loiter time, 

delay between each waypoint, the altitude, the flight modes and options and reactions to 

sensor inputs such as the range finders. To test the viability of the system a simple loop flight 

is set up from home Figure 35. Due to the hilly nature of the property an altitude of 110m is 

set. Using the Pixhawk API determining the altitude of certain areas is possible, showing an 

elevation of 105m at the take-off sight. To lower the chance of any crashes the drone is set to 

take off from the deck, fly in a C shape across the field and land on the driveway, approximately 

40m from the take-off site. Getting the GPS coordinates accurate on the first flight is difficult, 

as the Pixhawk GPS coordinates and the actual positioning of the drone are hard to determine. 

The test flight, including autonomous take-off and landing is successful, being completely 

performed without the need for a remote control.  Using a telemetry connection from the 

Pixhawk to the desktop computer allows for adjustments to the flight path, even while the flight 

is in progress, with the addition of receiving telemetry data such as current GPS position, 

altitude etc. Using the telemetry, the flight path can be fine-tuned, and any prior errors between 

the GPS position and actual position can be adjusted. After the first flight the landing sight 

position is found to be approximately 3m offset from the GPS position selected on the mission 

planner API.  

 

 
Figure 35:Home loop Autonomous flight path 
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APtest/APval of 44.0% vs 51.4% for YOLOv7.  But when looking at the Map when confidence is 

set to .5 in APtest50 the R-CNN based network shows a score of 72.4% vs YOLOv7 at 69.7% 

which is interesting Table 15. Additional advantages are the size of the YOLOv7 model being 

smaller, using only 36.9m parameters while Faster-RCNN uses 60m parameters, as expected 

a larger number of parameters correlates with a slower detection speed as more calculations 

are required in the convolutional layers etc. additionally YOLO is based on a single shot 

detector (SSD), giving it more advantages in terms of speed, higher computational efficiency, 

require less memory, and are better suited to real time detection on low power devices. With 

the main drawback being a decrease in accuracy when compared to traditional methods (in 

theory).  

4.1.2   YOLOv7-Tiny 
 

YOLOv7 is capable of a high mAP score, but its main advantages are focused on the speed 

of detection, it would be ideal to maximise the benefits of the detection speed, and sacrifice 

some of the accuracy/ mAP score. This is what YOLOv7-Tiny is designed to do. YOLOv7-Tiny 

is a lighter version of YOLOv7, designed for faster detection speeds with the compromise 

being a lower mAP score when trained on equal data. YOLOv7-Tiny has only 6.2 million 

parameters. In [74] when compared to YOLOv7 on the COCO dataset 286 FPS with a 

APtest/APval = 38.7%/38.7%. with the highest being a APtest50 = 56.7%. this shows it is likely 

necessary to set the detection confidence to a higher level such as .5 to get accurate results 

when comparing YOLOv7 APtest50 = 69.7% Table 15. The Massive increase in FPS makes 

this model a good choice for real time object detection implementation on an Edge devices, 

drones, smartphones and other low processing, low power devices. The increase in FPS 

comes from using fewer convolutional layers and a smaller number of filters in each layer. It 

also uses anchor boxes to improve the accuracy of object detection. 

 

Table 15: various model scores on important parameters tested on the same COCO dataset. 

Model #Param FLOPs FPS APtest50 

F-RCNN-R101-

FPN+ 

60.0M 246.0G 20 72.4% 

YOLOv7 36.9M 104.7G 161 69.7% 

YOLOv7-tiny 6.2M 13.8G 286 56.7% 
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4.2.1   Image Augmentation  
From the 600 Raw images, three image augmentation techniques were selected to increase 

the dataset size. First all 600 images were resized using padding to a 1000 X 1000 resolution. 

Picking the correct resizing size is more complicated when the same images are used across 

different model architectures. For Faster-RCNN a larger size such as 800x1200 or 1000x1200 

is recommended due to its multistage architecture, whereas YOLOv7 works best with square 

shaped images, ideally at a multiple of 32 due to its SSD architecture. As neither can be 

satisfied with the same images, a square of 1000*1000 was chosen to better fit the high-

resolution, wide-angle images, while not unfairly giving an advantage to either architecture for 

testing.  Padding is done via a Python script. After padding the 600 images Figure 38, 

augmentations are applied. An intensity-based augmentation is applied by increasing the 

brightness and contrast. This type of augmentation makes the model more robust during 

changing lighting conditions, ideal for an outdoor farm application. Secondly salt and pepper 

noise was introduced to a further 600 images. This augmentation helps prevent overfitting, 

forcing the model to learn more robust features, additionally it helps create a more generalised 

model, by learning the underling structure of the kiwi. Lately random translation was added to 

600 images. Translation is ideal to use as the kiwi is relatively featureless, this augmentation 

increases feature recognition robustness [30].  

 

 

 

 

 

 

 

 

 

 

 

 

 

Padded Kiwi. 

Padded + Salt & Pepper Noise 

Padded + Intensity Augmentation. 

Padded + Translation. 

Figure 38: Image Augmentation Techniques used. 
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Although a larger number of raw images were taken via the video and combined iPhones, 

reducing the number of raw images was necessary due to time restraints, with many images 

containing more than several hundred kiwis each, labelling images becomes extremely time 

consuming. Image labelling was done using the Labellmg software. Using close-up high-

quality images from the iPhone for training allows the model to become more diverse and 

create better feature maps to identify kiwis, this will come in useful when the drone is flown at 

different hights by various farmers as the kiwis will appear larger or smaller. Image 

augmentations were performed with the help of ImageJ an open-source image processing and 

analysis software. Conversion of image labels for training from .XML format, used by the 

TensorFlow framework for F R-CNN were converted to a YOLO Keras .txt format, with a 

python script to save time relabelling all images a second time.  

 

 

 

 

 

 

 

Figure 39: Orchard Training Image Capture Via Drone. 
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Figure 40: 3309 individual kiwis in test labels. (.CSV) 

Figure 41: 9166 individual Kiwis in Train labels. (.CSV) 
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of 0.7 - 0.8 on popular datasets such as COCO or PASCAL VOC, so a score of 0.699 falls just 

short. 

Testing the YOLOv7 Model shows a better result across each category, with a mAP of .898 

the model is well trained Table 16, Table 17, Figure 42. When looking at the precision and 

recall in the IoU range of [0.005, 0.05, 0.1, 0.5] we see precision of [0.949, 0.972, 0.996, 1] 

and recall [0.901, 0.718, 0.706, 0.575] These results show that the model is performing better 

on average, the lower the IoU threshold. While the model can make predictions with high 

precision across the range of IoU values, the recall increases steadily as IoU drops, thus 

detecting a higher percentage of all objects within view the lower the confidence. The mAP 

indicates the model has a high accuracy in the given class. The F1 score shows a good 

balance between precision and recall. Overall, the metrics show the model is performing well, 

and I suspect that with less challenging test images the results would be of higher accuracy 

across the range. As the images used for testing were not contained in the training data, it can 

be said the model is not showing overfitting and is generalising well. But as the test images 

are still from the same orchard used to train the data, so more tests will be needed to confirm 

this accuracy.  

Testing Yolov7-Tiny showed some surprising results, with a mAP score = 0.844 Table 16, we 

see that it is slightly less accurate when compared to YOLOv7 across a broad range of 

confidence. Looking at the precision and recall in the IoU range of [0.005, 0.05, 0.1, 0.5], 

precision is [0.962, 0.988, 0.966, 1] with recall [0.832, 0.739, 0.729, 0.605]. we see that again 

a higher overall AP can be found when the IoU confidence is low. This is again due to many 

obstructed Kiwi Fruits in the test images, just as would be seen in an orchard situation. The 

high precision in this case prevents the model from finding too many false positive predictions 

when the confidence is lowered, and instead can start detecting kiwis that are, 40,50,80% and 

more obstructed behind other Kiwi fruits. Overall looking at the total number of kiwi fruits 

detected, vs the total number contained in the test images, at no tested IoU threshold do the 

number of predictions exceed the total number within all the images, although, on some 

individual images the total detection count was higher than the total number of kiwis present. 

This only occurred at IoU thresholds =< .005. furthermore, with the addition of the tracking 

algorithm in the upcoming section the likely hood of counting a false detection is reduced 

again. Overall, both the YOLOv7 and YOLOv7-Tiny models show very good results with mAP 

= 0.898 and 0.844 respectively. The selection of the CNN to be used on in the drone will also 

depend on the FPS capability of the model and is discussed in the next section.  

Due to the high amount of obstructed fruit, looking at Table 17, using a IoU threshold around 

0.1 will be most useful, in regard to predicting accurate yield estimations when the object 
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Table 16: Table of mAP scores across 10 images at IoU of 0.5. 

 

 

Table 17: YOLOv7-Tiny mAP value matrix, sum of data points across 10 images tested at various IoU ranges. 

Yolov7-
tiny conf 

#KIWIs True + False 
+ 

False - Prediction 
conf 

precision recall F1 

.005 334 278 11 56 61.63 .962 .832 .892 

.05 334 247 3 87 75.5 .988 .739 .846 

.1 334 243 1 91 81.17 .996 .728 .816 

.2 334 230 0 104 83.5 1 .689 .816 

.3 334 217 0 117 84.2 1 .650 .787 

.4 334 207 0 127 85.1 1 .620 .765 

.5 334 202 0 132 86.4 1 .605 .754 

.6 334 195 0 139 88.9 1 .584 .737 

.7 334 189 0 145 90.5 1 .566 .722 

.8 334 170 0 164 92.4 1 .510 .675 

.9 334 109 0 225 95.3 1 .326 .492 

.95 334 22 0 312 97.1 1 .065 .124 

.995 334 0 0 334 0 0 0 0 
Average  334 177.6 1.25 156.4 78.6 .919 .576 .741 

 

 

model            mAP 
@0.05:0.1:0.95        
+ .005  

Average    
Precision  
At IoU = 0.5 

Precision 
At IoU = 
0.5 

Recall 
At IoU = 
0.5 

F1 
At IoU 
= 0.5 

FRCNNv2           .782 .699 .982 .466 .621 
YOLOv7         0.898 .712 1 .567 .719 
YOLOv7-Tiny         .8442 .777 .998 .615 .754 
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Figure 43: YOLOv7-Tiny median AP@0.05:0.1:0.95 + 0.005   mAP = .844 

 

Table 18: YOLOv7 mAP value matrix, sum of data points across 10 images tested at various IoU ranges. 

YOLOv7 
Conf  

#kiwi/img True + False 
+ 

False - Average 
prediction 
conf 

precision recall F1 

.005 334 301 16 33 58 0.949527 0.901198 0.924731 

.05 334 240 7 94 66.4 0.97166 0.718563 0.826162 

.1 334 236 1 98 71.4 0.995781 0.706587 0.82662 

.2 334 219 0 115 73.7 1 0.655689 0.792043 

.3 334 211 0 123 75.1 1 0.631737 0.774312 

.4 334 198 0 136 78.9 1 0.592814 0.744361 

.5 334 192 0 142 83.3 1 0.57485 0.730038 

.6 334 188 0 146 86.8 1 0.562874 0.720307 

.7 334 182 0 152 92.2 1 0.54491 0.705426 

.8 334 158 0 172 95.5 1 0.478788 0.647541 

.9 334 83 0 215 98.2 1 0.278523 0.435696 

.95 334 3 0 331 0 1 0.00898 0 

.995 334 0 0 334 0 0 0 0 
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This video is footage of 1/3 of a kiwi orchard row. The accuracy of the count may be increased 

with a modification to the Region of Interests width, discussed later.  

The system seems to allocate some memory into the Swap Memory partition no matter how 

much free space is available on the RAM, this may cause an additional bottleneck that is 

avoidable. Ideally all swap memory is removed in the final iteration to force the use of the RAM 

module exclusively Figure 45. 

The use of a more optimised model via implementation of Tensor RT is also possible, but 

current development for implementation of a custom YOLOv7 model is not yet possible, such 

an implementation could see a higher FPS of around 20-25 FPS based on non-custom 

YOLOv7 tenors RT models running on a jetson nano 4GB. 
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Figure 45: YOLOv7 inference + NMS time at 2GB Swap Memory [TOP], YOLOv7 8GB swap memory 
[Middle], YOLOv7-Tiny 8GB swap memory [Bottom]. 
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4.5.0   Track and Count Kiwi Fruit  
 

Detecting fruit using the YOLOv7 Convolutional neural network is half the process required to 

achieve yield estimation. The tracking of individual kiwi detections, followed by accurate 

counting is required. To try speed up the system more an additional bitwise_and operation 

was performed on each incoming image in the detection algorithm, with a .PNG mask that 

contained all (0,0,0) black pixels to cover out any parts of the image that was not crucial for 

detecting the kiwis, ideally this would prevent predictions being made in non-useful areas of 

the image, and is a feature included during the model training stages, where (0,0,0) padding 

was used to obtain images of the correct dimensions. Surprisingly this method did not result 

in a large improvement of inference speeds. Notably, without this operation the model could 

be used to also detect floor kiwi fruit, via an additional ROI in the tracking algorithm to further 

increase PA information. Next a tracking algorithm is used to prevent counting the same object 

multiple times. To do this the Deep SORT (Simple Online and Realtime Tracking with a Deep 

Association Metric) algorithm, which has been shown to be highly effective at tracking objects 

in challenging and crowded scenarios. To use this tracking algorithm to count, the following is 

done. Each kiwi is given an ID and added to a list via DeepSORT. Next adding two lines that 

stretch from one side of the image to the next allows for a region of interest in which any 

tracked kiwi, that first enters this region is counted and considered a true positive detection. 

This allows the algorithm to count each kiwi only once. Essentially the added constraint of 

needing to have been tracked for X frames in a row is what allows the tracking and counting 

algorithms to work together, producing high accuracy results. The algorithms can be finetuned 

to give an optimal result, which has been done in detail, in the following section. The addition 

of the tracking algorithm does not affect the speed of inference by any noticeable amount. 

Figure 46: raw video input with total current detection output 
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Figure 47: track and count with bitwise_and operation pre-Edge detection optimisation. 

Figure 48: Bitwise_and on input image 
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The LCD screen count Figure 49, allows for the real time output of the count number, thus 

making the whole process from setting up the drone to acquiring the total count number much 

shorter for the farmer. Gaining more accurate information such as region-specific yield 

estimation requires a keyboard, mouse, and monitor.  

 

 

 

 

 

            

 

 

 

 

 

 

 

 

 

 

Additionally, the YOLOv7-Tiny model and track and count algorithm, is scripted to launch on 

power up, with an additional Q button press for closing and saving the detection, track, and 

count detection file for later analysis, further streamlining the operations needed to operate 

the orchard yield estimation system for the farmer.  

 

 

 

 

 

 

Figure 49: YOLOv7-Tiny on JETSON Nano + LCD 
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To determine the number of fruits in the five second video, the video is split into 2 frames, 

clearly containing all the kiwis in the video, that end up in the ROI. This is done simply by 

analysing the start and stop positions of the Region of Interest, in the short five second video, 

and subsequently extracting 2 frames that encompass this area. Using the detection algorithm 

on the two still images, the total number can be obtained with reasonable accuracy, 

additionally the fruit were counted by hand and a total of 341 acceptably visible fruit were 

counted. Thus, a detection result of 341 will be considered a 100% accuracy result for the 

track and count algorithm. 

 

 

 

Figure 50: visualisation of fruit perceived movement [Top], uncounted fruit, moving off edge of screen. 

[Left], additional ROI for detecting fruits moving off side of screen, but being counted [Right] 

 

Figure 51: Five second test video, to fine tune and determine tracking algorithm accuracy split into two frames. 
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Table 19: Total Kiwi Fruit count, given various deep sort variable weights on Yolov7(Green) & Yolov7-Tiny 
(Yellow) from a 5second video containing ~341 Fruit. 

IoU Threshold 

Sort 
Max 
Age 

Sort 
Min 
Hits 

YOLOv7-
Tiny 

 +edge 
detection YOLOv7 

 +edge 
detection 

0.05 5 2 427 479 572 426 
0.1 5 1 432 483 408 461 

0.1 4 1 435 484 417 470 

0.1 3 1 443 492 430 483 

0.1 2 1 450 498 445 499 

0.1 1 1 470 517 485 541 

0.1 5 2 379 419 527 407 

0.1 4 2 379 419 363 412 

0.1 3 2 380 420 369 418 

0.1 2 2 380 423 382 433 

0.1 1 2 395 431 412 464 
0.1 5 3 346 380 334 380 
0.1 4 3 351 384 338 384 
0.1 3 3 351 384 344 390 
0.1 2 3 351 384 353 401 
0.1 1 3 358 390 382 429 
0.1 5 4 327 356 327 367 
 0.1 4 4 329 359 329 369 
0.1 3 4 328 358 334 374 
0.1 2 4 327 356 341 382 
0.1 1 4 331 359 364 405 
0.1 5 5 320 344 313 353 
0.1 4 5 323 348 319 359 
0.1 3 5 319 344 328 369 
0.1 2 5 314 339 345 386 
0.1 1 5 316 342 345 386 
0.1 6 5 305 327 313 353 
0.1 6 6 305 327 306 343 
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4.6   Summery of Chapter Four  
 

Comparing the CNN models, provide a clear answer as to the ideal model given the scope of 

this project. Seeing the advantages in both mAP score and inference time on the YOLO 

models, when compared to the FR-CNN architecture the answer is clear. YOLO v7 is able to 

outperfourm the FR-CNN model. With the addition of YOLOv7-Tiny. A smaller, faster, although 

slightly less accurate model architecture, we are provided with the perfect mix between 

accuracy and inference time, allowing this project to be successful in achieving its real time 

detection goals. Training the models, proved time consuming and more complex than one 

might first imagine. Over 12,000 individual kiwis contained within images were used to train 

the models, this was required to achieve a well performing model. Having to use a generally 

lower IoU threshold than what is standard, is likely due to large amounts of partially visible 

Fruit, this may be unavoidable, unless a model is specifically trained to detect partial fruit with 

more certainty. Using DeepSORT for tracking proved successful, with the correct tuning of 

tracking parameters, accurate to within a 97%-99% range, although further testing is needed 

to confirm this with higher certainty. While the use of other frameworks such as keras were 

not explored due to their lack of previlance in letrature related to fruit detection. These other 

archetectures are certainly an avenue for further research in the future. Additinaly the use of 

pre trained models/ Libraries to identify kiwifruits was also not explored in depth. This is due 

to pre trained models such as the massive tensorflows COCO model data set being trained 

on 2.5 million label instances of common objects ( Common Objects in Context). Such detailed 

models only contain regular or common objects such as houshold items, animals etc. other 

popular pre trained models compatible with YOLO or tensorflow were investigated, but the 

class for kiwifruit was not found. 

Although pre trained models were not used, the use of pre labeled images of kiwifuris were 

also explored, but due to the specific natuire of images required by the drones angle, no usefull 

librarys were found. This resulted in all images and labels being created from scratch via the 

drone combined with manual labelling.   
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Chapter 5     
 

Experiments and Results  
 

5.1   Chapter Overview  
 

This chapter presents and analyses the results from the experiments encompassing all 

aspects of the project into a single experiment, the methodology used to obtain the data is 

explained, with results for various augmentations of the system being discussed. The 

experiments consist of results obtained from the drone system, being compared to results 

gained from the picking and counting of the orchard, to better understand the accuracy and 

implement ability of the overall system. 

 

5.2   Method  
 

Testing the drone orchard yield estimation system under the orchards is done on the 7th May 

2023, one year 11 days after the image acquisitions of kiwi fruit from the same orchard. The 

test flight took place on an overcast day, with intermittent rain. During the two-week period 

before kiwi fruit picking took place, New Zealand was experiencing a period of heavy rain, 

stormy, windy weather, and severe flooding. The drone flight is done two days before flooding 

of the orchards, with picking planned for the next day, but was delayed for 9 days. It is not 

known how many fruits had fallen to the floor during the storm, comparison image before and 

after of the orchard floor.  Looking at the ripeness and shape of the gold kiwi fruit from this 

season, compared to the last season from which images are acquired, the shape, size and 

colour is very similar. This is ideal for the detection system. However, the overcast weather 

does reduce lighting conditions bellow what was seen during the image acquisition, Figure 62. 

Due to rains the orchards were wet and dripping occasionally, for this reason a protective 

cover was placed over the electronics of the drone to prevent damage Figure 52, leaving only 

the LCD screen visible. An additional tuning flight was carried out with the cover in a nearby 

field. Additionally, the FPV camera was not plugged in and the jetson nano was powered off 

to save battery during fine tuning, also seen in Figure 52.  Due to space restraints in the 

orchard, the stability tune needed to be caried out in the nearby field.  
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Figure 52: Field Tune flight with open cover 

Figure 53: Hover in field 
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Figure 55: Drone at the start of the tall grass [Left]. LCD detection result [Right]. Length of orchard flown 
[Bottom]. 
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5.3   Kiwi Fruit Picking  
 

On the 16th may kiwifruit picking was carried out by a team of ~ 40 pickers. To gain an accurate 

understanding of the yield, four pickers were happy to assist in the project. The method of 

picking is simple, one tractor carrying either 3 or 4 kiwifruit crates is driven down a central row, 

with a row on either side of the tractor. With five rows of orchards on this section, two tractors 

were driven down the central rows. Pickers then make their way down from the top of the row, 

following the tractor, to the bottom (nearest to the entrance) picking fruit into their basket, then 

emptying their baskets into the central crates pulled by the tractors Figure 59. Once the tractor 

crates are filled level a new set of crates is brought in. To gain an accurate estimate of total 

yield one could ask each picker to count every kiwi fruit they pick and tally their total down, 

although possible this was not done. Instead, for the four men picking fruit in the row of interest, 

an average of the number of fruits that fit into their picking basket was taken, and the total 

number of baskets filled is counted, thus the total number of fruits picked from the row is an 

estimate. Each of the four pickers is asked in intervals to count the total number of fruits that 

fit into their basket, results ranged from 120-156 fruit per basket. As mentioned earlier prior to 

picking and fruit spraying a video is taken to obtain 48 FPS video (the highest FPS available 

on the Go Pro at 1080p resolution) of the full orchard row, this video is used to run Yolov7 and 

Yolov7-tiny on the home desktop, to compare the neural network to the actual count acquired 

later in that same day. To prepare for picking, the fruits are sprayed down with a consumption 

safe preservative three hours before picking starts. Due to light rains earlier, the pickers wait 

for the fruit to completely dry in the sun, this prevents moisture from causing bacterial growth 

and rotting during later storage, this puts a time pressure to pick all the fruits before another 

light shower begins.   

 

 

 

 

 

 

 

 

 
Figure 56: Fruit preservative spraying pre picking.  
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Figure 58: Four pickers picking only from the row in question. 

Figure 57: level full bags ~ 120 fruit 
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Figure 59:  tally result from first and second half of row. [Top], Crate of kiwifruit filled [Left], Crates waiting to 
be filled [Right]. 





 
109 

> probability_range <- cdf_156 - cdf_120 

> print(probability_range)  

[1] 0.9359111 

>  

> estimated_total <- probability_range * basket_count * mean_value 

> print(estimated_total)  

[1] 10407.33 

>  

> # Calculate the standard error 

> standard_error <- sd_value / sqrt(basket_count) 

> print(standard_error)  

[1] 1.081139 

>  

> critical_value <- qnorm(0.975, mean = mean_value, sd = sd_value) 

> print(critical_value)  

[1] 157.9529 

>  

> margin_of_error <- standard_error * critical_value 

> print(margin_of_error)  

[1] 170.769 

>  

> # Calculate the lower and upper bounds of the confidence interval 

> lower_bound <- round(estimated_total - margin_of_error) 

> upper_bound <- round(estimated_total + margin_of_error) 

>  

> # Display the estimated total and the confidence interval 

> cat("Estimated Total: ", round(estimated_total), "\n") 

Estimated Total:  10407  

> cat("95% Confidence Interval: [", lower_bound, " - ", upper_bound, "]\n") 

95% Confidence Interval: [ 10237  -  10578 ] 

[1] 10407.33 
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Table 21: various Orchard yield estimation techniques vs actual orchard yield count 

 Real Time 
(YOLOv7-Tiny) 

12.5 FPS 
YOLOv7-Tiny 

24FPS YOLOv7 Actual count  

Half row yield  8782 8220  8766 10407+-170 
Full row yield  --- 15577 16739 19123+-126 

 

 

Comparing the various methods of orchard yield estimation shows some interesting results, 

both in actual yield result and method of acquisition. Looking at the 8782 - kiwi fruit yield count 

obtained from the real time processing drone flight, we can see that the method proposed by 

this paper has some merit, with the actual count being close to 10407 for the same section. 

Expressed as a percentage the result is 84.3% accurate with a 1.93% variance. Looking at 

the mAP scores of YOLOv7-Tiny in Table 16, shows a map score of 84.42. this correlates very 

well with the accuracy of the model when tested in the field. Similarly, when testing YOLOv7-

Tiny on a 12.5 FPS video on a video taken on the day of picking shows a result of 8220 for 

the first half of the row and 15577 for the full row. When compared to the actual count of 10407 

+- 170 and 19123 +- 126, shows an accuracy of 78.98% +- 2.06% and 81.45% +- .8% 

respectively for the half and full row.  

 

Real Time (YOLOv7-
Tiny)

12.5 FPS YOLOv7-Tiny 24FPS YOLOv7 Actual count

8782 8220 8766

10407

NA

15577
16739

19123

COMPARISON OF YIELD COUNTS
Half row yield Full row yield

Figure 61:Comparison of yield estimation techniques 



 
112 

 

Using the YOLOv7 model, gives a less accurate result of the first half row equal to 8766 or 

84.2% +- 1.9%, but become more accurate over the full length of the orchard row with the 

result of 16739 or 87.5% +- .75%. Comparing these results to the mAP for this particular, 

YOLOv7 model, a mAP of .898 or a general accuracy of 89.8% which makes the results of 

84.2 and 87.5 expected. Additionally, the accuracy of the track and count algorithm must also 

be taken into consideration. The results of the track and count algorithm show that the fine 

tuning of the Deep SORT algorithm directly influence the accuracy of the overall system, with 

finetuning of the system mostly focused on the YOLOv7-Tiny model, the discrepancy in the 

accuracy of the two systems becomes more reasonable. Additionally, the accuracy of the 

model is affected by the storm which occurred after the full system test, and before the 

counting of the kiwi fruit via picking and statistical analysis. This undoubtably gives the drone 

test flight bias to a higher than actual count when compared to the picking method. While the 

total number of fallen fruits during the storm remains unknown making the analysis difficult. 

Overall, the system does show to be capable of performing Kiwi fruit orchard yield estimation 

at a high accuracy Figure 61, Table 21.  
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Figure 62: Orchard before storm [Top], After storm [Bottom]. 
















































