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ABSTRACT 

Traditional fruit grading work depends on a large labour force during harvesting time. However, the grading accuracy varies, resulting 

in difficulties in product quality management. Due to the COVID-19 pandemic, many of New Zealand's farming industries lack seasonal 

workers from overseas. Hence, they are looking at taking advantage of promising computer vision technologies to avoid reliance on 

the labour-intensive grading method. 

This research project designs a prototype fruit grading system using object detection algorithms to automatically sort fruits (e.g., 

squash), minimising manual intervention during the production process. The proposed system consists of fruit handling and image 

processing modules. Amazon's machine learning platform SageMaker and Google's machine learning framework TensorFlow are the 

two main software components in the system. We tested the prototype in a simulated production environment. The result proved 

that the selected approach could suit farming industries to achieve automation transformation during post-harvesting. Other findings 

include that object detection has better performance than image classification on identifying defects on fruits. The high cost of setting 

up a new fruit grading system has hindered agriculture companies from adopting the plan. Further research within this topic could 

incorporate farming experts to help gain higher dataset accuracy during labelling jobs and choose a proper approach to avoid 

unnecessary difficulties in manipulating data between different machine learning platforms. 
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CHAPTER 1 

INTRODUCTION 

Visual perception is one of the most important abilities of a human, which helps us see the world and interpret the surroundings. With 

the high-speed evolution of computer technology in recent decades, scientists have been trying to bring the ability to computers and 

let them perform more complicated tasks for us. According to IBM (n.d.) and Intel (n.d.), computer vision is an interdisciplinary 

scientific field of artificial intelligence (AI). It uses cameras, computing technologies, and software to enable machines to obtain 

meaningful information from images, videos, and other visible resources. Then, the machines can take action or provide advice 

accordingly. Computer vision works almost in the same ways as human vision. Human vision spends a lifetime learning to differentiate 

objects, estimate their distance, judge their moving state, and identify anomalies in a picture. However, computer vision trains 

machines to do the same thing in much less time. Once a system is fully trained, it can perform object detection, recognise people, 

and track movement in a millisecond, far beyond human capabilities.  

Computer vision is not something from the future but is already connected to our daily life. For instance, Apple uses computer vision 

to help us organise photos; Facebook profits from facial recognition to identify individuals in images; Tesla uses computer vision to 

deliver state-of-the-art self-driving cars. Moreover, computer vision helps doctors diagnose by processing images collected from X-

rays; farming companies use computer vision to monitor the harvest, grade fruits, and sense weeds emergence or nutrient deficiency. 

Object detection is a computer vision technology used to identify visible entities of a certain class, like humans, cars, or dogs, in photos 

or video frames (Zou et al., 2019). Object detection allows computer vision applications to acquire information of targeted objects by 

using trained models. Recently, object detection has gotten significant attention because it is widely used in various applications and 

technologies (Jiao et al., 2019; Liu et al., 2019). Many common computer vision tasks are based on object detection, like image 
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captioning and movement tracking. In the real world, the applications of object detection include video surveillance, crowd counting, 

self-driving cars, and anomaly detection. 

This study aims to design a defect detection prototype that automatically grades squashes on a moving conveyor belt for a New 

Zealand farming company. The prototype is to identify several kinds of defects of squashes, like callous, mould, sunburn, and bruises, 

using object detection algorithms and machine learning frameworks. Unlike a traditional fruit grading approach that uses image 

classification algorithms and mainly takes the colour, size, and shape of fruit into consideration, this study tries to investigate very 

specific contents on the fruit and enable the machine to decide based on the details. Additionally, this study involves several 

mechanical devices which are extremely sensitive to lighting conditions, including cameras and laser sensors. Thus, the lighting 

requirement poses a great challenge to the prototype. 

 

1.1 Background 

Agriculture is a major industry in New Zealand, and an estimated 85-90% of the country's agriculture production is exported 

(International Trade Administration, 2021). This industry relies on a large number of human resources. Due to the COVID-19 pandemic, 

it is not easy for these companies to get enough seasonal workers as usual. Hence, they plan to use computer vision-enabled machines 

to conduct some parts of the production process, like grading fruits. 

Bostock is one of New Zealand's top agriculture companies and the biggest organic fruits provider. They heavily depend on 

international workers as a labour-intensive industry during the harvest season. However, since the New Zealand border has remained 

closed for nearly two years, they are forced to work out another way to keep the business running smoothly. Moreover, according to 

the company, the accuracy of fruit grading by humans has never reached an ideal level. Hence, they are looking for a new solution 

that can improve human resources and the accuracy of fruit grading. 
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Before Bostock started the project with the Eastern Institute of Technology (EIT), they had already been using AWS for a while, a cloud 

computing platform from Amazon. They want to continue using AWS as the prototype's back-end service. As a result, this research 

needs to consider the prototype usability and the compatibility with AWS.   

 

1.2 Problem Statement 

1.2.1 Purpose of Research 

The purpose of the research is to investigate the latest computer vision technologies and choose the most suitable method to design 

a fruit grading prototype based on industry requirements. 

There is existing research studying how to use image classification algorithms to grade fruits. Some companies have been using this 

method to sort apples according to their colour, shape, and size, also in Hawke's Bay. However, the project company has a higher 

expectation for this prototype and wants it to have the ability to differentiate major callousing and minor callousing. This is the main 

issue of squash grading, causing a considerable amount of errors in the manual grading process. Major callousing and minor callousing 

are similar in shape but different in size and sometimes in colour, and one squash may have both major and minor callousing. Therefore, 

the machine could get confused if we use image classification to grade squashes. Object detection takes advantage of the bounding 

box to give a unique label to each targeted instance in an image. Thus, it provides more information about an image than classification. 

We can easily use bounding boxes to highlight major callousing and minor callousing and help the machine recognise these defects 

correctly. 

This research fully utilizes Amazon SageMaker, a cloud machine learning platform providing all tools for machine learning. Making 

SageMaker the relatively closed system work with other open-source libraries like Tensorflow is another challenge in the study. 
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This research also makes use of mechanisms to increase the prototype's performance. The image-taking set consists of several pairs 

of Nvidia Jetson Nanos (jetsons) and Raspberry Pi cameras and a pair of Arduino laser transmitters, and a laser sensor. When a squash 

passes through the laser sensor set, the sensor will send a signal to jetsons to trigger an image-taking action. 

1.2.2 Research Questions 

In this research, the following research questions are considered: 

1. How can New Zealand’s agriculture industry use computer vision technologies to improve the accuracy of their fruit grading 

system? 

2. What are the similarities and differences in object detection and image classification effectiveness in grading fruits? 

3. What factors influence agricultural companies’ decision on embracing computer vision for fruit grading in New Zealand? 

1.2.3 Study Aims and Objectives 

The aims and objectives of this study are: 

• To identify the feasible approaches of grading fruits during post-harvesting using computer vision for New Zealand’s farming 

industry. 

• To develop a practical object detection process consisting of labelling, training, validating, and inference, combining cloud 

computing and on-premises resources. 

• To design a fruit grading prototype including software and hardware components and measure the prototype performance in 

a production process simulation. 

 1.2.4 Significance of the Research 

In recent years, in the literature on computer vision, image classification is repeatedly mentioned as an approach for fruit grading (al 

Ohali, 2011; Arakeri & Lakshmana, 2016; Bhargava & Bansal, 2019; Jhuria et al., 2013), and for fruit ripeness identification 
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(Mohammadi et al., 2015; Mustaffa & Khairul, 2017; Nandi et al., 2016; Silalahi et al., 2016). The fruit types in the literature include 

the date, mango, tomato, apple, avocado, banana, orange, oil palm, and persimmon.  

According to Zou et al. (2019), object detection has become more and more popular in research. During the last two decades, the 

number of publications related to "object detection" has greatly increased, as shown in Figure 1. 

 

Figure 1. The increasing number of publications in object detection from 1998 to 2018 (from Zou et al., 2019) 

Therefore, it will be very interesting to see how well object detection will perform on grading fruits, especially on squashes which has 

never been analysed before. 

As stated by the Ministry of Social Development (2019) and Bedford (2020), the seasonal worker shortages in Hawke's Bay and the 

whole country have been a chronic problem for both the industry and the government. Thus, the findings may help alleviate the 

problem. 
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 1.2.5 Limitations 

This study has three major limitations that could be addressed in future research. 

First, due to a specific requirement from the project company, the prototype must involve AWS's services. The priority of AWS notably 

affected our choice of solutions. For example, we conducted labelling jobs in AWS and got an uncommon outcome that was 

incompatible with other machine learning frameworks. Therefore, we spent additional time converting the files into the desired format, 

and the conversion process possibly decreased the accuracy of the final results. 

Second, the time constraint also affected the study in a challenging way. There were only three months to build the prototype.  

Third, the research period was outside of the squash harvest season. Consequently, a limited number of squashes were available for 

creating the dataset. 

1.2.6 Structure of this Report 

This report consists of eight chapters describing a research project on fruit grading using object detection algorithms and other 

computer vision technologies. 

The first chapter presents a brief overview of the report, consisting of the introduction of the main technologies used in the research, 

the background and purpose of the research, the research question, the research aims and objectives, and lastly, the significance and 

limitations of the research. 

The second chapter reviews computer vision, object detection, and other related technologies, including machine learning, deep 

learning, convolutional neural networks and models. Fruit grading-related research published in the last decade is studied, followed 

by the issues associated with object detection within a real environment. The last part is about the gaps in the literature.  

A design-based approach is introduced in Chapter 3 with brief information about three iterations. The next three chapters detail these 

iterations: learning in the cloud, on-premises, and grading fruits in a field test. 
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The answers to research questions are discussed in Chapter 7. The last chapter outlines the findings of this research and talks about 

the limitations and potential future research. 
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CHAPTER 2 

LITERATURE REVIEW 

In the last chapter, I briefly introduced the background of the study and proposed three research questions. In this chapter, I will 

examine computer vision related technologies and previous research in the literature. It is crucial for the researcher to develop the 

theoretical framework and methodology and identify gaps in knowledge. Resources include academic journals, industry websites, 

government websites, and industry white papers. I will explain the main technologies used in the study: computer vision, deep 

learning, and object detection. Then, general machine learning steps will be examined, an important component of this study. A 

thorough case study about fruit grading research using computer vision in the last decade and an analysis of issues associated with 

object detection will be conducted to find the best approach for this study. Furthermore, the gaps in the literature are also 

mentioned in this chapter. 

 

2.1 Computer Vision and Related Technologies 

We need to understand the relationships between AI, machine learning, and deep learning in computer vision. AI is a technique that 

allows computers to imitate human intelligence. Machine learning is a type of AI that allows software applications to use their 

experiences to improve the accuracy of predicted outcomes over time without being programmed (Microsoft, 2021). Deep learning is 

literally "deeper" than classical machine learning by adding more artificial neural networks into the model (Kamilaris & Prenafeta-

Boldú, 2018). Figure 2 shows the relationships between the three concepts.  
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Figure 2. Relationships between AI, Machine learning, and deep learning (from Microsoft, 2021) 

The “deep” in deep learning means the depth of layers in a neural network. A deep learning algorithm normally has more than three 

layers including the inputs and the outputs (IBM, 2021). A deep neural network show in Figure 3 below. 
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Figure 3. Deep neural network (from IBM, 2021) 

Computer vision is a general term for the task conducted with deep learning to build up abilities like a human vision for applications. 

It can include special model training processes for image segmentation, classification, and object detection using images and videos 

(Martin, 2020). A convolutional neural network (CNN) is an extremely effective artificial neural network designed for computer vision; 

CNN has three dimensions: width, height, and depth (Microsoft, 2021). With deep learning and CNN, computer vision can carry out 

image segmentation, classification, and object detection for millions of applications.  
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2.1.1 Image Segmentation 

To simplify an image and analyze it more efficiently, researchers use image segmentation to divide it into separate areas according to 

the attributes of pixels and recognize items or borders in it (Stanford University, n.d.). In other words, pixels are assigned with labels 

during an image segmentation process. Pixels belonging to the same category share the same label (Tyagi, 2021). 

Segmentation influences many fields, such as film and medicine industry. In Figure 4, the software uses image segmentation to 

separate the tiger from its original context for the scenes that are too dangerous to shoot in real life. Image segmentation is also used 

to track objects in images and classify landscapes in satellite photos, like oil reserves. Some medical applications use segmentation to 

determine injured muscles, measure bone and tissue, and detect suspicious structures to aid radiologists (Stanford University, n.d.). 

 

Figure 4. Image segmentation (from Stanford University, n.d.) 

2.1.2 Image Classification 

Image classification is the approach of organizing and labelling sets of pixels or vectors within an image based on particular regulations 

(Shinozuka & Mansouri, 2009). In other words, it is the method of determining an object or a trait in an image or video and classifying 

images based on the image content (MathWorks, n.d.). Computer vision would be ideal to automatically check and classify images in 

huge numbers because it would be tedious to conduct the process manually. Image classification can be used to label an x-ray as 
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cancer or not, classify a handwritten digit, or assign a name to a face photograph (Brownlee, 2019). Figure 5 shows the example of 

image classification from the CIFAR-10 Dataset. 

 

Figure 5. Example of image classification (from Brownlee, 2019) 

Shinozuka & Mansouri (2009) states that the two general classification methods are supervised and unsupervised classification. The 

former visually selects samples within the image and assign them to prepared classes to develop statistical measures for the whole 
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image. "Maximum likelihood" and "minimum distance" are two common methods to classify the entire image using the training data. 

The latter is a completely automated process without training data. If a proper algorithm is applied, the specified features of an image 

are caught systematically during the image processing step. 

2.1.3 Object Detection 

Olafenwa (2021) outlines that object detection refers to a computer's capability to find items in an image or scene and determine each 

one. Object detection has been popular for various applications, such as face detection, car detection, and pedestrian counting. Deep 

learning's advance and rapid adoption in 2012 resulted in the latest and highly precise object detection algorithms and methods such 

as R-CNN, Fast-RCNN, Faster-RCNN, RetinaNet, SSD and YOLO. 

Object detection enables computers to find the position of objects by using bounding boxes to contain objects fully. In figure 6, a 

detector might be trained to detect the location of cars or persons. 
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Figure 6. Object detection and bounding box (from Dulepet et al., 2021) 

Examples of object detection include drawing bounding boxes and labelling objects in a street scene (Figure 6), in a landscape, or an 

image of a classroom full of students. 

A more detailed discussion about object detection refers to Chapter 2.4. 

2.1.4 Difference Between Segmentation, Classification and Object Detection 

In the computer vision field, image segmentation, image classification and object detection are all useful and widely adopted. They 

are similar techniques and are often used together. However, it is not easy to differentiate the terms at starting a machine learning 

journey. Based on what we have discussed before, we can easily tell which approach we should choose. If the labels will be assigned 

to pixels, image segmentation is the right choice. If the labels will be applied to the objects in the images, it is object detection. If each 
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image is labelled as one or multiple labels, image classification is the best. Figure 7 and Figure 8 shows the difference between the 

three computer vision techniques. 

 

Figure 7. Object detection vs Segmentation (from Sharma, 2019) 
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Figure 8. Image classification vs Object detection (from Hulstaert, 2018) 

 

2.2 Deep Learning Frameworks 

Deep learning frameworks provide building blocks to architect, train, validate, and deploy models via a sophisticated programming 

interface. Deep Learning SDK libraries are essential for leading frameworks like MxNet, TensorFlow, Pytorch, and PaddlePaddle to 

deliver high-performance training with multiple GPUs. SageMaker uses MXNet as its default deep learning framework. 

2.2.1 MXNet 

MXNet is an open-source deep learning software framework from Apache, allowing users to define, train, and deploy deep neural 

networks on different platforms, from cloud infrastructure to mobile devices (Amazon, n.d.-a). The benefits of using MXNet include: 

• MXNet's Gluon library provides a high-level interface that makes it easy to prototype, train, and deploy deep learning models 

without sacrificing training speed. 
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• Deep learning workloads can be distributed across multiple GPUs with near-linear scalability, which means that extremely large 

projects can be handled in less time. 

• MXNet produces lightweight neural network model representations that can run on lower-powered edge devices like a 

Raspberry Pi, smartphone, or laptop and process data remotely in real-time. 

• MXNet supports many programming languages, including C++, JavaScript, Python, R, Matlab, Julia, Scala, Clojure, and Perl. 

MXNet's Gluon library provides a high-level interface that makes it easy to prototype, train, and deploy deep learning models 

without sacrificing training speed. 

2.2.2 TensorFlow and TensorFlow Lite 

TensorFlow is a free and end-to-end open-source platform for machine learning, developed by the Google Brain team. TensorFlow is 

a community-driven framework with a comprehensive, flexible ecosystem. It has high performance and allows users to employ low-

level model details. For example, it is possible to use both high-level APIs, such as Keras, and customized operators using NVIDIA's 

CUDA toolkit. Besides, TensorFlow also supports many deep learning use cases, like conducting experiments, deploying models in the 

cloud for production, mobile applications, and autonomous cars (Sergeev & Balso, 2018). TensorFlow Lite is a simplified version of 

TensorFlow for mobile and embedded devices, bringing low latency and small binary size inference. 

2.2.3 Pytorch 

PyTorch is an open-source machine learning library based on the Torch library, primarily developed by Facebook. According to Ketkar 

(2017), PyTorch is a fast-maturing framework with good GPU support, ideal for research purposes. The advantage of using PyTorch is 

that it can work well with new deep learning architectures to develop and experiment. PyTorch backs many pieces of deep learning 

software, like Tesla Autopilot, Uber's Pyro, Hugging Face's Transformers, PyTorch Lightning, and Catalyst. 
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2.2.4 Performance Comparison of Deep Learning Frameworks 

Deep learning applications are normally deployed in the cloud, such as AWS, Azure, or Google Cloud Platform. However, the recent 

success of deep learning frameworks has allowed users to bring deep learning applications to the edges, like on-promises servers, 

laptops, Navida Jetsons, Raspberry Pis, or even smartphones. Besides, the project company also wants to perform inference locally to 

get lower latency than in the cloud. Hence, it is necessary to understand the performance of these frameworks running on different 

hardware and software solutions. 

In research from Zhang et al. (2018), they conducted a performance comparison of several latest machine learning packages on edge 

devices, including TensorFlow, Caffe2, MXNet, PyTorch, and TensorFlow Lite. Caffe2 is a lightweight, modular, and scalable deep 

learning framework originally developed by the University of California, Berkeley. They used pre-trained AlexNet and SqueezeNet 

because these two CNN-based models were ready for use on plenty of frameworks. Table 1 shows the overview of the combinations 

of hardware and software packages. Table 2 shows the experimental setup of hardware. 
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Table 1. The overview of the combinations of hardware and software packages 

  
MacBook 

Pro 

Intel 

FogNode 

Nvidia 

Jetson 

TX2 

Raspberry 

Pi 
Nexus 6P 

TensorFlow ✓ ✓ ✓ ✓ X 

Caffe2 ✓ ✓ ✓ X X 

MXNet ✓ ✓ X X X 

PyTorch ✓ ✓ ✓ X X 

TensorFLow 

Lite 
X X X X ✓ 

Note. From Zhang et al., 2018. 
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Table 2. The experimental setup of hardware 

  CPU Frequency Cores Memory OS 

MacBook Pro Intel Core i5 2.7GHz 4 8GB macOS 10.13.2 

FogNode 
Inter Xeon E3-

1275 v5 
3.6GHz 4 32GB 

Linux 4.13.0-32-

generic 

Jetson TX2 
ARMv8 + NVIDIA 

Pascal GPU 
2GHz 6 8GB Linux 4.4.38-tegra 

Raspberry Pi ARMv71 0.9GHz 4 1GB 
Linux rasberrypi 

4.4.34 

Nexus 6P 
Qualcomm 

Snapdragon 810 
2GHz 8 2.6GB 

Android 8.0 

3.10.73 

Note. From Zhang et al., 2018. 

Jetson TX2 is an AI-enabled device belonging to the Nvidia Jeston family. It has an ARM CPU and an Nvidia Pascal GPU and features a 

lot of standard hardware interfaces. Hence, it is easy to integrate the device into various products and form factors. This study uses a 

different type of jetsons, namely Nvidia Jetson Nano. 

Zhang et al. (2018) compared these hardware and software package combinations based on the average inference time of 100 

inferences, total time of a whole process, memory footprint, and power consumption. They discovered that no packages could surpass 

others in duration and space dimensions. They summarized the results as below: 

• TensorFlow runs faster than others when running large-scale models on the CPU-based platform FogNode, while Caffe2 is 

faster on small-scale models. MXNet is the fastest one on Jetson TX2. 
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• On MacBook and FogNode, PyTorch consumes less memory than others. 

• The most efficient package on FogNode and Jetson TX2 is MXNet. However, the best package on Macbook is Caffe2. 

2.2.5 GPU Memory Consumption of Deep Learning Models 

Thanks to deep learning frameworks empowered by NVIDIA GPUs, researchers can finish their training jobs in hours or days now, but 

in the past, it might take weeks to get the same job done (Nvidia, 2021). Nevertheless, GPU memory consumption also causes a 

common failure during deep learning, specifically, out of memory. The reason is that there is no built-in method to estimate memory 

consumption in deep learning frameworks. Thus, researchers are unaware of models' GPU memory consumption until the job has 

been executed.  

According to Gao et al. (2020), the exhaustion of GPU memory caused 8.8% of their job failures, which takes up the biggest part of 

deep learning specific failures. Therefore, they experimented with estimating GPU memory of deep learning models using DNNMem, 

an accurate estimation tool for GPU memory consumption. They tested DNNMem on five real-world representation models under 

TensorFlow, Pytorch and MXNet. The experiments demonstrated a satisfactory solution to use DNNMem to estimate GPU memory 

consumption.  

 

2.3 Object Detection  

Since the project company chose AWS as its cloud computing provider and wants to build the fruit grading prototype on SageMaker 

services, this study uses SageMaker as the computer vision platform to fulfil the company's requirements. However, this study still 

needs a full understanding of object detection, including the algorithms and the frameworks, to achieve a better outcome. 
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2.3.1 Object Detection Algorithms 

SageMaker uses Single Shot MultiBox Detector (SSD) as its only object detection algorithm, supporting two base networks: VGG and 

ResNet. 

According to Zou et al. (2019), since 2000, the development of object detection has generally experienced two historical terms 

separated by the introduction of deep learning. 

With the arrival of deep learning, algorithms fell into two main types: Two-stage detector and One-stage detector. The former has an 

extra step for creating object proposals and filtering out many negative samples; the latter has a single proposed method without 

separating the whole process, and thus the sample sets with high density are difficult to train (Jiao et al., 2019; Liu et al., 2019). 

Consequently, Two-stage detectors perform better in localization and object recognition, while one-stage detectors have a higher 

speed in inference and testing. However, the newly designed loss functions allow One-stage detectors to discard easy samples, 

significantly reducing the number of proposal targets and improving speed and precision. 

Table 3 shows a list of primary object detection algorithms.  

Table 3. Object detection algorithms 

Before 2014 – Traditional object detection period 

1 Viola Jones Detectors 2001 It started the new era of detecting human faces in real-

time without any constraints. 

2 Histogram of Oriented 

Gradients (HOG) Detector 

2005 It was motivated by the problem of pedestrian 

detection and then developed into a popular feature 

descriptor. 
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3 Deformable Part-based 

Model (DPM) 

2008 It peaked traditional object detection methods with a 

significant contribution of introducing bounding box 

regression. 

 

After 2014 – Deep learning detection period 

Two-stage detector 

1 Region-Based Convolutional 

Neural Networks (R-CNN) 

2014 The key concept behind R-CNN is region proposals used 

to localize objects within an image. Its drawback is time-

consuming since every image would have 2000 

bounding boxes. However, RCNN made a great 

performance improvement on Pascal VOC 2007 

(VOC07), increasing the mean Average Precision (mAP) 

from 33.7% (DPM-V5) to 58.5%. 

2 Spatial Pyramid Pooling 

Networks (SPPNet) 

2014 Unlike previous CNN models requiring a fixed-size input, 

SPPNet allows a CNN to create a fixed-length 

representation. Hence, SPPNet is much faster than R-

CNN. 

3 Fast R-CNN 2015 It is a further improvement of R-CNN and SPPnet and 

allows users to train a detector and a bounding box 

regressor under the same network configurations at the 

same time. 



 24 

4 Faster R-CNN 2015 It is the first end-to-end and the first near-real-time 

deep learning detector. Faster R-CNN introduced 

Region Proposal Network (RPN) that enables almost 

cost-free region proposals. 

5 Mask R-CNN 2017 It is an advancement for Fast R-CNN. The difference is 

that Mask R-CNN added a branch for predicting an 

object mask parallel with the existing branch for 

bounding box recognition. 

6 Feature Pyramid Networks 

(FPN) 

2017 FPN is based on Fast R-CNN. A top-down architecture 

with lateral connections is developed in FPN for 

building high-level semantics at all scales, which 

benefits detecting objects with a wide variety of scales. 

7 Granulated RCNN (G-RCNN)  G-RCNN is an improved version of Fast RCNN and Faster 

RCNN for extracting regions of interest (ROIs) by 

incorporating the unique concept of granulation in a 

deep convolutional neural network to improve the 

speed and accuracy of real-time detection (Pramanik et 

al., 2021). 

One-stage detector 

1 You Only Look Once (YOLO) 2015 YOLO was the first deep learning algorithm using a one-

stage detector (Redmon et al., 2016). YOLO uses a 

single neural network and performs classification and 
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bounding box regression in one step, and thus it works 

extremely fast. 

2 SSD 2015 SSD was the second one-stage detector and introduced 

multi-reference and multi-resolution detection 

techniques. Compared to other one-stage methods, SSD 

has the advantage of better accuracy, even with small 

objects. 

3 RetinaNet 2017 RetinaNet introduced a new loss function named "focal 

loss", allowing one-stage detectors to gain competitive 

accuracy with two-stage detectors while retaining high 

detection speed. 

4 YOLOv3 2018 YOLOv3 uses Darknet-53 as its backbone feature 

extractor. Darknet series are made by YOLO creators. 

Darknet-53 makes YOLOv3 better than its predecessor 

in speed and precison for small objects. However, the 

avarage precision (AP) for all objects is still less than 

RetinaNet (Meel, 2021). 

5 YOLOv4 2020 YOLOv4 uses CSPDarknet53 as the backbone and is 

better than other detectors in both speed and accuracy, 

such as YOLOv3, SSD, and ReninaNet (Bochkovskiy et 

al., 2020). 
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Table 4 shows the detection results on the Microsoft COCO test-dev dataset using different algorithms from the research of Jiao et al. 

(2019). AP refers to the mean average precision; APS, APM, and APL mean the special average precision for small, medium, and large 

objects. 

 

Table 4. Detection results on the Microfost COCO test-dev dataset 

Algorithm Data Backbone AP AP50 AP75 APS APM APL 

Fast R-CNN Train VGG-16 19.7 35.9 - - - - 

Faster R-CNN Trainval VGG-16 21.9 42.7 - - - - 

Faster R-CNN+++ Trainval ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9 

Mask R-CNN Trainval35K ResNet-101 39.8 62.3 43.4 22.1 43.2 51.2 

YOLOv2 Trainval35k DarkNet-19 21.6 44.0 19.2 5.0 22.4 35.5 

YOLOv3 Trainval35k DarkNet-53 33.0 57.9 34.4 18.3 35.4 41.9 

SSD300 Trainval35k VGG-16 25.1 43.1 25.8 6.6 22.4 35.5 

SSD321 Trainval35K ResNet-101 28.0 45.4 29.3 6.2 28.3 49.3 

SSD512 Trainval35k VGG-16 28.8 48.5 30.3 10.9 31.8 43.5 

SSD513 Trainval35K ResNet-101 31.2 50.4 33.3 10.2 34.5 49.8 

RetinaNet500 Trainval35K ResNet-101 34.4 53.1 36.8 14.7 38.5 49.1 

RetinaNet800 Trainval35K ResNet-101-FPN 39.1 59.1 42.3 21.8 42.7 50.2 

Note. Adapted from “A Survey of Deep Learning-Based Object Detection”, 2019 

Table 3 and Table 4 see that two-stage detectors have higher AP than most one-stage detectors, while RetinaNet has the best AP 

among one-stage detectors. According to the results of the SSD series, ResNet-101 has better performance than VGG-16. 
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2.3.2 Machine Learning Hyperparameters 

Hyperparameters are customizable settings or configurations that allow researchers to modify a model for a particular task or dataset 

(Brownlee, 2020). Building an effective machine learning model is a complicated and time-consuming process. It involves choosing a 

suitable algorithm and acquiring an ideal model architecture by tuning its hyperparameters (Elshawi et al., 2019). There are two types 

of hyperparameters: model training and model designing. Choosing proper hyperparameters is key to making neural networks learn 

faster and perform better. Yu and Zhu (2020) found that stochastic gradient descent (SGD) with momentum was the most popular 

optimizer for training a deep neural network, including SGD's variants like AdaGrad, RMSprop, and Adam. During a training process, 

learning rate (LR) and batch size are the most critical factors because they decide the speed of convergence, the tuning of which should 

always be ensured. For model designing, hyperparameters are more connected to the structure of neural networks, such as hidden 

layers and the width of layers, which are usually used to measure the model learning capacity. 

2.3.3 Hyperparameter Optimization 

Hyperparameter optimization (HPO) is not a new topic, but the applications of deep learning networks have made it more notable 

until recently. The overall idea of HPO stays unchanged: choosing ideal hyperparameters and their search space, modifying them until 

getting relevant results, evaluating the model's performance with different parameter sets, and finding out the best combination (Yu 

& Zhu, 2020). The main purpose of HPO is to find a hyperparameter set that can help an object network achieve minimum loss or 

maximum accuracy. Feurer and Hutter (2019) describe the objective function as below: 

λ∗ = argmin or argmax E (Dtrain, Dvalid) ∼𝒟V (L, Aλ, Dtrain, Dvalid) 

The V function measures the the loss of a model generated by algorithm A with hyperparameters λ on training data Dtrain and evaluated 

on validation data Dvalid. 
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2.4 General Machine Learning Steps 

Guo (2018) explains that a normal machine learning process consists of seven steps: data collection, data preparation, choosing a 

model, training, evaluation, tuning, and prediction. Most machine learning applications, like image segmentation, image classification, 

and object detection, will follow the seven-step procedure with some slight adjustments. 

Gathering data 

It is fundamental to machine learning because the quality and quantity of the data fed to the machine directly affect how the model 

will perform. There are plenty of ways we can use to get the data. 

• Ideally, an existing database may be available for us to explore. 

• Build the dataset from scratch, using focus groups, interviews, surveys, or internal usage and user data.  

• Public data can be a handy source and is usually free. 

• Clone data from internet repositories sites like Kaggle, Github and others. 

• Collect real-time data from an IoT system or APIs. 

Data preparation 

This step involves data cleaning, organizing, manipulating, and labelling. Real-world data are often unorganized and full of missing or 

noisy elements. Recognizing and minimizing any potential biases in the dataset is crucial for this stage. 

• Cleaning the data includes removing unwanted data, missing and duplicate values, restructuring the dataset and changing the 

rows and columns. 

• Use data visualization methods to determine how the data is structured, understand the relationship between variables, and 

check if there are any data imbalances. For example, if one object has more data points than others, the trained model will be 
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biased and identify everything as the particular object. We could try to balance the data during data gathering or use other 

methods like data augmentation to alleviate the imbalance. 

• Before supervised learning, all data needs to be labelled. Depending on the learning type, we can use bounding boxes to tag 

objects in images or individual images with one or more labels.  

• Divide the data into two sections with a ratio of 80:20 or 70:30. The big one is for training, and the small one is for validation. 

Choosing a model or an algorithm 

An algorithm refers to a procedure that runs on data to create a model. Performing pattern recognition is the main job of algorithms. 

Once an algorithm has finished the learning process on a dataset, a model will be generated, representing the result of the process. 

Therefore, there are two approaches to this step. First, since many pre-trained models created by other researchers have been 

available in recent years, we can choose one suited for our research from them and use transfer learning to train our data. Table 5 

shows some popular models and corresponding applications. Recently, transfer learning has been widely deployed because it can use 

relatively low data to train deep neural networks, which means a pre-trained model is used to address a new problem (Sarker, 2021). 

Second, we can also create our model from scratch, so we need to choose an algorithm fitting our case. There are four kinds of machine 

learning algorithms: supervised learning, unsupervised learning, semi-supervised learning, and reinforcement learning, as shown in 

Figure 9, Figure 10 and Table 6. 
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Table 5. Popular machine learning models and applications 

Model Applications 

Logistic Regression Price prediction 

Fully connected networks Classification 

Convolutional Neural Networks Image processing 

Recurrent Neural Networks Voice recognition 

Random Forest Fraud Detection 

Reinforcement Learning Learning by trial and error 

Generative Models Image creation 

K-means Segmentation 

k-Nearest Neighbors Recommendation systems 

Bayesian Classifiers Spam and noise filtering 
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Figure 9. Various types of machine learning techniques (from Sarker, 2021) 

 

Figure 10. Machine learning types (from Krzyk, 2018) 
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Table 6. Various types of machine learning techniques with examples 

Learning type Model building Examples 

Supervised Algorithms or models learn from labelled data 

(task-driven approach) 

Classification, regression 

Unsupervised Algorithms or models learn from unlabelled data 

(Data-Driven Approach) 

Clustering, associations, 

dimensionality reduction 

Semi-supervised Models are built using combined data (labelled + 

unlabelled) 

Classification, clustering 

Reinforcement Models are based on reward or penalty 

(environment-driven approach) 

Classification, control 

Note. From Sarker, 2021 

Training 

Training is the bulk of the whole process, where we pass the prepared data to the machine to find patterns and make predictions 

based on the algorithms we chose. This part requires mathematical, computer science, and sometimes business knowledge.  

The training process includes initializing some random values for W (weights) and b (biases) and predicting the outcome with those 

values. We can compare our model's predictions with the output it should produce and adjust the value in W and b to get more correct 

predictions. This process then repeats. As shown in Figure 11, each iteration or cycle of updating the weights and biases is called one 

training "step". 
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Figure 11. The training “step” (from Guo, 2018) 

Ideally, we can see an incremental improvement in the prediction rate as the training continues. It is a critical step that significantly 

influences the quality and accuracy of future predictions in new situations. 

Evaluation 

The validation set is used to evaluate the model's performance after training. Because the validation set is separated from the 

training set, the model will encounter different data. This metric helps researchers predict the model's behaviour on new data. The 

process represents how the model might perform in the real world. 

Hyperparameter tuning 

After a successful evaluation, we proceed to tune hyperparameters. This step aims to improve upon the positive results achieved 

during the evaluation step. The first one we should consider is the number of "Epoch". One epoch is when an entire dataset is passed 

forward and backwards through the neural network. More epochs may produce higher accuracies but also result in longer training 
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time. Another is "learning rate", a key hyperparameter of machine learning. Hyperparameter tuning deeply relies on the details of 

data, model, and training process and is more like an experimental process. 

Prediction 

The final step of the machine learning process is prediction or inference. It is the stage where we consider the model ready for practical 

applications and realise the value of machine learning. 

 

2.5 Fruit Grading Case Study 

Since 2014, the beginning of the deep learning period, there has been much research in fruit grading applications using computer 

vision technologies like image classification (Arakeri & Lakshmana, 2016; Mohammadi et al., 2015; Oppenheim et al., 2019; Too et al., 

2019; Wan & Goudos, 2020), object detection (Arsenovic et al., 2019; Bari et al., 2021; Jiang et al., 2019; J. Liu & Wang, 2020; Tian et 

al., 2019; Valdez, 2020; Wang et al., 2019; Y. Yu et al., 2019), and image segmentation (Ganesh et al., 2019). Table 7 shows detailed 

information on the fourteen studies. 
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Table 7. A comparison of different solutions for fruit grading systems 

Articles 
Application 

Type 
Purposes Algorithms 

Data 
Sources 

Data 
Argumentation 

Number 
of 

Images 

Online 
learning 

Hardware Software 

Faster R-CNN for 
multi-class fruit 

detection using a 
robotic vision 

system 

classification 

Fruit 
detecion, 
Quality 

evaluation 

YOLOv3  
Faster R-CNN 

Online 
dataset: 

Fruits 360 
Yes 4,000 No 

CPU: i7-
7700HQ 
Memory: 

16GB 
GPU: GTX 

1060 

Window 10 
C++ 

CUDA 
OpenCV 

A comparative 
study of fine-
tuning deep 

learning models 
for plant disease 

identification 

classification 
Disease 

detection 

CNN with 
Inception V4, 

VGG net, 
ResNet, 

DenseNet 

Online 
dataset: 

PlantVillage 
No 54,306 No 

Memory: 
16GB 

GPU: Tesla 
K40c 

Ubuntu 
16.04 

Python 
Keras 

CuDNN 
CNmeM 
OpenCV 

Using Deep 
Learning for 
Image-Based 
Potato Tuber 

Disease 
Detection 

classification 
Disease 

detection 
VGG-F Captured Yes 2,465 No Unknown MatLab 

Computer Vision 
Based Fruit 

Grading System 
for Quality 

Evaluation of 
Tomato in 
Agriculture 

industry 

classification 
Quality 

evaluation 
CNN Captured No 520 No Unknown MatLab 
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Detecting 
maturity of 

persimmon fruit 
based on image 

processing 
technique 

classification 
Quality 

evaluation 
LDA 
QDA 

Captured No 88 No Unknown MatLab 

Apple Defect 
Detection Using 
Deep Learning 
Based Object 
Detection For 

Better Post 
Harvest Handling 

Object 
detection 

Defect 
detection 

YOLOv3 
SSD with VGG-

16 

Online 
collection 

No 592 No 

CPU: i7-
7700HQ 
Memory: 

16GB 
GPU: GTX 

1060 

Python 
3.67 

CUDA 
10.0.0 

Tensorflow 

Real-Time 
Detection of 
Apple Leaf 

Diseases Using 
Deep Learning 

Approach Based 
on Improved 
Convolutional 

Neural Networks 

Object 
detection 

Disease 
detection 

Faster R-CNN 
SSD 

INAR-SSD 
Captured Yes 26,377 No 

CPU: E5-
2650v3 

Memory: 
128GB 

GPU: GTX 
1080Ti 

Ubuntu 
16.04 
CUDA 
Caffe 

Solving Current 
Limitations of 
Deep Learning 

Based 
Approaches for 
Plant Disease 

Detection 

Object 
detection 

Disease 
detection 

Faster R-CNN 
SSD 

YOLOv3 
RetinaNet 

Online 
dataset: 

PlantVillage, 
Captured 

Yes 79,265 No Unknown Unknown 

Tomato Diseases 
and Pests 

Detection Based 
on Improved Yolo 
V3 Convolutional 
Neural Network 

Object 
detection 

Disease 
detection 

YOLOv3 
SSD 

Faster R-CNN 
Captured No 15,000 No 

CPU: i7-
9800X 

Memory: 
16GB 

GPU: GTX 
1080Ti 

SSD: 256G 
HD: 1T 

Ubuntu 
16.04 

Python 
CUDA 

OpenCV 
Caffe 

Darknet-53 
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Detection of 
Apple Lesions in 
Orchards Based 

on Deep Learning 
Methods of 

CycleGAN and 
YOLOV3-Dense 

Object 
detection 

Disease 
detection 

YOLOv3-dense 
VGG 

GoogleNet 
AlexNetOWTBn 

Online 
collection; 
Captured 

Yes 700 No 
GPU: Tesla 

V100 
Unknown 

Fruit detection 
for strawberry 

harvesting robot 
in non-structural 

environment 
based on Mask-

RCNN 

Object 
detection 

Fruit 
detecion 

Mask R-CNN Captured No 2000 No 

CPU: i7-
8700k 

Memory: 
16GB 

GPU: GTX 
1080 

Labelme 
Tensorflow 

Keras 

A real-time 
approach of 

diagnosing rice 
leaf disease using 

deep learning-
based faster R-
CNN framework 

Object 
detection 

Disease 
detection 

Faster R-CNN 

Online 
dataset: 
Kaggle; 

Captured 

Yes 
From 

2,400 to 
16,800 

No Unknown 
LabelImg 

Caffe 

Identification of 
Tomato Disease 

Types and 
Detection of 

Infected Areas 
Based on Deep 
Convolutional 

Neural Networks 
and Object 
Detection 

Techniques 

Object 
detection 

Disease 
detection 

Faster R-CNN 
Mask R-CNN 

Online 
collection 

Yes 
From 
286 to  
1,430 

No 

CPU: i7 
3.70GHz 

GPU: GTX 
1080Ti 

LabelImg 
Labelme 

Deep Orange: 
Mask R-CNN 

based Orange 
Detection and 
Segmentation 

Segmentation 
Fruit 

detecion 

Mask R-CNN 
with ResNet-

101 
Captured No 200 No 

CPU: Intel 
Xeon 

GPU: GTX 
1070Ti 

Python 
Tensorflow 
VGG Image 
Annotator 
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Most research investigated the problems of very common fruits, like apple, mango, orange, tomato, strawberry, and persimmon. 

Disease detection and ripeness detection frequently occurred in the literature.  

Half of the research involved Faster R-CNN, while YOLOv3 and SSD were the second and third popular learning algorithms. 

Although 9 of the research used captured images to build their dataset, getting images from online sources was also widely used, for 

instance, Fruits 360 (Wan & Goudos, 2020), PlantVillage (Arsenovic et al., 2019; Too et al., 2019), and Kaggle (Bari et al., 2021).  

The numbers of images in the cases varied hugely from 88 (Mohammadi et al., 2015) to 79,265 (Arsenovic et al., 2019). However, 9 

out of 14 research had more than 1000 images in their dataset, and seven research used data augmentation to increase their dataset 

to avoid potential overfitting issues. The image sizes were between 224 x 224 and 512 x 512, and 256 x 256 was used most times.  

Online learning seems popular these days, like Amazon SageMaker, Microsoft Azure Machine Learning Studio, Google AI, and IBM 

Watson Studio. In contrast, none of the studies used these online services. Many of them employed a hardware combination of Intel 

i7 CPU, 16GB memory, and Nvidia GTX 1080Ti GPU. As to software choices, Ubuntu 16.04 was the most favoured operation system, 

and Python, Tensorflow, CUDA, and OpenCV were all widely used. MatLab, LabelImg, and Labelme were adopted several times as data 

preparation and image labelling tools in different studies.  

Transferring learning was performed in 4 studies, namely Arsenovic et al. (2019), Ganesh et al. (2019), Valdez (2020), and Y. Yu et al. 

(2019). Except for Arsenovic et al. using their previous model, others chose pre-trained models from the MS COCO (Microsoft Common 

Objects in Context) dataset. 

In the research of Bari et al. (2021), Ganesh et al. (2019), Jiang et al. (2019), and Wang et al. (2019), a normal machine learning 

procedure was conducted, similar to the one shown in Figure 12, involving data preparation, data augmentation, labelling, data 

partition, training, validation/testing, and performing inference. 

 



 39 

 

Figure 12. The complete procedure of real-time detection (from Bari et al., 2021) 

The mean Average Precision (mAP), also called AP, is a popular metric in measuring object detection accuracies like Faster R-CNN, SSD, 

and YOLOv3. All object detection studies in these cases use mAP as the performance indicator of their research. Due to the 

dissimilarities between the research, such as methodology, algorithm, or dataset size, the mAP values ranged from 69.97% using SSD 

and 592 images (Valdez, 2020) to 99.25% using Faster R-CNN and 16,800 images (Bari et al., 2021). 
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2.6 Issues Associated with Object Detection Within a Real Environment 

This project aims to design a fruit grading system using object detection in a real factory, the project company's packhouse. Hence, 

the specific environmental characteristics need to be taken into consideration as they are different from a controlled setting, which 

may affect the system's efficiency. According to Fessel (2019) and Pokhrel (2020), there are six challenges to real-world object 

detection.   

• Viewpoint variation: We may have completely different views from different angles for a specific object. For example, an 

apple's perpendicular and lateral views are different visually. This situation is even more confusing to a machine because most 

detectors are trained with images only from a particular viewpoint.  

• Occlusion: It is very common for the object of interest to be occluded by something else. Sometimes, most object parts are 

blocked, and object detectors can capture only a few pixels. For example, when apples are moving on a conveyor belt, one 

could be occluded by others within the view of the camera or detector.  

• Illumination conditions: Illumination has a dramatic effect on the pixel level. Objects can show different appearance 

characteristics under different lighting circumstances. For example, it is hard for a human to tell if two cats in different pictures 

taken in the daytime and at night are the same cat. These conditions also affect the capability of the detector to identify objects 

correctly. 

• Speed for real-time detection: High accuracy is not the only requirement for object detection algorithms, and sometimes they 

also need to work fast enough to meet real-time processing demands. For example, when apples are moving on a conveyor 

belt at high speed, and dozens of apples need to be processed within one second, this situation presents a huge challenge to 

the object detection system. 

• Limited data: The restricted quantity of labelled data currently obtainable for training jobs proves to be another considerable 

barrier. Object detection datasets normally comprise ground truth examples for up to a hundred classes of objects, while image 
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classification datasets require even more classes. Moreover, the labelling jobs tend to be tedious and time-consuming, 

demanding accurate bounding boxes for object detection. 

• Class imbalance: occurs when one class, the minority group, contains significantly fewer samples than the other class, the 

majority group (Johnson & Khoshgoftaar, 2019). For example, we have a dataset consisting of 80 cancer patients and 920 

healthy people. It is a typical imbalanced dataset, as the majority class is about nine times bigger than the minority class. Here 

the majority class is Healthy, and the minority class is "Cancer", but detecting disease is of greater interest. Class imbalance is 

difficult for most classification and object detection problems. However, the focal loss function can help diminish the impact 

of class imbalance. 

 

2.7 Gaps in the Literature 

The literature on computer vision has proved that taking advantage of deep learning technologies such as object detection and image 

classification can achieve satisfactory grading outcomes. Table 7 shows that most research can reach more than 90% accuracy with 

various methodologies. However, there are still three gaps identified in the literature, which can be the research direction of this study. 

First, all the research subjects of previous studies are relatively small fruits, like apple (Tian et al., 2019; Valdez, 2020; Wan & Goudos, 

2020), tomato (Arakeri & Lakshmana, 2016; Wang et al., 2019), orange (Ganesh et al., 2019; Wan & Goudos, 2020), persimmon 

(Mohammadi et al., 2015), or strawberry (Y. Yu et al., 2019). While bigger fruits like squash, pumpkin, and watermelon also have high 

economic value, it is important to find out how computer vision performs on these big-sized objects.  

Second, training on local computers dominated previous research, although online machine learning is rapidly growing. IT giants like 

Amazon, Google, Microsoft, and IBM are swarming into this industry and providing one-stop online machine learning services from 

data annotation to inference, allowing customers to perform machine learning without dealing with hardware and writing complicated 
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codes. However, conducting machine learning research in the cloud is still empty, and thus it is pressing to investigate the online 

approach to see if it can bring machine learning to a higher level. 

Third, as one of the most popular deep learning frameworks, MXNet has no presence in previous studies. MXNet has plenty of 

advantages, like open-source, allowing for fast model training, supporting a flexible programming model, and integration into Amazon 

Sagemaker, which makes MXNet an influential player in the industry. Therefore, researching MXNet will help people understand if it 

is a suitable framework. 

Based on the described gaps, this study aims to develop a computer vision system for fruit grading through object detection to design 

an initial prototype for the project company. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

The last chapter investigated computer vision technologies and their major applications and conducted a thorough case study about 

utilizing computer vision in the fruit grading domain. This chapter will explain the research methodology of this study, formalized 

from the research in the last chapter. First, the proposed fruit grading system will be described, and the reason for choosing Design-

Based Research (DBR) will also be explained. Second, three iterations of the research will be introduced. The first one followed the 

official machine learning steps of Amazon SageMaker. Due to the potential higher cost and bigger latency of making inference online 

than offline, the project company wanted to move the inference step from the cloud to their premises. Hence, we redesigned the 

prototype, moved the inference part from the cloud to the premises, and had two more iterations: evaluating the prototype in a lab 

and a packhouse test. The literature review findings were applied to the prototype development, and the prototype was tested 

within a real production scenario. 

 

3.1 Study Design 

3.1.1 The Proposed Squash Grading System 

This research aimed to provide a prototype object detection system that could recognise squash defects and decide about squash 

quality and output. The solution provides an end-to-end process from the squash entering the packhouse to developing such a system.  

The proposed squash grading system in the project company’s packhouse is shown in Figure 13. This system aims to address the low 

accuracy issue of labouring grading. The system comprises two parts: fruit handling and image processing module. The former carries 
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squashes on the conveyor belt for image processing and final squash sorting. The latter is the computer vision application with multiple 

machine learning functions intended to determine if the squash should be accepted or discarded. 

 

Figure 13. Proposed squash grading system 
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3.1.2 Design-Based Research 

This research adopted a design-based approach which involves developing solutions to problems and usually uses iterations to refine 

the solutions (Anderson & Shattuck, 2012). The process of DBR consists of a continual cycle of planning, analysis, implementation, 

testing, and evaluation. 

Figure 14 demonstrates the three iterations of this study based on the DBR principle. The outcomes of the previous iteration acted as 

the basis of the next iteration for further improvements of the proposed prototype. 

 

 

Figure 14. Three iterations of this research 

DBR allows researchers to focus on designing and testing an important intervention (Anderson & Shattuck, 2012). They need to 

carefully document all intervention details, such as the time, commitment, and contingencies. Hence, the research readers can 

determine if they can get similar or better outcomes by using this intervention in their context. The project company will continue 

working on the prototype following the path created in this research, and they will benefit from the DBR approach. 
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DBR involves mixed methods using a wide range of research tools and techniques, and thus researchers can choose different methods 

to meet their needs (Anderson & Shattuck, 2012). The proposed prototype was built from scratch, and we needed to try different 

ways to achieve desired results. Therefore, DBR was a good choice for us. 

Furthermore, the development of a prototype always involves numerous refinements and continuous evolution of the design, so does 

the proposed prototype. The design and implementation of DBR interventions are seldom, if ever, perfect; thus, the design 

improvements are always possibilities (Anderson & Shattuck, 2012). 

The most significant concern about DBR is that if a researcher is deeply involved in conceptualizing, designing, developing, 

implementing, and re-researching an approach, it will be challenging for them to make reasonable and reliable judgments (Anderson 

& Shattuck, 2012). However, like much qualitative research, none of these researchers claims their bias has been removed from the 

process. Instead, some insist that they are the best research tool, including their insights, preference, and perceptions of the content 

(Anderson & Shattuck, 2012). 

 

3.2 Iteration 

According to the literature review, no object detection or image classification research was conducted using an online machine 

learning platform. Hence, originally, this study aimed to design the first fruit grading prototype using object detection and cloud 

resources, which was tried in the first iteration. However, for multiple reasons (see Chapter 4: Iteration 1), we had to change the initial 

plan and design a combination of online and offline machine learning resources. The change was conducted in the second iteration, 

and the last iteration is an improved design of the second one. 
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3.2.1 Iteration 1: Learning in the Cloud 

During the first iteration, we mainly followed the standard machine learning process of SageMaker: 

• Data collection and augmentation 

• Image labelling in Ground Truth 

• Training and validation 

• Model creation and tuning 

• Inference performing 

The manifest files we acquired from labelling jobs are fundamental to the whole research, which contain all the annotation of images. 

However, since we could not find a way to run MXNet-based models on jetsons, we had to change the original plan and train 

TensorFlow-based models, which theoretically can work with jetsons. This issue led to Iteration 2. 

A grading test using image classification was conducted in this iteration to validate the choice of using object detection to build the 

prototype. 

3.2.2 Iteration 2: Learning On-Premises 

The second stage focused on fixing the issue caused by the incompatibility of MXNet-based models and jestons. Thus, we redesigned 

the process and changed the model type from MXNet to TensorFlow. After we got the manifest files from labelling jobs, we converted 

them into TensorFlow pipeline files, allowing us to train a TensorFlow model, and the model would run on jetsons. 

Before the project started, the project company had already prepared most equipment. The problem is that they did not consider if 

the computation capability of the equipment were good enough for the project. A new issue emerged until we tried to deploy the 

TensorFlow model to jestons: this type of Jetson does not have enough memory to run TensorFlow. Hence, we needed a new plan, 

and it was Iteration 3. 
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3.2.3 Iteration 3: Grading Fruits in Field Test 

The last iteration fixed the previous issue, using a high-performance computer instead of jetsons, deployed the best model on the 

computer, and ran the prototype in the field. 

• A high-performance computer with an Nvidia GTX 1080 graphic card replaced jetsons. 

• A confidence level analysis was carried out.  

• The prototype could correctly identify good squashes and bad squashes in the field. 
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CHAPTER 4 

ITERATION 1 

In the last chapter, the iterative approach and the proposed squash grading system were introduced. In the following chapter, the first 

iteration results will be explained in detail, including the five stages of DBR. The main reason for conducting this iteration is to 

comprehensively investigate SageMaker, one of the leading online machine learning platforms, and fulfil the project company’s initial 

requirement to achieve everything in AWS.  

We finished data collection, image labelling, first training, and inference performing in this part. Although this iteration did not produce 

the desired outcomes, it still contributed the labelling results to the research, which was utilized in the following iterations. A grading 

test using image classification was conducted in this iteration, and the result showed that image classification had poor performance 

on detecting defects on fruits. 

 

4.1 Planning 

Since the original goal of the research was to design a fruit grading system using AWS services, we decided to carry out the complete 

machine learning process online.  

The requirements included: 

• Developing a fruit grading system that can automatically take images, process images, perform inference on the images and 

make decisions 

• Taking advantage of AWS’s machine learning and other computing services 

• Using jetsons and Raspberry Pi cameras to collect images 
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• Using jetsons with AWS IoT Greengrass installed to perform inference 

The on-premises equipment and online services with access included: 

• Two laptops with i7 CPU and 16GB memory 

• One desktop with i7 CPU, 32GB memory, and Nvidia GTX 1080Ti GPU, and two 24-inch monitors 

• Four Nvidia Jetson Nanos 

• Four Raspberry pi cameras 

• One Arduino Uno microcontroller 

• One Arduino Compatible Red Laser Diode Module 

• One Arduino Compatible Photosensitive LDR Sensor Module 

• Two AWS Identity and Access Management (IAM) user accounts with full access to all services 

Besides, only around one hundred squashes were left in the packhouse because it was out of the harvesting time. Hence, data 

augmentation was needed to expand the dataset to avoid overfitting. 

 

4.2 Design 

The first iteration would be conducted on AWS. Thus, we needed to design the first approach based on the services of SageMaker and 

AWS IoT Greengrass. 

SageMaker is a fully managed machine learning service, which allows data scientists and developers to quickly and easily build and 

train machine learning models, and then directly deploy them into a production-ready hosted environment (Amazon, n.d.-b). Several 

common features of Sagemaker include: 
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• Ground Truth can help users build high-quality training datasets for their machine learning models. Users can outsource 

labelling jobs or do it with the internal workforce. Figure 15 shows the task types of Ground Truth.  

• Training allows users to create training jobs using SageMaker built-in algorithms, users’ algorithms, or algorithms subscripted 

from AWS Marketplace. The hyperparameter tuning function is also available in the training section. 

• Inference allows users to create models based on previous training results and create endpoints to perform inference. 

• Notebook allows users to launch a collaborative Jupiter notebook quickly without setting up compute instances and file storage 

beforehand. A wide range of notebook instance types is available, from standard configuration to high-performance ones. 

 

Figure 15. Ground Truth task types 
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Greengrass is a software developed for IoT devices and enables these devices to collect and analyze data on edge, respond 

autonomously to local events, and communicate with each other locally (Amazon, n.d.-c). Greengrass also allows IoT devices to 

interact with the AWS cloud to transmit data or use AWS Lambda functions. In the first iteration, we deployed Greengrass on jetsons 

to perform grading jobs. 

Table 8. The procedure of Iteration 1 

  
Data  

Collection 

Data 

Augmentation 
Labelling 

Training 

and 

validation 

Tuning Inference Deployment 

Hardware 
Jetsons 

Cameras 
Laptops  -  -  -  - Jetsons 

Software 
Python 

script 
Python script 

Groud 

Truth 

SageMaker 

Training 

SageMaker 

Training 

SageMaker 

Inference 
Greengrass 

Data  

storage 

Hard 

drive 
S3 S3 S3 S3 S3 S3 

 

Table 8 describes the seven steps of iteration1. Among these steps, only the first two steps were carried out locally since we built the 

dataset by taking images of squashes, not collecting images online or downloading data from open-source datasets. The following four 

steps were conducted in AWS using SageMaker, and the last step involved Greengrass and IoT devices. All the outcomes were stored 

on Amazon S3 except the first one. 
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4.3 Implementation 

4.3.1 Data Collection 

"Garbage in, garbage out" is a rule of thumb in machine learning. The size and quality of a dataset are crucial to the model's prediction 

accuracy trained with the dataset.  

According to Google (2019), simple models on large datasets usually outperform fancy models on small datasets, and they used 

238,000,000 examples to train their Gmail SmartReply model. Although the astronomical figure is impossible for normal research, it 

proves that it is always good to make it bigger when building a dataset. Besides, in the research we studied before, nine out of fourteen 

used more than 1000 images, and five of them had more than 10,000 images (see Table 7). Hence, we decided a figure between 1000 

and 5000 would be reasonable for this research. 

One of the key factors in dataset quality is feature representation (Google, 2019). In a data collection process, feature representation 

means if the collected data, namely images, can reflect all the characteristics of the research subject. To represent the real attributes 

of squashes, we need to consider several elements when taking images, for example, illumination conditions, capturing angles, and 

enough squashes with different shapes, colours, sizes, and defects. Therefore, we chose to take images in the packhouse with 

controlled illumination to mimic a real production environment. However, we did not have enough squash because the research time 

was out of the harvesting season. 
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Figure 16. Data collection in packhouse 

The image-taking process was conducted in the packhouse, shown in Figure 16. Two lamps were deployed to increase lighting. Four 

pairs of one jetson with one camera were used to capture images from different angles, and for each squash, we flipped it once and 

got eight images in total. One python script was used to control jetsons to take images. 

Finally, 2000 images were acquired and stored on a hard drive for data augmentation. 

4.3.2 Data Augmentation 

Jiang et al. (2019) state that data augmentation can benefit the training stage of CNNs by resolving the overfitting problem. With the 

expanded dataset via data augmentation methods, the model can learn more irrelevant patterns to prevent overfitting and make 

better predictions. 

There are three defects for the prototype to identify: major callousing, minor callousing, and mould. After data collection, we got more 

than 1000 minor callousing, while much fewer images of other defects. There were two reasons for the data imbalance issue. First, 

we did not have enough squashes to take more different images. Second, the squashes we got were pre-sorted, and many squashes 
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with major callousing or mould had already been discarded. However, major callousing and mould were the real defects we were 

interested in. Therefore, we needed to increase the image amount of them. 

Two standard augmentation techniques were performed during this step: rotation transformations and horizontal flips. The process 

was carried out on a local laptop with a python script. After data augmentation, we increased the dataset size to 4822 and divided 

these images into three parts, 3700 for training, 922 for validation, and 200 for testing.   

4.3.3 Image Labelling 

Data labelling is a fundamental step in a supervised machine learning task. The quality of a dataset also depends on the result of 

labelling jobs. It is crucial to draw the bounding box on the right object and at the accurate position because the model will learn the 

object by looking at examples labelled in bounding boxes. Thus, everyone in the labelling job team should be on the same page about 

labelling the targeted objects correctly. 

Ground Truth allows users to conduct labelling jobs in the cloud and work in groups collaboratively, improving work efficiency. Figure 

17 shows the outcomes of a labelling job. The orange and green bounding boxes indicate defects on squash, and the blue boxes point 

to squashes. The outputs of labelling jobs were saved as manifest files in Amazon S3, ready for training jobs. 
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Figure 17. The outcome of a labelling job 

In SageMaker, a manifest is a UTF-8 encoded file in which each line is a complete and valid JSON object. Before starting a labelling job, 

we need to provide the input data to SageMaker by creating a single manifest file that defines all the data requiring labelling. The 

output of a labelling job is saved in an augmented manifest file, containing label data for each object and metadata about the label 

assigned to data objects. In Figure 18, the first line highlighted in red is the input data in the original manifest file. Once we get the 

augmented manifest file, we can start a training job in SageMaker. 
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Figure 18. An augmented manifest file 

To compare the effectiveness of object detection and image classification in grading fruits, we carried out two types of labelling jobs, 

Bounding box, and Image classification (multi-label), for the next training. 
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4.3.4 Training and Validation 

SageMaker provides two paths of initiating a training job: using the SageMaker console or the API.  

The SageMaker console intends to be a simple and intuitive way to create a training job without code. Customers only need to fill out 

necessary parameters and choose suitable options from dropdown menus. However, it is difficult for a new user to start a training job 

on the web because there is no way for troubleshooting, and it usually takes a long time to get the training result. 

Consequently, we moved to use the SageMaker Jupyter Notebook App, which allows us to prepare and process data, write code to 

train models, deploy models to SageMaker hosting, and test or validate our models. Moreover, plenty of machine learning related 

sample notebooks is available online, containing comprehensive code walkthroughs, which is a great benefit of using notebooks. 
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Figure 19. Creating a training job in Jupyter Notebook 

Following the official SageMaker examples on Github, we created the training jobs successfully, as shown in Figure 19. We chose the 

SageMaker built-in Object detection algorithm for the training jobs because all the built-in algorithms are free to use and supposed to 

be for ease of use. The algorithm uses the SSD framework and only supports two base networks: VGG and ResNet. The validation jobs 

were incorporated into the related training jobs. The list of training jobs is shown in Figure 20.  
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There are a few things we should keep in mind before starting training. 

• The dataset should be divided into training and validation parts, and all the images and manifest files should be stored in S3. 

• Images used to test the model after training should be imported into the notebook. 

• All the training related parameters are available for tuning in the notebook, including algorithm specifications, resource 

configuration, hyperparameters, and input data configuration. 

• The instance used for training must be GPU-based types; otherwise, the training will not start. 

 

Figure 20. A SageMaker training job list 
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We got another model using image classification, and the validation mean average precision (mAP) reached 72.45%. However, the 

model had a very poor performance of detecting defects on squash during a grading test, and it was unable to differentiate major 

callousing and minor callousing properly. 

4.3.5 Tuning 

After training, we needed to start the hyperparameter tuning jobs to attain better models. SageMaker's automatic model tuning 

function can help users find the best model version by running many training jobs on the dataset using the algorithm and ranges of 

hyperparameters that users specify. However, in this study, we performed tuning jobs manually to understand how it works. 

Table 9. Hyperparameter tuning jobs 

Training 

jobs 

validation 

mAP 

Training 

time 

(seconds) 

Input 

mode 

Instance 

type 

Hyperparameters 

early 

stopping 
epoch 

image 

shape 

label 

width 

learning 

rate 

learning rate 

scheduler 

step 

mini 

batch 

size 

optimizer 

Training01 13.13% 3905  -  ml.p3.8xlarge  -  60 600 700 0.0010 3 and 6 64 rmsprop 

Training02 2.25% 3757  -  ml.p3.8xlarge  -  60 600 700 0.0010 3 and 6 64 sgd 

Training03 5.29% 5573  -  ml.p3.8xlarge  -  100 512 300 0.0010 3 and 6 64 sgd 

Training04 2.32% 5634  -  ml.p3.8xlarge  -  100 512 800 0.0010 3 and 6 64 sgd 

Training05 9.22% 5904  -  ml.p3.8xlarge FALSE 100 512 800 0.0010 3 and 6 32 sgd 

Training06 28.81% 6188 Pipe ml.p3.8xlarge FALSE 100 512 800 0.0050  -  32 sgd 

Training07 29.00% 6993 Pipe ml.p3.8xlarge FALSE 100 512 800 0.0025  -  32 sgd 

Training08 28.53% 9533 Pipe ml.p2.8xlarge FALSE 100 512 800 0.0020  -  32 sgd 

Training09 28.04% 9588 Pipe ml.p2.8xlarge FALSE 100 512 800 0.0030  -  32 sgd 

Training10 27.84% 9609 Pipe ml.p2.8xlarge FALSE 100 512 800 0.0035  -  32 sgd 
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We used the validation mAP to determine models' performance and chose the highest mAP. The selection of hyperparameter followed 

an official example. During tuning, we did not change the value of some hyperparameters because they were constants, or we just 

followed the convention to choose the values. The values are shown below: 

• base network resnet: 50 

• num_training_samples: 3700 

• num_classes: 4 

• lr scheduler factor: 0.1 

• momentum: 0.9 

• nms threshold: 0.45 

• overlap threshold: 0.5 

• weight decay: 0.0005 

However, we changed the values of some other hyperparameters that we were interested in, shown in Table 9, such as input mode, 

early_stopping, epoch, learning_rate, and lr_scheduler_step. The lr_scheduler_step (3 and 6) means the learning rate is reduced after 

3rd epoch and again after 6th epoch. 

There was a significant increase in validation mAP from around 10% to nearly 30% between the first and last five tunings. The main 

differences between these two parts of jobs were input_mode and lr_scheduler_step. The former part did not choose the type of 

input_mode, while the latter did not input the values of lr_scheduler_step. 

Values of other parameters also changed during the tuning process, but they did not have a clear effect on the validation mAP. 
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4.3.6 Inference 

The purpose of performing inference is to test how well the model will perform on a holdout dataset and thus get the model's 

prediction accuracy. This step consists of creating endpoint configurations, creating endpoints, and performing inference, all of which 

can be continuously conducted in the same notebook after training. 

SageMaker uses endpoints to provision resources and deploys the model. After tuning, we used the best model to create an endpoint 

configuration and then create an endpoint based on the endpoint configuration. One of the testing results is shown in Figure 21 below. 

 

Figure 21. A testing result using the SageMaker built-in object detection algorithm 
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4.3.7 Deployment 

After we got the model and tested it, we tried to deploy it on suitable devices to set up the prototype for the production process. Our 

first option was to use jetsons because the project company planned to deploy this kind of IoT devices in its factory. 

Unfortunately, we could not make this plan work because we could not install MXNet on jetsons, which is the default deep learning 

framework of SageMaker. Installing MXNet on jetsons requires two dependencies, namely aarch64-gnu-linux-g++ and aarch64-gnu-

linux-g--, but Ubuntu 18.04 no longer supports them, which is the operating system of the jetsons. 

 

4.4 Analysis 

The main outcomes of the first iteration include three aspects: 

1. We built up a dataset with adequate images using data augmentation and got the manifest files of labelling jobs. 

2. We got the first model and used hyperparameter tuning to generate a better one based on the first one.  

3. The inference testing shows that the model can correctly identify squashes and the accuracy of detecting major callousing is 

higher than detecting other defects. 

However, the highest validation mAP is 30.29% which is lower than the results in the literature. Several factors could be the reason 

for the low mAP: 

1. The number of squashes was around 100; the insufficient samples could not represent all the characteristics of squashes. 

2. Two people conducted the labelling jobs, and neither of us was familiar with squash grading. Consequently, the differences 

between our judgement about defects could negatively affect the machine's decision. 
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3. There were only two methods we used for data augmentation. If we used more ways to increase the dataset, such as adding 

noise, cropping, scaling, and tuning brightness, we could get more diversity of data; therefore, we could produce higher mAP 

results. 

Furthermore, we found that the input_mode and lr_scheduler_step significantly influenced model training in SageMaker. 

 

4.5 Review 

The first iteration used SageMaker to help the project company build a fruit grading prototype using computer vision technologies. 

The implementation followed the original plan until the last step, where we could not run the model on jetsons, and we did not reach 

the step of using Greengrass on jetsons. Hence, we needed to find another way to perform inference, either using a different machine 

learning framework installed on jetsons or using other devices to run the model. 
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CHAPTER 5 

ITERATION 2 

In the previous chapter, Iteration 1 showed that it was workable to perform most steps of the proposed fruit grading system on 

SageMaker except the last one: Inference because jetsons were incapable of running the model. Hence, the main purpose of this 

iteration was to resolve the issue raised in Iteration 1, which was deploying the model on jetsons using an alternative framework. This 

section tried to use TensorFlow to make the prototype work. The process involved converting manifest files into TensorFlow pipeline 

files, training a TensorFlow model, testing the new model, and deploying the model on jetsons. We successfully got the new model, 

but a new issue arose. We always got “out of memory” errors due to the limited memory of jetsons. 

 

5.1 Planning 

As we mentioned before, TensorFlow is a free and open-source machine learning framework created and continually supported by 

Google. It is a community-driven project and provides powerful libraries. Moreover, TensorBoard provides an easy way to inspect and 

understand how a TensorFlow job works. Therefore, we decided to use TensorFlow as the alternative solution. 

Since we had already got the labelled images in the last iteration, we could continue to use them without labelling again.  

The output of a Ground Truth labelling job is a new manifest file. Each line in the output data file is identical to the original manifest 

file with an attribute and value for the label assigned to the input object. The attribute name for the value is defined in the console or 

the call to the CreateLabellingJob operation. This format is only compatible with training the native AWS object detection jobs. Thus, 

we had to convert the output manifest files into TensorFlow pipeline files to be of use. Once we get the new TensorFlow model, we 

can run it on jetsons. 
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5.2 Design 

The conversion of manifest files into TensorFlow pipeline files was the key to this iteration since the following steps would remain the 

same as Iteration 1, like training, tuning, and inference. 

We conducted the conversion process in SageMaker Notebook by creating a container and running the data handling within the 

container. It was an optimal way of processing this data as the TensorFlow file contains the image and labelling data, and all this data 

was already available in Amazon S3. Once we got the pipeline files, we could start training, tuning, making inference, and deploying 

one by one. The steps of Iteration 2 are shown in Table 10. 

Table 10. The procedure of Iteration 2 

  Prepare data Train models Tuning Inference Deployment 

Hardware  -  -  -  - Jetsons 

Software 
SageMaker 

Notebook 

SageMaker 

Notebook 

SageMaker 

Notebook 

SageMaker 

Notebook 
TenserFlow 

Data  

storage 
S3 S3 S3 S3 Hard Drive 

 

5.3 Implementation 

There is an official instruction for using SageMaker to build, train, and deploy a model using the TensorFlow Object Detection API on 

Github. The software consists of three steps: prepare data, train models, and predict. We followed this instruction to implement the 

following steps.  
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5.3.1 Prepare Data 

This step was to prepare data for training. As shown in Figure 22, the prepare_data notebook contains the code we required, and the 

data folder is where we placed all the images and the output manifest file that needed processing. 

The Docker folder has the code that would aid in creating the container we would use. The python code developed to create the 

TensorFlow files is in the file prepare_data.py. 

 

Figure 22. Files for preparing data 

All processing was done in the container created using the AWS ECR image system for cloud computing. The Dockerfile and 

build_and_push.sh files contain the detailed code for creating the container. Figure 23 shows all the necessary files. 
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Figure 23. Docker files 

5.3.2 Train Models 

Training TensorFlow models was conducted in SageMaker Console, as shown in Figure 24. We needed to provide our container and 

algorithm via an ECR job. 
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Figure 24. Training TensorFlow models in SageMaker Console 

We can train TensorFlow models via code in the Jupyter notebook. The official implementation software also includes code for training, 

as shown in Figure 25. 
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Figure 25. Train an object detection model using Tensorflow on SageMaker 

The training required a TensorFlow pipeline record file containing the images and bounding boxes and a place to store the TensorBoard 

evaluation data. The pipeline record was generated in the data preparation step. 

5.3.3 Tuning 

For a TensorFlow Object Detection training, the hyperparameters having the greatest effect are optimiser, training_length, batch_size 

and learning_rate. Carefully tuning these can result in a better model. These hyperparameters are defined in the "pipeline.config" file, 

as shown in Figure 26. 
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Figure 26. The file for hyperparameter tuning 

 

Table 11. The results of TensorFlow training jobs 

Training 

jobs 

 Average 

Precision  (AP) @  

[ IoU=0.50:0.95 ] 

Training 

time 

(seconds) 

Instance 

type 
num_train_steps 

AP @ 

area=small 

AP @ 

area=medium 

AP @ 

area=large 

Training01 21.30% 1882 ml.p3.2xlarge 1000 0.00% 0.00% 28.90% 

Training02 24.00% 1867 ml.p3.2xlarge 1000 0.00% 0.00% 32.60% 

Training03 21.10% 1899 ml.p3.2xlarge 1000 0.00% 0.00% 28.60% 

Training04 32.60% 50569 ml.p3.2xlarge 50000 1.20% 5.10% 37.10% 

Training05 31.40% 10816 ml.p3.2xlarge 10000 0.10% 11.00% 37.20% 

Note. Small means area < 322; large means area > 962; medium means between 322 and 962. 
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Due to the time restriction, we mainly changed the values of num_train_steps, and we found it had considerable influence on AP. 

When we increased the training step value from 1000 to 10000, the AP increased by almost 150%. However, after the value passed 

10000, an extra increase in training stops did not result in a marked rise in AP, as shown in Table 11. 

5.3.4 Inference 

Evaluation of the model in terms of mAP and learning rate can be assessed using TensorBoard with SageMaker Debugger. However, 

the most effective method is running the model inference against untested images. We then calculated the effectiveness of its ability 

to identify faults correctly. The process can be done on a local machine set up to run TensorFlow or on the cloud using SageMaker 

Notebook, as shown in Figure 27.  
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Figure 27. Object Detection from TF2 Saved Model 

The inference delivered two outcomes: arrays for classes and confidence (Figure 28) and a visual representation for the selected 

predictions (Figure 29). 
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Figure 28. Inference outcomes: Arrays for classes and confidence 

 

Figure 29. Inference outcomes: visual representation for the selected predictions 
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In addition, TensorBoard is another handy utility to visualise the outcomes, as shown in Figure 30.  

 

Figure 30. The interface of TensorBoard 

5.3.5 Deployment 

According to Nvidia (n.d.), the jetsons we were using had 2GB RAM, significantly lower than the recommended RAM size of 16GB for 

machine learning (Ben-Zvi, 2020; Petrov, 2018). Moreover, when we were trying to perform inference using jetsons, the TensorFlow 

framework and the new model, we repeatedly got errors or "not responding" issues. Therefore, we decided to use a high-performance 

desktop instead of jetsons. The new approach would be carried out in Iteration 3. 
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5.4 Analysis 

The main outcomes of this iteration include: 

1. Since SageMaker allows users to bring their algorithms, this prototype utilised TensorFlow Object Detection API in SageMaker 

and created a new TensorFlow model. The mAP of the new model was higher than the one we got in Iteration 1. 

2. Using the TensorFlow framework could give us much more choices in terms of libraries and training related tools, making the 

learning process more efficient. 

3. The tuning results showed that the model worked well on predicting large objects and almost failed on small and medium 

objects (Table 11). The reason was that most bounding boxes we drew were larger than 96 x 96, and thus the model could not 

learn how to detect small and medium objects from those bounding boxes. 

4. The number of training steps significantly affected the training result, but the influence would reduce after the step number 

reaches a certain degree. 

 

5.5 Review 

The purpose of Iteration 2 was to train a TensorFlow model and run it on jetsons. Unfortunately, the 2GB RAM jetsons could not meet 

the lowest requirement of running the TensorFlow framework. Hence, the only option was to run it on a high-performance desktop, 

which was carried out in the next iteration. 
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CHAPTER 6 

ITERATION 3 

In the last chapter, I explained the alternative approach to running the model on jetsons, which was using the TensorFlow framework. 

However, the jetsons with limited memory capacity could not serve the purpose. This chapter will present Iteration 3, which aimed to 

find a solution to perform inference using the TensorFlow model on other equipment instead of jetsons. The most feasible way is to 

use a high-performance desktop to do this job, which is also a traditional way to conduct machine learning research. We set up the 

fruit grading prototype in a packhouse. The prototype consisted of a desktop for performing inference, an image-taking system, and 

a conveyor belt for moving squashes on it. Finally, the prototype correctly identified if a squash was good or bad and presented the 

result on a monitor using a tick or a cross accordingly. 

 

6.1 Design 

To physically set up a fruit grading prototype, we need to consider the on-field environment, including mimicking the production 

process, capturing images and sending them to the desktop, and controlling the illumination. 
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Figure 31. Proposed squash fruit grading system 

Figure 31 shows that the prototype incorporates the fruit handling system and the image processing module. The former conveys 

squashes and takes images; the latter analyzes the images using computer vision and makes decisions based on the results. 
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6.2 Implementation 

6.2.1 Fruit Handling System 

The fruit handling system follows this workflow: a squash moving on the conveyor belt; when the squash is passing the laser sensor, 

the sensor will trigger two cameras controlled by jetsons to take images from different angles; the jetsons transmit the images to the 

desktop via intranet; after receiving the grading result from the image processing module, the handling system will accept the squash 

or discard the squash accordingly. The system is shown below, Figure 32. 

 

Figure 32. The fruit handling system 

The components of the system include: 

• Two jetsons with a single camera take images and upload them to the desktop. 

• The Arduino laser sensor is set to catch the movement of squashes and send out the signal. 

• One Arduino Uno microcontroller is used to pass the sensor signal to jetsons for image taking. 



 81 

• Two lamps for enhancing illumination 

• A conveyor belt. 

6.2.2 Image processing module 

 

Figure 33. The desktop for image processing 

Figure 33 shows that the image processing module was running on a high-end desktop consisting of an i7 CPU, 32GB memory, and 

Nvidia GTX 1080Ti GPU. Thus, the module can perform inference in milliseconds and handle the grading system.  

 

6.3 Review 

First, the last functionality of the prototype, performing inference locally, has been achieved. The conveyor belt can work at the speed 

of transporting six squashes per second, ideal for production. However, due to the limitation of the writing speed of SD cards used by 
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jetsons, we reduced the rate to one squash per second. Then, the prototype could identify good squash and bad squash properly using 

the object detection model. It met the need of the project company using computer vision to grade fruits with SageMaker integrated. 

Second, this iteration mainly focused on functionality improvement and used the same model as the previous iterations. Hence, the 

accuracy, such as validation mAP, stayed the same as the earlier iterations. 

Third, the confidence level of certain classes, like "Shapely squash" and "Minor callousing", reached 98.85% and 75.95% during 

inference, respectively, while the class "Mould" only got less than 20%. The results showed that classes with adequate data had better 

performance than others. "Shapely squash" and "Minor callousing" had the largest number of images in our dataset. 
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CHAPTER 7 

DISCUSSION 

The previous three chapters showed the three iterations to set up the proposed fruit grading system. Based on the literature review 

and the practical approach, I will interpret the findings discovered in previous research to answer the three proposed research 

questions: 

1. How can New Zealand’s agriculture industry use computer vision technologies to improve the accuracy of their fruit grading 

system? 

2. What are the similarities and differences in object detection and image classification effectiveness in grading fruits? 

3. What factors influence agricultural companies’ decision on embracing computer vision for fruit grading in New Zealand? 

 

7.1 The Findings to RQ1 

As mentioned before, the agriculture industry has a significant presence in New Zealand. Many of them consider using computer vision 

to replace the labour force to achieve better performance of their fruit grading system. According to the literature review and this 

research, they can reach their goals in two production stages: during harvest and post-harvest. 

During harvest, the companies can use computer vision for disease identification (Arsenovic et al., 2019; Bari et al., 2021; Jiang et al., 

2019; J. Liu & Wang, 2020; Oppenheim et al., 2019; Tian et al., 2019; Too et al., 2019; Wang et al., 2019), maturity detection 

(Mohammadi et al., 2015; Y. Yu et al., 2019), and fruit detection (Ganesh et al., 2019). For disease identification, the testing accuracy 

score can reach 99.75% (Too et al., 2019); for maturity detection, the accuracy rate gets 90.24% (Mohammadi et al., 2015); for fruit 
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detection, the score is close to 88.67% (Ganesh et al., 2019). By using computer vision to monitor the growth of fruits 7x24, farming 

companies can easily understand how their plants are growing and introduce necessary interventions if needed. 

Post-harvest, computer vision can help the companies sort fruits based on colour, size, bruise, disease, mould, and many other detailed 

categories. The mAP of defect detection on apples can get 68.24% using the YOLOv3 algorithm (Valdez, 2020) and the mAP of defect 

detection on tomatoes comes to 100% (Arakeri & Lakshmana, 2016). According to the project company, the average precision of 

human grading is around 60%, which is lower than the results in the literature. Besides, in this study, the prototype also showed the 

capability to grade fruit in the field efficiently. Hence, computer vision for post-harvest fruit grading will improve the industry and 

reduce the labour force. 

 

7.2 The Findings to RQ2 

Image classification and object detection are widely used in computer vision applications. Researchers use both to detect disease, 

maturity, and defects of fruits in the literature. However, image classification tells us what is contained in an image, while object 

detection can show the location of multiple objects in the picture (P. Sharma, 2019). During Iteration 1, we got a model using image 

classification, but the grading test showed that the model could not differentiate defects properly.  

Hence, image classification can be the first choice if we need to grade fruits by size, colour, or variety due to the easier labelling process. 

Object detection is more helpful when investigating details on objects, such as damage, bruises, spots, and rot. However, the labelling 

jobs of object detection can be much more arduous if plenty of labels are involved in the task. We spent one-third of the time labelling 

images during this study. However, the labelled dataset we got was still not ideal because accurately identifying defects on fruits 

requires the participation of skilled workers, which was absent from this project. Future studies should involve fruit grading experts 

to help enhance dataset accuracy. Moreover, labelling can be a constant task for most computer vision projects. It is critical to choose 

the right approach before starting a new project. 
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7.3 The Findings to RQ3 

Many factors may affect a New Zealand company's decision to choose a computer vision-enabled fruit grading system, including the 

cost of the implementation and application, the grading accuracy, human resources, and the disposal of existing equipment. 

The expense of such a fruit grading system varies based on how many fruits need processing each day, how many defects or labels 

need handling, and the choice of running the system in the cloud or on-premises. The high daily handling capacity of the system 

requires the support of high-end hardware. Models with more classes for detecting defects demands more computation resources. 

Cloud-based machine learning platforms, such as AWS, provide one-stop services, but they will cause new overheads in the financial 

statements. While running the system locally, the company needs to invest in hardware, network, security, and human resources. For 

example, the image process module of the prototype includes a high-performance desktop and peripherals, and the one-time expense 

is about NZ$5,000. However, there must be more than one computer on-site in the real production stage, and these computers need 

upgrading periodically.  

The fruit grading accuracy is another concern to farming companies. Although the mAP can reach 90% or even higher in the literature 

(Arsenovic et al., 2019; Bari et al., 2021; J. Liu & Wang, 2020; Tian et al., 2019; Y. Yu et al., 2019), business owners still want to see the 

results with their own eyes. This research is also a feasibility study for the project company about adopting computer vision to grade 

squashes. 

Furthermore, existing fruit grading equipment usually cost farming companies much money. How to deal with the existing system is a 

big issue for them. The project company invested millions of dollars on the old grading system, which is still working functionally. 

Hence, the old one becomes a burden to the transition. 
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CHAPTER 8 

CONCLUSION 

This study proposed a fruit grading system using computer vision technologies and designed a prototype based on the system for 

grading squashes in the project company. 

There are several possible improvements for further iteration, leading to better outcomes. First, building a dataset during harvest time 

is important because more fruits with different characteristics will be available. Thus, the model can learn more fruits from the dataset 

and perform better inference. Second, if TensorFlow is still the main framework, we should generate the pipeline files from scratch, 

namely labelling jobs. This way, we do not need to convert SageMaker manifest files into pipeline files, resulting in issues. Third, more 

cameras should be used to take images for inference, which will bring more comprehensive perspectives to the machine and result in 

more accurate predictions. While, in this research, only two cameras were utilised. Fourth, it is better to conduct inference directly on 

jetsons than on other computers. Therefore, we need different models of Nvidia Jetson with higher performance, such as Jetson AGX 

Orin, which has 32GB memory and a 12-core CPU, allowing us to do more compute-intensive jobs on it. 

A thorough literature review about computer vision was conducted during this research, which helped us determine to use object 

detection as the main method for the grading process. After three iterations, the workflow of the prototype was settled: using 

SageMaker for labelling, training, and tuning; then using local computers with the TensorFlow framework to perform inference, along 

with jetsons taking images. The prototype can correctly identify good squashes and bad squashes moving on a conveyor belt quickly, 

which fulfils the requirements of the project company. 

The fruit grading system is useful for the project company and other farming companies in New Zealand. The system can identify 

disease, maturity, and types of fruits and different defects on fruits, which helps enhance quality control of these companies and avoid 

reliance on the labour force.  
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The limitations of this study include three aspects. First, the project company's specific requirements limited the options of choosing 

potentially better approaches, for example, using YOLOv3 as the main object detection algorithm. However, many companies already 

use AWS and SageMaker is provided as a part of AWS. Therefore, it is a convenient choice. Second, because of time constraints, we 

did not conduct further prototype analysis. In the long term, the prototype can be improved even further. Third, technical issues for 

taking images. We had limited knowledge of electronics; this can be handled in the long run with a new team member. 

Future work can focus on the improvement of the model's accuracy. The potential ways could be expanding the dataset size, enhancing 

the accuracy of labelling jobs, and choosing other object detection algorithms. Another future research is to improve the image taking 

process and get more photos of each fruit, leading to better predictions. 
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