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THESIS ABSTRACT

Canola is an essential Canadian crop that generated a revenue of $14.4 B from its export in the
2022 fiscal year. To consistently export the best quality canola and set the correct pricing that truly
reflects the grade, it is crucial to invest in reliable, high speed, and accurate grading technologies.
Leveraging the current progress in Artificial Intelligence algorithms, this research proposes a
comprehensive end-to-end system to detect damage to canola kernels and grade them. The
proposed system comprises an accelerated sample preparation setup, custom-built specialized Al
models, and an edge-Al microprocessor for in-field use. This thesis mainly focuses on the
development of specialized neural networks to accurately detect damaged canola seeds as it is the
most complex part of the system. Two foundational object detection networks, You Only Look
Once (YOLO) version 5 and version 7 were optimized to be compatible with resource-constrained
hardware environments. The aim of developing the two optimal networks was to mitigate trade-
offs among speed, accuracy, cost, and model size, thereby creating a more balanced and optimized
network. Several architectural design options were explored to compress the network structure of
the two models in terms of size and cost yet retain or improve the metrics of accuracy and inference
speed. The results from the design choices indicate that reconstructing YOLOvV5 with ShuffleNet
as the backbone reduces its size and cost and increases the inference speed but negatively affects
the detection accuracy. Replacing the Convolutional Blocks present in the Spatial Pyramid Pooling
Cross Stage Partial and all the Efficient Layer Aggregation Network modules of YOLOvV7 with
the Ghost Convolutional Network and adding two Convolutional Block Attention Modules
improves both mean average precision metric compared to the parent model and reduces the size
and cost. To prepare the samples faster, a semi-automatic option was adopted and its effect on
dataset quality and the overall time required was also studied. This study is a first step toward

developing a commercially viable canola grading system.
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CHAPTER 1. Overview of the thesis

1.1. Background

A single canola kernel can be classified as either heated, immature, or sound. The current grading
technique is a manual one, where the grader crushes all the seeds to visually examine the color of
the cotyledon. This technique is both time-consuming and laborious. Based on the color of the
cotyledon, the seed condition is identified. There are two types of damaged seed conditions which
affect the grade of the canola, viz., heated, and immature. A perfectly healthy canola kernel has a
dark yellow colored cotyledon, while for heat damaged, it is brown, and for immature seeds, the
cotyledon is green in color. As the cotyledon is covered with a thick black seed coat, it is necessary
to crush them before identifying the damage. The Canadian Grain Commission has set three grades
for Canola: No. 1 Canada, No. 2 Canada, and No. 3 Canada. To be classified as Grade 1, the total
damage should be less than 5%. The total damage tolerated for the subsequent grades is 12% and
25%, respectively. Apart from the need to set the correct price, it is crucial to correctly set the
grade of Canola as a lower grade of canola with a higher damaged seed percentage affects the oil
extraction process and increases the cost and the overall energy required for processing.

Thus, grading is a critical first step in the entire canola supply chain. However, this step is
often overlooked and therefore there is no major innovation in this field. This step can however be
automated by adopting computer vision techniques to specifically identify damaged canola
kernels. The utilization of computer vision models will allow the automatic identification of the
three classes of seed conditions. Moreover, the adoption of a mechanical canola crusher will reduce
the time required to prepare the samples, and the combined system will reduce the problems of
mis-grading, labour-intensive operation, and operator fatigue.

In recent years, much of the development in computer vision algorithms is centred toward
autonomous driving, surveillance, remote sensing, or healthcare, where companies like Tesla,
OpenAl, Microsoft, Meta, and Alphabet are the key innovators. The models that are developed are
seldom trained using agricultural datasets. Popular open-source datasets such as ImageNet, which
is used to train and benchmark classification models, or the Microsoft COCO, which is used to
train and benchmark object detection models have thousands of classes ranging from people to

vehicles, hence they are popular for the above-mentioned traditional tasks. However, despite
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having thousands of classes, none of them contain any specialized agricultural classes. Hence,
most of the studies in agriculture utilize off-the-shelf models developed for other use cases and
fine-tuning on a small dataset with outdated or unoptimized models, which hampers the growth
and development of production-ready Al systems catering to the agricultural sector.

1.2. Objectives

Thus, the key objective of this research is to develop specialized Al systems using two approaches,
Model-centric and Data-centric. The process of detecting damages to canola and grading them is
used as a case study. This study is a first step towards building the groundwork for developing an
end-to-end canola grading system using advanced computer vision algorithms. This thesis reports
the attainment of the following milestones:
1. Automating the process of damaged canola seed identification and grading using various
computer vision algorithms.
2. Developing an object detection network based on a combined channel and spatial attention
mechanism.
3. Exploring several network compaction strategies to create models with drastically reduced
model size, model parameters and computational cost.
4. Evaluating the performance of a semi-automatic machine to prepare the samples in terms
of time and resulting dataset quality.
5. Evaluating the performance of two classes of hardware platforms in terms of inferencing at

the edge.

1.3. Structure of the thesis

This thesis is a grouped manuscript thesis (sandwich thesis). It comprises of four Chapters, Chapter
1 and Chapter 4 are the introductory and concluding chapters, respectively. Chapter 2 and Chapter
3 are based on two published manuscripts. The contents of each chapter are summarized as follows:
Chapter 1 gives a general introduction to damages present in canola and how they are
graded. This chapter lists the objectives of the research and provides the structure of the thesis.
Chapter 2 is based on the manuscript titled “Improving the network architecture of YOLOV7 to

achieve real-time grading of canola based on kernel health”, which is published in the journal,
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Smart Agricultural Technology. It reports the development of an object detection network
(YOLOv7_Ours) designed for the task of grading canola kernels. In this paper, more stress is given
to the algorithmic aspect of network development and the mathematics behind the neural networks
and the computer vision algorithms. This approach of developing Al systems where more focus is
given to the development of a model is called Model-centric Al. The YOLOv7_Ours model
comprises four different neural networks and computer vision algorithms, (i) an attention
mechanism (Convolutional Block Attention Mechanism), which helps the model to focus only on
the relevant features, i.e., the color of the cotyledon, the (ii) substitution of standard convolutional
layers with more efficient and less computationally expensive Ghost convolution operations in key
modules of the YOLOv7 model, (iii) a multi-object tracking algorithm (ByteTrack) to assign a
unique identity number to all the detections, and (iv) a line-cross counting algorithm that counts
all the unique detections, once it crosses a predetermined line. The network reported in this chapter
focuses more on improving the mean average precision metric and the other metrics take a
backstage. The optimal architecture is finalized based on an ablation experiment. Objectives 1, 2,
and 3 were achieved in this paper.

Chapter 3 is based on the manuscript titled, “Real-Time Canola Damage Detection: An
End-to-End Framework with Semi-Automatic Crusher and Lightweight
ShuffleNetV2 YOLOvS5s”, which is published in the journal, Smart Agricultural Technology. It
reports a completely different approach to designing Al systems. Here more focus is given on the
dataset used and the effect of different dataset quality and data annotation on model performance.
This approach to creating Al systems is called Data-centric Al, which is a rapidly growing route
for developing cost-effective Al systems. In this chapter, two methods of dataset creation, created
using the traditional approach and semi-automatic machine, were compared in terms of (i) the time
required, and (ii) the quality of the dataset quantified by the performance of an object detection
network with the same hyperparameters and training conditions. This chapter also describes the
reason behind canola damage and why this is a critical issue. Furthermore, this chapter also
compares the third component of the automated grading system, i.e., the microprocessor. Two
classes of platforms, CPU-based, and GPU-based hardware were evaluated based on their
outputted inference speed. The design philosophy that influenced the ShuffleNetV2_YOLOv5s
model was to optimize inference speed, model size and computational cost. In terms of network

compaction, the ShuffleNetV2_YOLOv5s model has a completely restructured backbone, where

14



the standard CSPDarkNet53 backbone was replaced with the ShuffleNet\V2 convolutional neural
network, as the primary feature extractor. This reconstruction allowed the
ShuffeNetVV2_YOLOvV5s model to have a lower model size, lower model parameters, and a lower
Floating-Point Operations per Second value. Objectives 1, 3, 4 and 5 were achieved in this paper.

Chapter 4 concludes the thesis by highlighting the major contributions of this research. It
also describes the shortcomings and suggests follow-up studies to negate the limitations. The goal
of this thesis is to propagate the development of an industrial-grade version of the grading unit
with the prospects for replacing the current system as well as to build a unified grading system for
different types of seeds. The Python codes used to create the two networks are shared in the
appendix section for the follow-up studies. For reproducibility purposes, it is important to mention
that all the models were built using the PyTorch framework, and trained on three classes of GPUs,
Tesla T4, Tesla V100, and Tesla A100, accessed via Google Colab Pro +.
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CHAPTER 2. Improving the network architecture of YOLOV7 to achieve

real-time grading of canola based on kernel health

This chapter is based on the manuscript published in the journal “Smart Agricultural Technology”
entitled ‘Improving the network architecture of YOLOV7 to achieve real-time grading of canola

based on kernel health’ and is reprinted with permission.

2.1 Abstract

The occurrence of heated and immature canola kernels caused by excessive drying and frost
damage is undesired by grain buyers due to low oil yield and diminished market value. The current
grading process is visually examining each kernel's endosperm colour and counting the damaged
seeds. As this process is time-consuming, the current study proposes an automated grading
technique based on multi-object detection, tracking, and counting. The detection task was achieved
via an improved YOLOvV7 network (YOLOvV7_ours) to increase its performance in accurately
identifying small objects and decrease its computational cost and size; by adding two convolutional
block attention modules and substituting convolutional layers with ghost layers in all the Efficient
Layer Aggregation Networks modules, and in the Spatial Pyramid Pooling Cross Stage Partial
module present in YOLOv7. The detection weights were fed to the ByteTrack multiple object
tracker to track the detections frame by frame in a video feed. The unique identities generated by
the tracker for each detected object of interest were then used to count the number of defects using
a line cross algorithm. The mean average precision (MAP@0.5) obtained after training the
YOLOv7_ours model was 1.02% better, and its cost and size were 32.1% and 37.1% lower than
the baseline YOLOV7 model. In a test video, the tracking model achieved a multi-object tracking
accuracy of 84.8% and the counting accuracy was determined to be 93.9%. This three-stage model
can be readily deployed in an edge device for accurate and real-time grading of canola kernels by
grain buyers.

Keywords: YOLOv7; Convolutional Block Attention Mechanism; Multi-Object Tracking;
Canola; Quality Control; Automated Grading
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2.2. Introduction

Canada’s canola industry has experienced impressive growth, culminating in a production
of 18.2 million metric tonnes in 2022, which in turn generated a substantial export revenue of 14.4
billion dollars [1]. To effectively support this ongoing expansion and preserve Canada’s reputation
for producing superior-quality canola, it is crucial that no compromises are made when it comes
to the quality of exported seeds. To ensure this, continuous enhancements and modernization of
quality control processes are essential. However, the existing technique employed for quality
control relies predominantly on manual processes, which poses several challenges. The rapid
growth in throughput has amplified the time-consuming nature of these procedures, making them
increasingly inefficient and prone to sampling errors. As aresult, there is a pressing need to explore
and implement more efficient and reliable automated methods for quality control in the canola
industry.

Automated quality control based on computer vision technology has gained more
acceptance in agricultural and allied fields due to the rapid advancements in vision algorithms that
are more accurate and faster than expert human inspectors or graders. Especially, in the recent
years, the use of object detection models such as the You Only Look Once (YOLO) series of one-
stage detectors [2] are thoroughly explored to replace expert humans in tasks involving
simultaneous classification and localization such as detecting broken corn kernels using the
YOLOv4-tiny model [3], grading sugar beet vegetables based on the mechanical damages present
on them [4], detecting and estimating the load of orange fruits in the orchard under varying light
conditions using the YOLOv4 model [5], detecting mold on food using the YOLOvV5 model [6],
and detecting crop weeds using the YOLOv7 model [7].

However, these studies utilized the models as is, which were not originally developed for
agricultural applications. Due to the inherent complexities such as variability, scale, data diversity,
and dynamic conditions present in agri-food systems, employing these models without any
improvements often poses challenges in performing the tasks at hand with higher accuracy and
speed. Therefore, in recent years, several studies have been conducted to improve these models
based on the versatile use cases considering all scenarios prevalent in farms and grading floors
such as occlusion conditions, small objects, varying lighting conditions, and hardware limitations
by adding improvements such as integration of attention mechanisms, the inclusion of additional

modules and layers, or modifying the loss function to improve the accuracy, and pruning the
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redundant channels and layers of the original network, or replacing certain modules or parts of the
network with more efficient models to decrease the size and the computational complexity (cost)
of the developed models.

Of all the methods available to improve the accuracy, the addition of attention mechanisms
[8] is gaining interest because of the ease of integration in the network architecture of the YOLO
model. For instance, to improve the detection accuracy while detecting small targets such as weed
plants, Wang et al. (2022) developed the YOLO-CBAM model, a YOLOvV5 model integrated with
a Convolutional Block Attention Mechanism (CBAM) to detect the invasive weed Solanum
rostratum Dunal. Similarly, Chu et al. (2023) added the Efficient Channel Attention mechanism
to improve the YOLOvV5 models’ performance in detecting granary pests. Ma et al. (2023)
introduced the YOLOV5-lotus model which attained a 0.7% higher mean Average Precision (mAP)
than the base YOLOV5 model due to the inclusion of a coordinate attention mechanism. These
studies validate that the integration of attention mechanism modules in the network architecture
improves the detection results of the base YOLO models. The final goal of developing these
models is to deploy them to field applications. But unlike the domains of autonomous driving and
robotics, where the advancement in hardware is at par with the advancements in software, the agri-
food industry still relies on deploying the models on edge-computing devices such as the NVIDIA
Jetson Nano [12]. As a result, there is a constraint on how big and complex these models can be.
Several studies have been conducted to counter this issue where bigger models are compacted to
fit in these low-powered devices. For instance, Shang et al. (2023) replaced the convolutional
layers in the neck region of the YOLOv5s model with the Ghost module and the backbone with
ShuffleNetv2. As a result, the size of the original YOLOv5s model was reduced from 13.70 Mb to
0.61 Mb and the inference speed increased from 31.55 frames per second (FPS) to 86.31 FPS.
Similarly, Chen et al. (2022) replaced all the Convolutional + Batch Normalization + SiLU (CBS)
modules present in the YOLOV7 network with ghost modules to reduce the cost of the network
from 105.1 Giga-Floating Point Operations per Second (GFLOPs) to 76.40 GFLOPs.

However, the scope of all these studies was limited to only the detection of the target
objects using the improved models, but to be useful for real-world applications, the developed
models must also have functionalities such as counting and tracking. Therefore, apart from just
detecting the objects of interest, it is also important to find insights from them. Recently, several

studies have focussed on gathering insights on agri-food systems by tracking the detections and
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counting them. For instance, Shen et al. (2023) detected clusters of grapes using an improved
YOLOv5s model, and then tracked the detections using the SORT algorithm and counted the
unique targets using a line-cross algorithm. Similarly, Yang et al. (2022) tracked cotton seedlings
using the DeepSORT algorithm and counted them with an R? of 0.96. To detect and track dairy
cows to locate their real-time position, Zheng et al. (2023) developed the YOLO-BYTE model
which improved the YOLOv7 model for the detection task and the ByteTrack tracker for the
tracking part. Likewise, Zhang et al. (2023) detected fry’s using YOLOv5n and improved the
SORT algorithm to track and count them dynamically.

The approach of grading canola using computer vision technology introduced in this paper
combines all three tasks of detection, tracking, and counting. To the best of our knowledge, no
previous studies have been conducted to grade canola utilizing deep learning and computer vision.
Therefore, the objective of this study is to grade canola kernels based on the total number of
damaged seeds (heated and immature seeds) present in a batch of 500 kernels detected using an
improved YOLOV7 network, tracking the detections on a video feed using the ByteTrack multi-
object tracker, and counting them together using a region-of-interest line-cross algorithm. Based
on the total counts (heated + immature), the grade of canola will be assigned the grade of either
No. 1 Canada, No. 2 Canada, or No. 3 Canada, if it contains 5%, 12%, or 25% total damages to
them, respectively [19]. This study lays the groundwork for developing a comprehensive end-to-

end computer vision system that holds the potential to replace the current standard approach.

2.3. Materials and Methods

2.3.1 Dataset Production and Data Pre-Processing

To prepare the dataset, 50 g of pre-cleaned canola seeds sampled from a larger bulk was
crushed using a semi-automatic canola crusher machine. The completion of this process yielded
50 paper strips (dimensions 38.5 (I) x 4.8 (b) cm) each containing 500 crushed canola seeds. A
total of 1622 green seeds (6.49% of 25,000) and 485 heated seeds (1.94% of 25,000) were
identified in the strips that were spread non-uniformly across the strips. Out of the 50 strips, 6
strips had no damaged seeds and hence strips containing a higher percentage of damaged seeds
were transplanted into those to make the distribution even and retain the size of the training

examples. A camera (12 MP, F1.6 lens, with OIS) was used to capture the image of the strips under
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controlled indoor lighting (that mimicked an industrial grading floor) and constant camera
conditions from a height of 30 cm. The fetched RGB images (1024 x 1024 pixels) were then
divided into training (80%) and validation sets (20%). The same camera configurations were used
to shoot a 16-second-long video (30 FPS, 1080 x 1920) using a completely different strip, which
was used to test the counting performance of the model. Fig. 2.1 shows a typical sample of crushed
canola images acquired for the study. Fig. 2.2 shows the difference between immature, heated, and
sound canola seeds. As the detection task is set as a supervised machine learning problem, the
ground truth labels are required to be fed to the model for training, hence Labellmg an open-source
image annotation tool was used to manually draw tight rectangular bounding boxes over all the
objects of interest falling into the two classes, immature and heated (Fig. 2.3). The annotated image
files which contained 50 images of strips with 2107 annotated objects were saved in YOLO format,
which included the class and the four coordinates (X, y, w, h) (where, X,y are the coordinates of
the top-left point of the bounding box, w,h are the width and height of the bounding box), for
further analysis. To increase the robustness of the model when deployed to function in real-world
cases, the variation of images used in the training dataset was increased by the image augmentation
method, scaling by +20%, translating by +20%, flipping with a probability of 0.5, and mosaicking.
These augmentations increased the number of training examples by 35% using image processing
operations and further improved the model’s generalization ability and prevented possible bias
present in the dataset which might not be obvious to humans who created the dataset. These
augmentation techniques are present by default in the YOLOvV7 pipeline, and the values were

determined from previous experience.

20



385 mm

1
|

<

|
-]

FRUGLESLLLUTCFL VN ENOPWLDE VOB T ACDIOE @ ¥6 @ PDGSES soe DSBS GRG0 -
VR IBOGNE ORIV PUREIB DO LS & P PTECQORERO% G PROLE
c S0 O b BRG MANLIR B tn b tedd P OsREVEREO P s os R CaBsond @O
£ DO SHOGR 06 EBIT ROOR VIBD B OG L aB B GE BT S 2 PRbses|(recssoemae poO e TSR,
PUOVCoBE B PBRP VGO CODI D0 & sha » & GG HBE QB LTS CeBsernepeonbe WO 5
g BEVRTG PP AB VIV ENOANC IV RCROPBELIVEIBDELRCO P RB|9S S oe v sg @S EOE R L L
e E S Ll I T Y S ceoBr @ w»one @@
TPecRoB caeNee WPt DT co0 CEH e CRDE NS KLEED 25 o Qo9 >3 ®mece " T 3

P CITD PV P9I GO DALV HECWS D
AURAAI 2@ P S0 3 TEPNE w2
HeLee Cos 30 VRV eIPuee
e BB DO @ oo s oo @sd RcIsId
PO RPVe29 & AdY I VR B2 O 8Y €
LLHIOACH DYRD .O@‘Q@.OOQ.
NP IOODS GPR DB Fscan Bad
1 2AY 22 VO EIPND § PIBED I

Fig. 2. 1. An example of an image present in the dataset used for training. The enlarged image

below shows the presence of immature and heated seeds encircled in red.

Fig. 2. 2. The color of the cotyledon of immature, heated and sound canola kernels are green,

dark brown, and light brown, respectively. Seeds with green and dark brown cotyledon are
categorized as damaged seeds.
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Fig. 2. 3. Data labeling using Labellmg graphical user interface. Tight bounding boxes for the

two classes were drawn over the damages present to set the ground truth.

2.3.2. YOLOv7

The YOLOV7 network architecture (Fig. 2.4) features an improved architecture, modules
and optimization methods introduced to improve accuracy without increasing the inference cost
[20]. In terms of architecture change, the major changes are: (1) Extended efficient layer
aggregation networks (E-ELAN) based on the efficient layer aggregation network (ELAN)
architecture and (2) Model scaling. The addition of E-ELAN improved the ability of the model to
learn more diverse features, improved the use of parameters and calculations, and improved the
learning ability of the network without damaging the original gradient path of the ELAN
architecture by using expand, shuffle, and merge cardinality [20]. With regards to model scaling,
the compound scaling method introduced with YOLOV7 is used to develop larger models by
maintaining the properties of the basic model on which the scaled model is based such as the
original design and structure. Like the previous YOLO models, there are four parts to the YOLOv7
model - input, backbone, neck, and head, where each part in the YOLOV7 network has different
functions (Fig. 2.4).
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Images at the fixed resolution of 640 x 640 pixels were inputted in batches of 8 into the
backbone of the YOLOV7 network as the YOLOv7 model performs better at this input resolution
compared to 320 x 320 pixels and 512 x 512 pixels (Table 2.2). The backbone region of the
model is responsible for extracting features and creating a feature map and is made up of four
Convolutional + Batch Normalization + Sigmoid Linear Activation function (CBS) modules
(CBSa1.4), four ELAN modules (ELANz1-4), and three Maxpooling (MP1) modules (MP11-3). The
CBS modules (Fig. 2.4a) which are the building blocks of ELAN, ELAN_W, MP, and SPPCSPC
modules present in the network architecture are built using a standard convolution layer with one
kernel, “same” padding, and a stride of 1, along with 2D batch normalization and SiL.U activation
function. The first four CBS modules in the backbone are connected in series and the output tensor
from the fourth and final CBS module (CBSa) is then fed to the first of the four ELAN (ELAN21)
modules present in the backbone. The ELAN module (Fig. 2.4b), the primary feature extractor
used in YOLOv7, comprises seven CBS modules and an output concatenation unit. In the ELAN
module, the first two CBS module, CBS_1eLan and CBS_2eLan gets their input tensor from the
previous layer. The output tensor from the CBS_1e.an module is then fed to four successive CBS
modules (CBS_3to6eLan) connected in series, and the output from CBS_6eLan along with the
output of CBS_1eian, CBS_2eLan, CBS_4eLan is then concatenated and fed to CBS_7eLan. The
MP1 (Fig. 2.4d) module is made up of three CBS modules and a Max Pooling unit. Both the max
pooling unit and the first CBS module (CBS_1wmr1) receive input from CBS_7eLan. The output of
the max-pooling unit is fed to CBS_2wmp1, the output of CBS_1wmp: is fed to CBS_3wmp1 and the
output from CBS_1,3wmp1 is concatenated. In the backbone, MP11, MP12 and MP13 are connected
after ELAN1, ELAN2 and ELANS, respectively. The neck connects the backbone with the head,
where it concatenates the feature maps extracted by the backbone to input it into the head. The
function of the head is to output the final detections along with the bounding boxes. In YOLOv7,
the head consists of one Spatial Pyramid Pooling Cross Stage Partial (SPPCSPC) module, four
ELAN_W modules (ELAN_W.1.), four concatenation units, four standalone CBS (CBSi-4)
modules, two MP2 modules (MP21-2) and three Represented Convolution (RepConv) modules
(RepConvi-3). The SPPCSPC module (Fig. 2.4e) is the first module in the head region, and it
receives the input tensor from ELAN4 present in the backbone. The SPPCSPC module is a Cross
Stage Partial Network with a Spatial Pyramid Pooling (SPP) block instead of a Dense block as in
YOLOV5, whose function is to obtain multiscale region features using the max pool and
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concatenation operations and is present in the head to solve the issue of duplicate gradient
information, thereby decreasing the computation cost of the YOLOv7 network, along with
improving the detection speed and accuracy. The ELAN_W (Fig. 2.4¢c) module present in the head
differs from the ELAN module present in the backbone as the output from all the six CBS modules
is concatenated compared to only four in ELAN. Two out of the four standalone CBS modules
have shortcut connections from ELAN2 and ELANs. These shortcut connections enable the
network to reuse the features from the shallower regions of the network to the deeper parts of the
network. The architecture of the two MP2 modules present are the same as the MP1 modules,
except the concatenation block in MP2: gets an additional input from ELAN_Wi and the
concatenation block in MP22 gets an additional input from the SPPCSPC module. The output
tensors of ELAN_W2, ELAN_W3, and ELAN_W: are fed to RepConvi, RepConvz, and RepConvs,
respectively, for final detections. The final detection tensor includes the predicted class probability,

the objectness score, and the bounding boxes for all the target objects in the input image [20].

24



1
H )
' UL LR L LEPPET RIUGS S XV CITE AL 2OT SR HAD utt.ooooﬁoﬂ..t.t..-. i
' PEPDE VD AP e WHILE HFEEOPRICCOC LN IN P I CARERPR B IACD S GO RS BLENF W H
: BEP SCPSC P SRIVHL IACE TUAG HOVB LB AT B S PROEC enwap sHasePrT Pe @ ap :
H SCSPMT SRS CEPR G IR P SPD P LR PP ISV RI R PAPI RPN He SEABEP - EL Y 1% '
' oee ..o'.....-..‘.o-.n-o. A AL Rl R L LI E R L L Ny o T YT T T H
: CHICEEN 2wl IBTHI AP RE 2R e RPD GeBUR ST VR ORATPLE TASBORIBIsBd e Dd ah '
H ,.....- *8ta% S2uf il omavkess meseian o..-‘th LA AL B AS A LEEL L LT e H
' ese o..ou.ocOOIOl-q--uuco-q-100¢-0a0-.o LR ER R R LE L LIE L L \

1

Backbone

CBS rcas rcss rcas (ELAN — MP-1 {ELAN — MP-1 rELAN p— MP-1rE|-AN

i Neck
: CBS ’ CBS ’—
i L-.. CBS rUpsampIe —-@—»ELAN W CBS ﬂpsample‘@»ELAN w

* I My

TS
Output 3

Module Definitions

CBS ’= Conv (BN SiLU

a)
ELAN CBS rcas ['css rcgs “@"css ’..
b) L» cas’ -

e)
ELAN_W —[ {CBS fCBS (CBS ‘@f@" CBS"’
A
c) cns’
j-
d) CBS ‘—’ CBS

Fig. 2. 4. Architecture of the base YOLOv7 model. (a) Structure of Convolution + Batch
Normalization (BN) + Sigmoid Linear Unit (SiLU) (CBS) module, (b) Structure of Efficient
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Layer Aggregation Network (ELAN) module, (c) Structure of ELAN_W module, (d) Structure
of MP module, and (e) Structure of Spatial Pyramid Pooling Cross Stage Partial (SPPCSPC)

module.

2.3.3. YOLOvV7_ours: An Enhanced YOLOV7 network for detecting Damaged

Canola Kernels

Just like an expert human grader, it is hypothesized that the network will also focus on the
cotyledon region to distinguish between healthy and damaged canola kernels. But as shown in Fig.
2.3 the ground-truth bounding box includes the seed coat, which is an irrelevant feature as it has
the same appearance (dark-brown colour) irrespective of the health condition of the kernel and
therefore it doesn’t account for the classification process. However, drawing a smaller bounding
box that only includes the pixels corresponding to the cotyledon region is not a viable option as
the rectangular bounding box cannot fit the entire cotyledon due to its irregular shape and doing
so will lead to a loss of valuable information and further decrease the size of the already small
targets leading to a significant rise in the complexity of the task. Thus, to selectively focus on the
relevant feature necessary for classification, i.e., the cotyledon colour and suppress the
unimportant ones, i.e., the seed coat pixels, an attention mechanism - Convolutional Block
Attention Module is integrated into the network architecture of the base YOLOvV7 model. The
attention mechanism, which found its inspiration in human vision can filter out irrelevant
information while processing information to make decisions. This integration will result in
improved accuracy and inference speed, albeit at the cost of increased parameters and FLOPS,
which is countered by replacing standard convolutional layers in the CBS module with more
efficient “Ghost convolutional layers”. The addition of Ghost convolutional layers changed the
standard conv layers with ghost conv layers but retained the batch normalization and SiLU
activation function. This change from CBS to GBS converted the other modules into their Ghost
counterparts - GhostELAN, GhostELAN_W, GhostMP, and GhostSPPCSPC as GBS became the
building block of these modules. Thus, the two improvements made to the network architecture as
shown in Fig. 2.5 are (1) the Addition of a CBAM attention mechanism, and (2) the Substitution of
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standard modules with lighter-weight Ghost modules. The construction of these two modules is
discussed in more detail in section 2.3.3.1. and section 2.3.3.2.

Once the two improvements are finalized, the next step is to determine the number of
modules needed and their placement within the network architecture. To address these questions,
two comparative studies were conducted to determine the location for the CBAM module and the
modules that should be converted to their ghost counterpart. Regarding the first improvement,
determining the optimal location for integrating the CBAM module depends on several factors,
such as the dataset, target-object type, and network architecture complexity. A common approach
is to employ the attention mechanism after the convolutional layers in the backbone or before other
modules, enabling the network to selectively pass down the most relevant features. To identify the
best location, we added the CBAM module in several positions within the network at varying
quantities and compared the resulting performance against that of the original YOLOV7
architecture. Based on the results of this comparative study (Table 2.3), the attention module was
placed after CBS1 and CBSz as shown in Fig. 2.5. This position allowed the deeper network to
focus on and pass down only the most relevant features. With regards to the second improvement,
it was found that replacing all the standard modules with their ghost counterpart slightly degrades
the performance due to the substituted ghost convolution layers discarding some information by
using cheap filters on a subset of the input feature map. Thus, a comparative experiment (Table
2.4) was conducted to find the modules whose substitution will not affect the performance, and
based on it GBS modules were substituted with standard CBS in the SPPCSPC and all the ELAN
and ELAN_W modules (Fig. 2.5).
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Fig. 2. 5. Structure of the improved YOLOV7 network. The position of the two Convolutional
Block Attention Modules was finalized based on a comparative experiment with five other
options (Table 2.3). The modules highlighted in red are substituted with ghost modules (Table
2.4).

2.3.3.1. Construction of Convolutional Block Attention Module (CBAM)

CBAM (Fig. 2.6a) is a type of attention mechanism developed by [21]. Attention
mechanisms are used in computer vision networks to selectively focus on the most relevant and
significant features and suppress the unimportant ones, thus improving the overall performance of
the original network [8]. Unlike other attention mechanisms that consider either the channel or
spatial axis, CBAM uses both, which allows it to focus on ‘what’ the relevant information is and
‘where’ that relevant information is in the image [21].

Given an input feature map F € R¢*#*W 'where C is the number of channels, and H and

W are the height and width of the input data, respectively, the refined output feature map F' is

28



computed by inferring a one-dimensional channel attention map Mc € R¢*1*1 and a two-
dimensional spatial attention map Ms € R**#*W To do so, it uses a channel attention module
and a spatial attention module arranged sequentially, the former before the latter [21]. The channel
attention module (Fig. 2.6b) captures the channel-wise dependencies in the feature maps, i.e., it
decides on ‘what’ to focus given an image. To compute the channel-attention map, two
intermediate feature maps, Fy,, and Fy,, are obtained from the input feature F by average-
pooling and max-pooling operations. These two maps are then fed to a common multi-layer
perceptron (MLP) network with one hidden layer. The resulting output vectors are then element-
wise summed and normalized with a sigmoid function. Mathematically it can be written as:
Mc(F) = ¢ (MLP(AvgPool(F)) + MLP(MaxPool(F))) 1)

Where o represents the sigmoid function.
The obtained channel attention map is then element-wise multiplied (denoted by &) with the input
feature map F to generate a channel-refined feature map F' (Eq. 2)

F'=Mc(F) ® F )

The Spatial Attention Module (Fig. 2.6¢) captures the spatial dependencies, i.e., ‘where’ to focus
given an image [21]. To generate the 2D spatial attention map, first, the channel-refined feature
map F’ is pooled using max-pooling and average-pooling along its channel axis. The two resultant
2D pooled maps, Fy;,;, € RY*#*Wand F;,, € R'*# > are concatenated and forwarded to a
convolution layer with a kernel size of 7 (f7*7). The resultant map Ms € R” *" is then normalized
using a sigmoid function. Mathematically, this operation can be summarized as:

Ms(F") = o (f 77 ([AvgPool(F"); MaxPool(F")])) (3)

Finally, using this spatial attention map, the output of CBAM, i.e., the refined feature map F" is
computed using Eq. 4:
F'=Ms(F) ® F 4)
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Fig. 2. 6. Structure of (a) Convolutional Block Attention Mechanism. (b) Channel Attention
Module. (c) Spatial Attention Module.

2.3.3.2. Construction of Ghost Modules

It is known that the convolution operation between filters and the input data can output
pairs of feature maps that contain almost similar information, and these outputted feature maps can
contain similar information. Generating these feature maps one by one using a large number of
filters costs a lot in terms of FLOPS, but they are crucial as they play a significant role in increasing
the accuracy of the network. To decrease the number of filters required to generate those redundant

feature maps, Ghost modules [22] use the ghost convolution operation Fig. 2.7. The ghost
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convolution works as follows: Instead of using ‘n’ filters to generate ‘n’ feature maps, a fewer
number of filters ‘m’ (where m < n) is used to generate ‘m’ feature maps. These intrinsic feature
maps are then used to generate ‘s’ feature maps using a cheap linear operation ¢, to output n = m.s
feature maps (Eq. 5). These ‘s’ feature maps can be called the ‘ghosts’ of the intrinsic feature maps
as they contain almost the same information but generated without using the same number of
filters, thereby reducing the overall cost (in terms of GFLOPS) of the network [22].

yij = ¢ijyifori=1,..,mj=1,.,s (5)

Where, y;; represents the feature map generated after the ghost operation ¢.

Identity

y @1 3

Input Output

Fig. 2. 7. Schematic diagram of ghost convolution. A few intrinsic feature maps are generated
using standard convolution after which linear transformations are applied to them to generate

the rest of the ‘ghost’ feature maps.

2.3.4. Detection Model Training

To train the detection network, the annotated damaged canola kernel training set was used
to fine-tune the two YOLOv7 models via transfer learning using the pretrained
YOLOv7_training.pt weights in a server using an NVIDIA Tesla V100 Tensor Core GPU. All the
models were constructed by the deep learning framework PyTorch and were pretrained on the
Microsoft Common Objects in Context (MS COCO) dataset which has 328,000 images divided
into 80 classes. The hyperparameters for both the base and improved model were kept constant
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and are given in Table 2.1. After the YOLOvV7 model was trained with the damaged canola kernel

dataset, its result was used as a baseline to further improve the original network’s capability.

2.3.5. Counting the Damages by a Tracking-by-Detection Paradigm

Counting by solely relying on a detection model is unreliable for our use case as there is a
high probability the model might register multiple counts of the same damaged kernel when it
appears in successive frames. As the application of grading based on total damages present is
critical of the number of counts of damaged seeds and has a stringent threshold to determine the
market value of the seeds, duplicate counts will result in a higher number of false positive cases
thereby decreasing the potency and reliability of the model for commercial use. Therefore, the
counting approach should be based on an algorithm that is not solely based on detections. A
reliable technique is thus by tracking each damage throughout its lifetime in the video using an
object tracking algorithm until the counter is updated. Multi-object trackers (MOT) which work
on the tracking-by-detection paradigm track multiple objects-of-interest by detecting the objects
in each time frame ‘t’, associating these detections with existing objects in the previous time frame,
‘t - 1°, and then predicting the locations of these objects in the next time frame, ‘t+1°, and is
repeated for every frame in the video sequence to track the objects over time. Foundational MOT
algorithms like SORT [23] use a Kalman filter [24] for predicting and updating the state of the
object and the Hungarian algorithm [25] for associating the objects. The output of the MOT are
bounding boxes with a unique ID generated for each object which helps identify the objects in
cases when the detections are lost due to flickering, motion blur, or occlusions. However, these
models can be prone to ID switching, hence, to evaluate the accuracy of the MOT, the multi-object
tracking accuracy (MOTA) metric is used (Eq. 6).

Y. FN, + FP, + IDS, (6)
2 GT,
Where, FN, FP, IDS, and GT represent false negatives, false positives, ID switches, and ground

MOTA =1 —

truth counts, respectively.
Table 2. 1. The specifics of the hyperparameters that were used for training the YOLOV7 and the
YOLOV7_ours model.

Hyperparameters Values

32



Learning rate 0.01

Momentum 0.937
Batch Size 8
Epochs 150
Optimizer SGD
loU training threshold 0.20
Anchors per output layer 3

2.3.5.1. Construction of ByteTrack

ByteTrack is a state-of-the-art real-time MOT algorithm with a MOTA of 80.3 in the MOT17 test
set [26] and was therefore used as a tracker to generate unique identities of the defects present in
a test video. It proposes a novel data association metric, BYTE, which utilizes every detection box,
unlike other MOT algorithms which only keep the detection boxes with confidence scores above
a threshold [26]. ByteTrack is constructed as follows:
(1) The detection boxes outputted by the YOLOv7 ours model having a confidence score ‘t’
> 0.6 is stored into Dnigh and boxes with T < 0.6 are stored into Diow.
(2) A Kalman Filter is then used to estimate the new location in the present frame of each track
T. This was done recursively in two steps: prediction using the priori estimates and a
motion model, and update step. A constant linear motion model was utilized for the study
as the defects travelled in a straight line and an eight-dimensional state vector x = (h, v, a,
¢, h', v, a’, ¢’) was used, where, (h, v, a, ¢) represents the horizontal and vertical
coordinate, aspect ratio, and height of the centre of the detection box, respectively, and it’s

derivatives are represented by (%’, v’, a’, ¢’). The prediction was made using Eq. 7.

Xe = SXpq
E, = SE,_;ST + N,_, (7)
where X, is the estimated state of the damaged seed at the current frame t, S is the state

transition matrix, X;_; is the state of the seeds at the previous frame t-1, E; is the estimated
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error covariance matrix at the current frame t, E;_; is the error covariance matrix at the
previous frame t-1, and N,_, is the noise covariance matrix at frame t-1. In the next step,
the movement state of the damaged seeds is updated using Eqg. 8.

Geyy = E,OT(OEOT + M)™1

liv1 = Cepr — 0%y

Xeyr = X+ Geyalens

Ery1 = (I = Gy, 0)E; (8)

Where G, is the Kalman gain, M, and O are the observation noise and the observation matrix,

respectively, l;,, is the residual between the observed position of the damaged seed and its

estimated position at the next frame t + 1, C;, ; is the new observed position of the seeds at the
next frame, | represent identity matrix, and X, is the estimated update of the state of the
damaged canola seeds at the next frame.

(3) Data association is performed between Dnigh and all track T, followed by the Hungarian
algorithm to complete the matchings. Tracks and detections which were unmatched in this
step are stored in Tremain and Dremain, respectively. Following the first association, A second
association is performed between low confidence detections stored in Diow and the
remaining tracks Tremain.

(4) All the unmatched tracks are stored in Tunmatched and the unmatched detection boxes with ¢
< 0.2 are deleted. The unmatched tracks that remain unmatched after the second association
are kept in Tiost. New tracks are then started from Dremain post first association. This results
in an output containing the bounding box along with the identity of the tracks T in the

frame t.

2.3.5.2. Line-cross counting algorithm for counting the targets

Once the target objects present in each of the four test videos were detected and tracked, the
counting functionality was activated via a line-cross algorithm. The algorithm was developed in
such a way that it can count the objects irrespective of the direction of the objects in the video.
This was done to provide flexibility with the camera movement in an industrial setting and to

validate the results of counting in one direction with the results of counting in another direction.
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The two target classes were counted together as the process to determine the grade as either No. 1
Canada, No. 2 Canada, or No. 3 Canada is based on the total damages present [19].
The counter works as follows:
(1) Once atarget object is detected within the video frame, the coordinates of its bounding box
are recorded for each subsequent frame until it crosses a predetermined line.
(2) A line is drawn in the video feed at coordinates (0, 1750) and (1080, 1750).
(3) Two counters are initialized (c_out) and (c_in) based on the direction of the moving targets.
(4) The counter (c_out) is updated if the coordinate of a tracked object is greater than the
coordinate of the set line.
(5) The counter (c_in) is updated if the coordinate of a tracked object is lesser than the
coordinate of the set line.
(6) The two counters are activated until the video ends, or all the target objects cross the set

line.

2.3.6. Evaluation of Detection and Counting Performance

Precision (P), Recall (R), F1 Score, Mean Average Precision (mAP), and Frames per
second (FPS) are the metrics that were used to evaluate the detection performance of the models.
The P value was calculated using Eq. 9. The R value describes the sensitivity of the object detection
model and was calculated using Eq. 10. The F1 Score is the harmonic mean between the precision
and the recall value (Eg. 11). The mAP value represents the accuracy of the object detection model
and is computed by calculating the area under the precision-recall curve (Eq. 12). The mAP value
at 0.5 loU (Intersection over union) was used to evaluate the performance of our model. Mean
detection time includes the time taken by the network to detect an object and it includes both the
time taken for non-maximal suppression and for making the inference and FPS is calculated by

taking its inverse (Eqg. 13).

[ Py = True Positive 9)
recision (P) = True Positive + False Positive
True Positive (10)
Recall (R) =
ecall (R) True Positive + False Negative
2 * Precision * Recall (11)
Flgeore =

Precision + Recall
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1 ! 1 (12)
mAP = Ez J P (R,)dR,,
m=0 0

FPS= — = L (13)
M &i=1ti

To evaluate the accuracy of counting (Pc) the damages in the video, Eq. 14 was used.

N, — N, (14)
P, = <1 —M> X 100%

Ny

Where Narepresents the estimated count, Ng represents the actual count. The ground truth was

determined by a trained person by manually counting the seeds.

2.4. Results and Discussion

2.4.1. Baseline model performance with varying input image resolution

Table 2.2 outlines the performance of the baseline model at three different input image
resolutions. Three inputs with a fixed image resolution of 320 x 320, 512 x 512, and 640 x 640,
were fed to the network in batches of 8 to determine the best input image resolution at which the
model will show the most optimal performance in terms of mean average precision (MAP@0.5
loU). It is observed that the model gets better at accurately detecting the target object when the
input resolution is higher, therefore as the input resolution increased, so did the mAP. This trend
is in accordance with the results reported by Parico and Ahamed, (2021), where their YOLOv4
model trained to detect pear fruits with high-resolution images showed better mAP than the models
trained with low-resolution images. This is because when the image resolution is higher, the clarity
of the target objects in the image is enhanced and the model can learn its inherent features better
compared to when the target objects are pixelated in low-resolution input images. However, as the
model had to learn more features associated with the ground truth with higher resolution images,
the GPU memory consumption also increased and in turn, it took more time to train. The time
required to train the three different models for 150 epochs ranged from 0.28 hours to 0.52 hours
and the mAP varied from 0.96 to 0.97, respectively. The model size was almost the same, as they
were essentially identical except for the variation in input image resolution. Although the
difference in mAP between YOLOvV7-320px and YOLOvV7-640px is less than 1%, the
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improvements carried out henceforth were based on the 640-pixel input resolution as any

improvement is significant.

2.4.2. Model Improvement Results and Ablation Analysis

2.4.2.1. Impact of CBAM Integration on Network Performance

The Convolutional Block Attention Module was added in the network architecture of the
YOLOv7 model so that it can selectively learn the most important features, i.e., the color of the
cotyledon and ignore the irrelevant features present in the ground truth boxes. To determine the
optimal placement and number of these module(s) to be integrated into the network, five potential
options were carefully evaluated and identified, each aimed at identifying the most effective
configuration for the successful incorporation of these modules. The goal was to find the most
optimal option which can result in the highest performance metrics in terms of F1 Score and mAP
and the lowest computational cost and complexity in terms of model size and GFLOPs. The result
of this comparative experiment with the five shortlisted options is shown in Table 2.3. In these
shortlisted options, all the CBAM modules were integrated into the backbone of the YOLOv7
network, and the number of these units ranged from one to four. The first option involved the
insertion of four CBAM units, three located before each of the three MP1 modules, and one before
the SPPCSPC module. The second option proposed the placement of a single unit before the
SPPCSPC module. The third option proposed the placement of two units before the two standalone
CBS modules. The fourth option involved placing two units after the standalone CBS modules
(Fig. 2.5), while the fifth option was similar to the fourth option, but with adding an extra unit
before the SPPCSPC module. Through comparative analysis of these options, it was found that the
model size and the cost had no relation with the number of CBAM modules, and the addition of
more units didn’t necessarily improve the performance of the YOLOv7 model. For instance, option
2 with a single CBAM module was 5% larger in size than option 4 with two CBAM units, but its
F1 score was 1.7% lower. Also, option 1 with four CBAM units had 1.12% lower mAP than option
2 which had a single unit. However, as expected, the integration of all these additional modules
did increase the computational cost of the model from 105.1 GFLOPs to 105.4 — 112.9 GFLOPs.
As outlined in Table 2.3, results indicate that YOLOv7_CBAM4 emerged as the best YOLOV7 +

CBAM model as when compared to the baseline YOLOvV7 model, there was a 1.12% improvement
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in MAP and only 0.28% and 0.4% increment in the cost and model size, respectively. This option
also resulted in the highest mAP, and lowest model size and cost compared to other options.
Table 2. 2. Performance metrics, time required to train, and size of the baseline YOLOvV7 models

at different input image resolutions.

Model Name p R F1 Score mAP@0.5 Training Time Size
(%) (%) (%) (%) (h) (Mb)

YOLOvV7-320px 96.4 96.3 96.3 96.8 0.287 4.7
YOLOv7-512px 96.6 96.3 96.4 97.2 0.425 74.7
YOLOvV7-640px 96.7 965 96.6 97.6 0.524 74.8

2.4.2.2. Results of Replacing Standard Convolution with Ghost Convolution

However, as seen in Table 2.3, the computational cost rose noticeably due to the addition
of the CBAM modules, hence a network compaction strategy was devised. As a part of this
strategy, Ghost modules were included in the network to make the baseline YOLOv7 model and
the YOLOv7_CBAM4 model more compact while retaining or further improving the original
model’s performance metrics in terms of mAP, F1 Score, Size, and cost (GFLOPs). The
performance of the YOLOv7 model, when different modules in it are substituted with their ‘ghost’
counterparts, is tabulated in Table 2.4. It was observed that substituting the convolutional layers
in only the SPPCSPC module, the ELAN modules, and the ELAN_W modules improved the mAP
by 0.7%, and drastically reduced the cost and model size by 32.1% and 37.1%, respectively in
comparison to the baseline YOLOv7 model. Furthermore, substituting all the conv layers present
in the original modules with this module decreases the performance of the model, for instance,
compared to the baseline model the precision, recall, and inference speed dropped by 1.03%,
1.14%, and 18.55%, respectively. Therefore, even though the option of replacing all modules with
Ghost conv layers resulted in the lowest size and cost amongst the other options, only ELAN,
ELAN_W, and SPPCSPC modules were changed as this was the best model in terms of MAP@0.5
and the second-best model in terms of size and cost.

38



2.4.2.3. Combined Effect of All Model Improvements on Performance

These two improvements — YOLOv7_CBAM4 and YOLOv7_ELAN + ELAN W +
SPPCSPC (sections 2.4.2.1 and 2.4.2.2) were combined to construct the enhanced YOLOv7_ours
model. Table 2.5 outlines the ablation experiment conducted to show the effect of each
improvement in enhancing the performance of the baseline model. These two improvement
strategies increased the mAP and F1 Score by 1.02% and 0.31%, respectively, while decreasing
the model size and GFLOPs by 37.08%, and 32.08%, respectively, compared to the off-the-shelf
YOLOv7 model. However, the inference speed of the improved model decreased by 5 FPS, but as
it is still higher than the real-time requirement of 24 FPS, it is a justified trade-off due to the
improvements obtained in all the other metrics. However, the results in Table 2.5 also reveal that
among the four models, the YOLOvV7_ours model only leads in the precision metric and ranks
second in other metrics such as mAP, size, and cost. Due to the addition of two CBAM modules
that passed down refined feature maps comprising of relevant information, the YOLOv7_CBAM4
model, as hypothesized, attained the highest mAP, and due to the network compaction strategy
implemented to decrease the number of filters required to generate feature maps, the
YOLOvV7_ELAN + ELAN_W + SPPCSPSC model attained the lowest model size and the lowest
model cost. But the former model also cost and weighed the most, while the later model ranked
only third in terms of mAP, hence the improved model with only 0.1% lower mAP, only 0.58%
higher size, and only 0.39% higher cost than the first ranked models is arguably the most balanced
model. As a result, the improved model when deployed in an edge-Al device will have lower
hardware limitations due to the reduced computational complexity, will be easier to deploy due to
the reduced size, and will be more accurate in detecting damaged canola kernels.

Table 2. 3. Comparison of model performance with Convolutional Block Attention Module
(CBAM) at different locations within the model

CBAM Option P R F1Score mAP@0.5 Size FPS GFLOPs
(%) (%) (%) (%) (Mb)
YOLOv7_CBAM1 96.4 96.9 96.6 97.2 84.5 38 112.9
YOLOv7_CBAM2 944 972 95.7 98.3 79.0 52 108.5
YOLOv7_CBAM3  96.2 957 95.9 97.4 84.2 46 112.7
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YOLOv7_CBAM4 971 97.7 97.4 98.7 75.1 50 105.4

YOLOv7_CBAM5 963 98.1 97.2 97.7 79.3 50 108.8

Table 2. 4. Comparison of model performance when different modules with standard convolution

are replaced with ghost convolution.

Module(s) P R F1Score mAP@0.5 Size FPS GFLOPs

(%) (%) (%) (%) (Mb)
All Modules 95.7 954 95.5 97.5 45.3 44 61.3
All ELAN 9.5 98.1 97.3 98.2 66.3 51 86.7
All ELAN_W 97.0 96.9 96.9 97.7 67.1 51 97.3
SPPCSPC 97.1 978 97.4 97.5 67.3 52 102.1
All MP 9.8 974 97.1 98.2 69.5 52 98.7
ELAN + ELAN_W 9.5 973 96.8 98.2 58.6 50 78.8
ELAN + ELAN W + 971 97.1 97.1 98.3 51.1 50 75.8
SPPCSPC

2.4.3. Improved Detection Model Performance Comparison

To highlight that our developed model is the best among its counterparts in detecting
damages to canola kernels, the performance of YOLOvV7_ours was compared with other leading
networks in terms of F1 score and mAP@0.5. To ensure fairness and accuracy of comparison, all
models including those used for comparison with YOLOv7_ours (YOLOV5 - YOLOvV8) were
trained for 150 epochs under the same training environment, in the same dataset, and using the
recommended hyperparameters for each model. The results of these comparisons (Table 2.6)
outlined that in terms of both mMAP@0.5 loU and F1 score the YOLOv7_ours model outperformed
all the other models, including the newer version of YOLO; YOLOVS8 by 0.81% in mAP@0.5 and
1.03% in F1 Score. However, YOLOVS reported the highest precision value of 98.1% which was
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the highest among all the models including the improved model. In terms of F1 score, the
YOLOvV7 ours is 1.14%, 0.31%, and 1.03% better than YOLOv5m, YOLOvV7, and YOLOv8m,
respectively. These results demonstrate that incorporating systemic enhancements into the network
architecture consistently outperforms off-the-shelf models, regardless of their version, in tasks they
have been trained to perform.

Fig. 2.8 compares the PR curves obtained from the best model (YOLOv7_ours) and the
second-best model (YOLOVS8) in terms of MAP@0.5. The PR curve is useful to illustrate the trade-
off between precision and recall at various classification thresholds. The two PR curves indicate
that in the immature class, YOLOvV7_ours is 0.50% better and in the heated class it is 1.13% better.
Additionally, the greater area-under-curve in the PR curve of the YOLOv7_ours model indicates
that the improved model is able to provide an accurate and reliable prediction for positive instances
while minimizing false positives. Furthermore, the final detections made on a selected random test
image out of eight such images by four different models (YOLOv5, YOLOv7, YOLOVS,
YOLOV7_ours) are visualized in Fig. 2.9. It can be observed that the improved model didn’t report
any false positive or false negative detections. While the YOLOvV5 model failed to detect one
heated seed and classified and localized three sound seeds as heated. The YOLOv7 model made
one false positive detection where it detected one sound seed as heated and the YOLOv8 made
one false negative detection where it failed to detect one heated seed present in the test image #8.
It is interesting to observe that all the false positive cases were seen only in the heated class. It is
because the off-the-shelf models got confused between the feature of the seed coat and the feature
of the cotyledon of heated seeds and detected them as heated. This indicates that the addition of
two CBAM modules in the improved model helped it to selectively focus only on the cotyledon
region, preventing it from making the same mistake.

Table 2. 5 Evaluation results of ablation experiment.

YOLOv7 CBAM  Ghost P R F1Score mAP@0.5  Size FPS GFLOPs

Conv (%) (%) (%0) (%0) (Mb)
v 96.7 965  96.6 97.6 748 53 105.1
v v 971 977 974 98.7 751 50 105.4
v v 971 971 971 98.3 511 50 75.8
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v g v 97.2 96.6 96.9 98.6 51.4 48 76.1

Table 2. 6. Performance of other detection models compared to YOLOvV7_ours.

Model P (%) R (%) F1 Score (%) MAP@0.5 (%)

YOLOvV5m 95.8 95.8 95.8 96.9

YOLOv7 96.7 96.5 96.6 97.6
YOLOV8m 98.1 93.9 95.9 97.8
YOLOV7_ours 97.2 96.6 96.9 98.6

a) " Ry b) | e
c 06 c 06

3 3

g o4 g 4

Recall Recall

Fig. 2. 8. The Precision-Recall curve of (a) YOLOv7_ours, (b) YOLOVS.
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Fig. 2. 9. Detections made by (a) YOLOv5m, (b) YOLOv7, (¢) YOLOv8m, and (d)
YOLOv7_ours models on the same representative test image T8. The false positives and false

negatives are encircled in red.

2.4.4. Tracking and Counting Results

This section highlights the tracking and counting results in the test video chosen to analyze
the performance of the ByteTrack multi-object tracker and the line-cross counting algorithm. In
the selected test video, three cases of Identity (ID) switching, and one case each of false positive
and false negative detection were observed. The ground truth was determined to be 33 damages,
so the MOTA achieved in this video by the ByteTrack tracker was calculated to be 84.8% by using
Eq. 6, which for comparison is 5.49% higher than the MOTA achieved by it in the MOT17 test set
[26]. Out of the three ID switching’s observed, two were observed in the same immature seed and
one was observed in a heated seed (Fig. 10). In the 1 frame, the immature seed was assigned the
ID of 413 but in the 37" frame this ID was lost and in the 415 frame the first switch to ID 417 was
observed. After maintaining the track for 33 frames, the detection was again lost in the 74t frame,
finally, a new ID of 430 was assigned to the same immature seed in the 81% frame. In the other
case of the heated seed, the 1D of 434 was assigned to it in the 93" frame where it first appeared

in the video. The detection was lost in the 115" frame and 69 frames later (184" frame) a new 1D

43



of 460 was assigned to it. In the second ID switching instance of the immature seed, the ID was
lost after 33 frames as the detector was unable to detect the damaged seed with a confidence score
above the set threshold of 0.35, but once the detection was reclaimed, the tracker was also unable
to associate the two detections in the 73" frame and in the 81% frame as the same object. This
might be because of the similar appearance and motion patterns of the detected immature seed.
This hypothesis also holds for the second instance of ID switching in the heated seed.

As for the performance of the counter, ID switching didn’t directly affect the algorithmic
count as the counter was developed such that it is updated only when the bounding box of the
detected damaged seed crosses the pre-determined line. The two seeds which were initially
identified as 413 and 434 crossed the line as 430 and 460, respectively. Hence these three cases of
ID switching did not affect the count. These three instances also justify having an extra step for
counting the detections as opposed to counting solely based on the number of unique IDs
generated, which would have resulted in three more than the actual count. Fig. 2.11 shows the state
of the counter in four different situations, a) initially when no objects cross the line, b) when 1D
430 crosses it, ¢) when ID 460 crosses it, and finally d) at the end of the video with only eight
objects left to cross. The final count is observed to be 33 which is equal to the actual number of
damages present in it. Using Eq. 14, the counting accuracy can be calculated to be 100%, but this
value is misleading as the original formula doesn’t account for false positive and false negative
detections. There was one false positive bounding box that crossed the line which made up for the
false negative case. So, accounting for the false and missed detections the counting accuracy in
this test video can be adjusted to be 93.9%. In this test strip, the total damage was therefore 6.6%,

and it can be assigned the grade of No. 2 Canada.
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Fig. 2. 10. The three instances of identity switching observed in the test video while tracking

the detected objects.
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Fig. 2. 11. The state of the counter when (a) no object has crossed it yet, (b) when the object
with ID 430 has crossed it, (c) when the object with ID 460 has crossed it, and (d) before the

rest of the eight objects are left to cross it.

2.5. Conclusion

Current canola quality control methods still rely on a manual grading process, which is
time-taking, laborious, and prone to errors. To address this issue, the study focussed on developing
a model for a computer vision system that has the potential to replace the current laboratory
process. By automating the grading process, the system could increase efficiency, reduce labor
costs, and ensure consistent and accurate grading, ultimately contributing to the continued success
of the canola industry. This process was done in three steps, which include detecting the damages

present using an improved single-shot object detection model based on YOLOV7, tracking the
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detected objects with the ByteTrack MOT, and counting the total number of damaged seeds to set
the grade of the canola using a line-cross counting algorithm. As the target objects were tiny and
were mostly covered with seed coat revealing only a small portion of the relevant feature,
cotyledon, base models couldn’t perform well in the detection task, and hence two improvements
were performed, viz. addition of two CBAM modules and replacement of the standard convolution
layers with ghost convolution layers in all the ELAN, ELAN_W, and SPPCSPC modules present
in the YOLOV7 network. These two improvements resulted in 1.02% higher mAP@0.5, 0.31%
higher F1 Score, 37.1% lower model size, and 32.1% lower model cost when compared to the
baseline model. The ByteTrack tracker was able to track all the detected targets with a MOTA of
84.8% and the accuracy achieved by the counter in the same video was 93.9%.
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CHAPTER 3. Real-time canola damage detection: An end-to-end framework

with semi-automatic crusher and lightweight ShuffleNetV2_YOLOv5s

This chapter is based on the manuscript published in the journal “Smart Agricultural Technology”
entitled ‘Real-time canola damage detection: An end-to-end framework with semi-automatic
crusher and lightweight ShuffleNetV2_YOLOvV5s’, reprinted with permission.

3.1 Abstract

The current method employed in detecting damages present in canola kernels is inefficient and
time-consuming. The sample preparation process is laborious and the judgment between sound
and damaged seeds using visual methods is prone to errors as they are small and indistinguishable.
To date, there is no hardware and supporting software solution that can expedite this time-
consuming yet crucial task. This study demonstrates an end-to-end damage detection framework
that has two components: a semi-automatic machine to crush the canola seeds to prepare the
samples rapidly for detecting the damages and a supporting object detection algorithm based on a
compressed YOLOv5s model. The lightweight detection model was deployed in an Edge-Al
device and integrated with the crusher machine to detect the damages in real-time. Two
Convolutional Neural Network (CNN) architectures, viz. ShuffleNetV2 and MobileNetV3 were
compared in terms of model parameters, computational cost, and model size to replace the standard
CSPDarknet53 CNN backbone present in YOLOvV5s. The best-performing model was deployed
into a Jetson Nano embedded device for real-time inferencing. Results indicate that in terms of
model size, the ShuffleNetV2_YOLOv5s model was 56.5% and 80.4% smaller than the
MobileNetV3_YOLOvV5s and the baseline YOLOvV5s models, respectively. While, in terms of
computational cost, the ShuffleNetV2_YOLOv5s model was 64.1% and 99.5% less expensive
than the MobileNetV3_YOLOv5s and the baseline YOLOv5s models, respectively. This study
demonstrated an end-to-end framework for detecting damages in canola supported by a real-time
and lightweight damage detection model for automated grading applications in the agricultural
industry.
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3.2. Introduction

Canada is the largest producer and exporter of canola in the world. The canola price is
largely influenced by the quality of the harvest, which relates to the total number of damages
present in them. The two main types of damages present in canola are heated and immature seed
conditions which can only be determined based on the appearance of their cotyledon, viz. dark
brown colored cotyledon for heat damaged and green colored cotyledon for immature seed
conditions. The standard practice for determining these damages is to first crush the canola seeds
using a hand-held roller and make decisions based on the observation made by trained personnel.

These two damage conditions adversely affect the overall value and price of the canola
kernels as they affect the subsequent downstream process of oil extraction and oil purification. The
oil derived from immature seeds results in a darker shade due to the presence of chlorophyll. To
remove the undesired pigments, processors have to treat it with more amount of clay. Due to this
treatment, an additional filtration step is required which leads to a lower final yield and an
increased processing cost. Furthermore, immature seeds are also less stable in storage and have
lower oil content per tonne. The enzyme pheophorbide-a-oxygenase is an important enzyme
responsible for the degradation of chlorophyll during the maturation process of canola seeds [1].
However, during the seed development process, exposure to frost or hot dry weather, or hot air
from the fan during storage disrupts the proper functioning of the enzymes which are only active
in temperatures above 5°C and seed moisture content above 20%. These extreme conditions before
harvest or due to improper storage conditions in silos can denature the enzymes, completely
stagnating the maturity of the seeds. The high temperature is also the main reason for the formation
of heated seeds. Even though the causes of immature and heated seed formations are known, there
are no ways to reverse these conditions.

Therefore, detecting the damaged canola seeds is a crucial step performed by grain buyers
and elevators to correctly assess the value of the canola before export. The canola is graded based
on the total percentage of damage into three classes (i.e., 0 — 5%, 5 —12%, 12 — 25%). The current
system in place for sample preparation is by utilizing a hand-held roller. The seeds are crushed,
and the damages are detected based on visual judgment by referring to a color reference chart.

Moreover, the traditional approach for damage detection is laborious and time-consuming due to
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the manual sample preparation step and is also prone to subjectivity and other human errors due
to the element of decision-making relying solely on human vision.

The current system, therefore, is not a true reflection of the current progress made in
automation technology, especially the advancements made in the utilization of Artificial
Intelligence models in agriculture, especially computer vision algorithms for abnormality and
damage detection in agri-food systems. Several studies have been conducted to detect diseases,
defects, and damages in agricultural products such as grains [2], crop leaves [3], fruits [4], and
vegetables [5] using single-stage object detection algorithms such as the You Only Look Once
(YOLO) [6] family of models. For instance, in a study to detect Fusarium head blight infection in
corn grains, [7] utilized the YOLOV5s algorithm which resulted in a mAP@0.5 of 99%. Similarly,
[8] used the YOLOV5 model to detect three types of fungal damage in rice kernels with a
MAP@0.5 of 89.26%, 91.15%, and 90.19%, respectively. All these studies indicate that the YOLO
series of algorithms are suitable techniques for detecting damages and other abnormal conditions
in agricultural products. However, the YOLO models without any network-compaction
modifications are unsuitable for deployment in resource-constrained portable devices such as Intel
Neural Computing Stick, NVIDIA Jetson Nano, or Raspberry Pi due to them being incompatible
with these devices because of their higher model size and having a higher amount of Floating-
Point Operations per Second (FLOPs) also referred to as the computational cost of models.
Therefore, the off-the-shelf object detection models used in the above studies, which provide an
excellent base for model development, are not capable of being properly deployed in these low-
powered and resource-constrained hardware environments. Thus comes the need to develop lighter
models in terms of cost and size by modifying the network architectures of these standard object
detection models.

“Lightweight” models are achieved by implementing three primary types of network
compaction strategies: 1. Model Compression, 2. Knowledge Distillation, and 3. Modification of
Network Structures [9]. In recent years, a handful of studies in the agricultural domain, have been
conducted to achieve this feat using one of the three available techniques. For instance, to decrease
the size and cost of the YOLOvV7 model for detecting damages to canola kernels, [10] developed
the YOLOv7_Ours model by replacing the convolutional layers present in the ELAN and
SPPCSPC modules with ghost layers, which enabled the model to have a 32.1% lower model size

and 37.1% lower model cost. In a study to develop a tea leaf detection model for deployment in a
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Raspberry Pi 4 device, [11] reduced the model size of the baseline YOLOv5 model from 334 MB
to 90.1 MB by restructuring the backbone using the ShuffleNetV2 feature extractor followed by
channel pruning. Similarly, [12] used the ShuffleNetVV2 model in the backbone of the YOLOvV5s
model to detect sugarcane aphids, which resulted in a 92.5% size reduction and 81.6% cost
reduction. The study, [13] replaced the backbone of the YOLOv5 model with the GhostNet CNN
architecture to detect agricultural pests, which resulted in a 42% reduction in cost and a 39%
reduction in size. Furthermore, the MobileNetV3 CNN was used as a backbone replacer of the
YOLOvV7 model in a study conducted by [14] to detect rice pests. All these studies indicated that
restructuring the network architecture with efficient and lightweight CNNs such as the
MobileNetV3, ShuffleNetV2, and GhostNet decreases the model size and cost for compatible
deployment in embedded platforms. Although a few studies have been conducted on compacting
the pre-existing neural networks with the goal of deploying them in mobile devices, there are not
enough studies that explicitly demonstrate the end-to-end application of using these developed
models.

Therefore, the first objective of this study was to develop a complete end-to-end computer
vision pipeline for detecting damages to canola seeds. There are three steps in the first objective
(i) Development of two novel datasets (D1 and D2) containing damaged canola seeds using two
sample preparation methods (manual crushing and crushing based on a semi-automatic unit), (ii)
Training a YOLOvV5s model to detect the two damage conditions followed by making
improvements in the neural network architecture to make it suitable for deployment in resource-
constrained and portable devices. This was achieved by replacing the backbone, which acts as the
primary feature extractor, with lighter convolutional neural network architectures especially
designed for mobile devices or low-compute power devices, (iii) Deploying the developed models
into a low-cost GPU-based edge device (NVIDIA Jetson Nano) for smart and real-time canola
quality prediction. The second objective was to perform a comparative study between the two
sample preparation methods (manual and semi-automatic canola crushing). The time required to
crush the canola seeds and the effect of the crushing methods on the canola damage detection

performance was investigated.

3.3. Materials and Methods
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3.3.1. Sample preparation: Hand-Held Roller and Semi-Automatic Machine

First, a sample set containing 20 strips of paper consisting of 500 crushed canola kernels
was created using the traditional canola crushing method using a hand-held roller. The hand-held
roller was purchased from Dimo’s Labtronics (Winnipeg, MB) and it includes a platform with 500
perforations to place the canola seeds for crushing. To crush the canola using this method, a
handful of seeds was gently placed on the perforated platform, followed by a masking tape which
was placed directly above the platform with the seeds, the glue side facing inwards. The hand-held
roller was then firmly rolled to crush the seeds. Each of these strips contained 500 crushed canola
seeds including the three seed conditions. In total, 380 immature seeds (3.80% of the total 10,000
crushed seeds) and 143 heated seeds (1.43%) were identified by a trained person.

Second, an equal number of strips (20) containing the crushed seeds were created using a
canola-crushing machine. The semi-automatic canola crusher machine (Devloo Canola Crusher,
Manitoba, Canada) uses aluminum and stainless steel as its material of construction and it has four
primary parts — frame, seed hopper, and crush and pickup wheel. The machine needs four rotations
of the crank to crush 500 kernels of canola. The canola crushing unit works as follows: On the first
rotation of the crank, the seeds fed onto the hopper get transferred to the rotating pickup wheel.
The tape which is attached to the upper part of the machine acts as a carrier for the seeds and passes
the crushing rollers in the successive rotations of the crank. The crushed seeds attached to the tape
were then visually analyzed for damage by an expert. Here, in total, a trained person identified 337
immature seeds (3.37%) and 219 heated seeds (2.19%).

3.3.2. Image Acquisition, Annotation, and Augmentation to Create the
Datasets

The first step before training the detection model is to create the dataset comprising all
three classes: i.e., sound kernels, heated kernels, and immature kernels. Contrary to the popular
approach of presenting each class in separate images for model training and object detection
workflow, in this study all three classes were presented together in a single image. Even though
this approach made the model training complex, this method was followed to match the sample

preparation guidelines for grading canola (Section 3.2.1).
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A standard camera (Sony CMOS, 48 MP, f/1.78, with OIS) was used to capture the image
of each strip under constant lighting conditions, where each strip was placed directly below an
overhead 20W broadband light and from a constant height of 30 cm. The dataset resulting from
the first method of sample creation was named D1 and the dataset corresponding to the second
method of sample preparation was named D2. In total, there were 240 images (each strip was
divided into three and then they were captured in four different backgrounds) in each dataset based
on the method of creation. For the task of annotating each object of interest present in the image,
the Makesense Al tool was used to create the ground-truth bounding boxes. The validation of the
annotation process was conducted in the presence of an expert grader, according to the guidelines
issued by the Canadian Grain Commission. To minimize fatigue and to prevent wrong annotations,
the annotation process was done in a span of six days, two hours each day. Regular breaks of five
minutes were taken after every thirty minutes of work. The utmost care was taken to prevent false
annotation while preparing the ground truth for model training as wrong ground truth can
negatively affect the training results (Section 3.4.). Furthermore, to increase the size of the training
data, the image augmentation techniques of horizontal and vertical flip, image scaling, image
shearing, image rotation, and image mosaicing were applied to each image present in both datasets.
These image augmentation operations were achieved using the open-source Albumentation
library. The two separate datasets (D1 and D2) were created to check the effect of model
performance based on the method of sample creation and also as a means to compare these two
methods (Fig 3.7). It is hypothesized that models trained on D2 will outperform models trained on
D1 due to the higher quality of the dataset and the non-touching nature of the crushed canola
kernels. The difference between the two datasets is shown in Fig.3.1. Both of these datasets were
splitin a ratio of 8:2 to create the training and validation sets and were used separately henceforth.
In total, there were 1079 instances before augmentation, out of which 717 instances belonged to
the immature class and 362 instances were of the heated category. The augmentation process

further increased the number of each instance by 40%.
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Fig. 3. 1. The two imaging datasets created from the two methods of sample preparation. (A)

traditional hand-held roller, (B) Semi-automatic canola crushing machine.

3.3.3. Sample Preparation Method Comparison

The two methods used in preparing the samples and subsequently for creating the dataset
for this study (D1 and D2) were compared based on two parameters: 1) the performance of an
object detection model for detecting the target objects and 2) the average time taken to prepare the
samples. For the first comparison task, an object detection model was trained on the two sets of
datasets separately. Secondly, the time required to create 15 strips of samples using both methods
by an expert was measured using a stop clock. The best method of sample preparation is reported
in Section 3.4.1.

3.3.4. Selection of Object Detection Model for Damage Detection: One-stage vs
Two-stage networks

There are two algorithmic approaches towards object detection, viz. via one-stage networks
and via two-stage networks. The two-stage network proposes multiple regions of interest where
there is a high probability of an object of interest being present. Each region is then fed to a
convolutional neural network to classify if the pixel values correspond to the ground truth

bounding box. True Positive cases are then assigned a class along with a bounding box indicating
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the location of the object in an image. An object is said to be correctly detected if the intersection
over union (loU) value is above a certain threshold, usually 0.5 for most tasks including ours. The
most popular two-stage detectors are the Region-based Convolutional Neural Network (R-CNN)
families of models. The R-CNN network uses the Selective Search algorithm to propose around
2000 regions of interest in the inputted image following a CNN to extract features from each
region. The output of the CNN is then fed to a Support Vector Machine classifier to classify the
object located in that region and a Linear Regression model to tighten the object’s bounding box.
Because of the multiple steps and models involved in making a detection, the average detection
speed achieved by R-CNN is 47 s per image in the COCO dataset [15]. Fast R-CNN was developed
to address this issue. In Fast R-CNN [16], feature extraction using a CNN is performed before
proposing regions of interest. The output is then fed to a Softmax layer instead of a support vector
classifier used in R-CNN. This algorithm is succeeded by the Faster R-CNN [17], which uses an
algorithm called region proposal network to propose regions. The second stage of this model is the
same as Fast R-CNN. Despite the two-stage networks being more accurate, they show inadequate
performance when it comes to inference speed required to make real-time detections, especially in
edge-computing devices.

The YOLO series of models, which is a one-stage detector, fixes this limitation of lower
inference speed by treating the task of object detection as a regression problem, where a single
convolutional neural network predicts the bounding boxes and class probabilities of each object of
interest in one single pass. To achieve this, each image is divided into an N x N matrix of grids,
and the cell in which the object’s midpoint lies is responsible for detecting that object. The
bounding boxes output the coordinates of the center of the object relative to the dimension of the
grid along with the width and height of the object relative to the overall image. To eliminate
multiple detections by a single grid cell, non-maximal suppression is implemented [6]. The
approach of treating detection as a one-stage regression problem enabled the first version of the
YOLO network to perform real-time object detection at 45 frames per second (FPS) compared to
only 0.5 FPS achieved by the then state-of-the-art Fast R-CNN in the COCO dataset [18]. Despite
its fast inference speed, the first version of YOLO had major issues with detecting small objects
in groups and it could only predict the bounding box of a single object per grid cell, thus
YOLO9000 [19] was introduced with batch normalization layers which improved the mean

average precision (mAP) by 2% and introduced anchor boxes which allowed for detection of five
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objects per cell. For feature extraction from input images, the second version also introduced the
DarkNet-19 convolutional neural network architecture as the backbone of the network. The
backbone component of the YOLO model is a convolutional neural network that performs the
function of extracting features from the input image. The third iteration of this model, YOLOv3
further improved the feature extraction performance by increasing the depth of the backbone model
(number of layers) to 106 with the introduction of the Darknet53 neural network [20]. YOLOv4
[21] introduced an intermediate neck component using a Path Aggregation Network (PAN) with
Spatial Pyramid Pooling (SPP) between the backbone and the head, which is used as a feature
aggregator, responsible for collecting feature maps from the backbone. It also introduced the
concepts of Bag of Freebies (BoF) and Bag of Specials (BoS). BoF uses techniques to improve the
mean Average Precision (mAP) without increasing the cost of training. These techniques included
adding mosaic data augmentation, introducing a new loss function (CloU-loss), and self-
adversarial training in the head, among others. On the other hand, BoS applies techniques to
significantly improve the performance with a slight improvement in detection speed. These
improvements were the addition of Cross-stage partial (CSP) connections in the Darknet53
backbone along with the use of Mish activation functions in the backbone and detector
components. These changes improved the mAP by 10% compared to YOLOv3. YOLOV5, which
was released just after YOLOv4, was the first model to use PyTorch instead of the original Darknet
framework on which all the previous versions were based. One notable improvement in YOLOv5
was the introduction of AutoAnchor, which is a novel method of generating anchor boxes to
improve the aspect ratio to have a better fit with the target objects. When generating new anchors,
AutoAnchor first applies a KMeans function against the ground truth bounding boxes and uses the
centroids outputted by the function as the initial condition for a Genetic algorithm for anchor
verification and generation. In addition to that, one more improvement compared to YOLOV4 is
the use of SPPF (Spatial Pyramid Pooling - Fast) instead of SPP. Both SPP and SPPF modules
produce mathematically identical outputs, but the latter uses less computational resources (in terms
of FLOPS) than the former. It does so by running convolutions in series and then concatenating

the outputs compared to just running them in parallel.

3.3.4.1. YOLOv5s: The Baseline Canola Damage Detection Model
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For detecting the damaged kernels and modifying it to build a lighter version for
subsequent deployment in an embedded device, the YOLOV5s (version 6.1) object detection model
was adopted. The YOLOv5s model belongs to the YOLOV5 family of models that consists of other
models like nano, small, medium, large, and X-large. It is a one-stage detector developed by [22].
Similar to the previous iterations of YOLO, it consists of three parts to its architecture: backbone,
neck, and head. The backbone is responsible for processing the input images and extracting
hierarchical features that are used for detecting the objects of interest. YOLOv5s uses the Cross-
Stage-Partial Darknet 53 (CSPDarknet53) [23] convolutional neural network model as the
backbone. This CNN structure is a 53-layer deep network, where all the layers are stacked to form
a hierarchy of features. The layers present in the bottom half are responsible for capturing low-
level details, while the top layers are tasked with capturing more abstract and semantically
meaningful features. The neck is responsible for multi-scale feature fusion and improving the
contextual information fetched from the images. This is achieved via the use of the Spatial Pyramid
Pooling Fast (SPPF) [24] and the Cross-Stage Partial - Path Aggregation Network (CSP - PAN)
[25] architectures. The SPPF module computes spatial pooling features at multiple scales, while
the PAN [26] module aggregates spatial context and channel information across feature maps to
improve detection accuracy. Finally, YOLOv5s uses the detection head of YOLOv3 [20] for
predicting object bounding boxes, class probabilities, and objectness scores at different scales.

3.3.5. Improved ShuffleNetV2_YOLOvV5s Network Architecture

The choice of backbone architecture significantly impacts the overall model size and
computational complexity. Inherently “lightweight” CNN structures such as ShuffleNet [27] and
MobileNet [28] have fewer parameters and require fewer computations during both training and
inference, which can lead to lower model size and lower computational complexity than
CSPDarknet53. Both these enhancements are advantageous for deployment in resource-
constrained devices due to storage, memory, and computational power limitations. Therefore, in
this study, the backbone of the original model was redeveloped using the ShuffleNetV2 network.
The ShuffleNetV2 [29] model was chosen as it is an efficient and lightweight CNN architecture
designed particularly for mobile and embedded devices (Section 3.2.). The previous version,
ShuffleNetV1, [27] was not chosen for this study as it was less efficient due to problems such as

higher memory access cost (MAC) and low parallelism in computing, due to certain design choices
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of incorporating network architectural components such as pointwise (1 x 1) group convolutions,
element-wise operations such as Addition, and varying channel width due to bottleneck structures
in the network. Hence, ShuffleNetV2 included reforms to counter those issues to increase
parallelism and decrease memory access cost by making efficient network architecture design
choices such as including a channel splitting operation after each unit to split the feature channels
into two branches c-¢” and ¢’ (where ¢’ is ¢/2). Out of the two branches, one branch is kept as
Identity, and the other branch is constituted of three convolutions with the same input and output
channels to minimize MAC. These two branches are then concatenated followed by a channel
shuffle operation (Fig. 3.2a). The structure for spatial-down sampling is shown in Fig 3.2b. These
two structures which are then stacked make the overall ShuffleNetV2 CNN. The ShuffleNetV2
backbone integrated with YOLOV5s network increases parallelism in model training and decreases
the MAC, which is a crucial parameter while training an object detection network and makes the
model training much faster and more efficient. The ShuffleNetV2_YOLOv5s model consists of a
total of 16 ShuffleNetV2 units. In the backbone region, the input image is first fed to a module
consisting of 3 x 3 convolutions (kernels = 6, stride = 2, padding = 2), batch normalization, a
maxpool layer, and activated by the SiLU activation function. The resulting tensor is inputted to
four stacked ShuffleNetV2 units, followed by another eight and four stacked units. The first two
units replaced the standard C3 modules present in the original network and feature a shortcut
connection to the neck region of the network to prevent feature loss. The SPPF module is retained
as it is faster than the original SPP module and efficiently aggregates all the features extracted by
the ShuffleNetV2 units. The details of the reconstructed YOLOvV5s backbone using efficient
ShuffleNetV2 CNN architecture and a side-by-side comparison are shown in Fig. 3.3 and the
resulting ShuffleNetV2_YOLOv5s model is shown in Fig. 3.4.
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Fig. 3. 3. The comparison of the original and the reconstructed backbone architectures.
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Fig. 3. 4. The structure of the ShuffleNetV2_YOLOv5s model.

3.3.6. Model Training and Performance Evaluation

All the models developed for this study were trained using the same sets of
hyperparameters (Epochs: 100, Batch size: 8, Image Size: 640 x 640 px, Initial and Final learning
rate: 0.01, Optimizer: Stochastic Gradient Descent, and Momentum: 0.937) using an NVIDIA
Tesla T4 GPU. The performance of each model was evaluated based on the metrics of Precision
(Eq. 1), Recall (Eqg. 2), F1 Score (Eq. 3), mean Average Precision at 0.5 Intersection over Union
(mAP@0.510U) (Eq. 4), and Inference speed (pre-process time + inference time + non-maximal

suppression time) (Eq. 5).
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True Positive (Eq. 1)
True Positive + False Positive
True Positive (Eq. 2)
True Positive + False Negative

Precision (P) =

Recall (R) =

2 * Precision * Recall .
F1 Score = (Ea-3)

Precision + Recall
1 (Eq. 4)

1 1 (Eq. 5)

3.3.7. Deployment in an Edge-Al Device and Integration with the Canola

Crusher

The Jetson Nano (Jetpack 4.6.1, Ubuntu 18.02, Python 3.8.12, Torch v0.9.0, Torchvision
v0.11.1), an edge-computing device developed by NVIDIA corporation was used as the platform
for deploying the developed lightweight model. This device runs on 5 watts of power and features
a Quad-core ARM A57 CPU clocked at 1.46 GHz and a 128 CUDA core Maxwell GPU. Once the
training of the models was complete, the weight file of the best lightweight model (Fig. 3.9) was
exported to .onnx (open neural network exchange) format from .pt (PyTorch) format and then
transferred to the NVIDIA Jetson Nano. Exporting the model to .onnx format was conducted to
optimize the inference speed of the network. The deployment was conducted to demonstrate the
real-time performance of the developed model in accurately detecting the damages present in the
canola samples. The embedded device was seamlessly incorporated into the canola crusher
apparatus. This integration facilitated the following operational workflow: Canola kernels were
systematically fed to the machine via the hopper and the crank was rotated to crush the seeds. The
camerawas fixed in such away that it directly captured the incoming strip with the crushed kernels.
This synchronous data acquisition enabled real-time monitoring of the canola damage detection
process, with the detection boxes promptly visualized and displayed on a dedicated screen for

immediate observation and analysis.

66



3.4. Results and Discussion

3.4.1. Comparison between methods of sample preparation and its effect on

model performance

The two sample preparation methods using the traditional hand-held roller and the semi-
automatic canola crushing unit were compared based on the quality of the sample set prepared and
the time required to prepare the samples. It was observed that the seeds were more uniformly
crushed and aligned using semi-automatic crushing unit, whereas the canola seeds crushed using
the hand-held roller were touching each other and some seeds were not crushed properly. Fig. 3.5
shows the difference in time required to prepare 15 sets of the sample strips from which it is evident
that the machine is the superior option as it allows to processing of more samples in a lesser
duration of time and hence also exhibits lesser fatigue to the operator. Moreover, processing more
samples in a shorter amount of time facilitated the preparation of more samples for evaluation,
which led to a better representation of the actual damage condition of the canola in bulk.

Furthermore, the base YOLOv5s model was trained on the two datasets separately. The
training performance of the same model on the two datasets is visualized in Fig. 3.6. The loss and
mMAP curves indicate that the model trained on D2 converged faster and with less noise. Fig. 3.7
outlines the results of the performance of the YOLOvV5s model in both datasets. The F1 score and
MAP@0.5 metrics of the YOLOv5s model trained on D1 were 1.7% and 1.4% lower than the
model trained on D2. This result can be directly attributed to the better quality of the dataset, where
the same model could learn the features inherent to both the classes better due to the kernels being
better aligned, uniformity of the sizes of the kernels, and due to the non-touching nature of them.
Our result is in accordance with the results from the study conducted by [7] where the performance
of the YOLOV5 model trained by them in two distinct sets of datasets (touching and non-touching
corn kernels) was better in the case of non-touching corn kernels. The samples crushed using the
hand-held roller method resulted in some non-crushed kernels as well, which the baseline model
confused as the heated class due to the close resemblance in appearance between the color of the
heated seeds cotyledon and the dark brown shell. Moreover, the touching-kernels also made the
annotation step difficult and had a huge chance of mislabelling. It was observed that while the

ground-truth bounding boxes of the image corresponding to D2 were more distinct, the bounding
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boxes for instances pertaining to D1 were overlapping between each class as well with the sound
samples and the seed coat. The difficulty caused by annotation also led to a lower performance
metric. Overall, this divergence in model performance can be attributed to multifaceted factors
intrinsic to computer vision and deep learning. The D2 dataset, characterized by well-defined and
prominently visible objects-of-interest, offered a more extensive and high-quality training data
source. This enabled the YOLOv5s model to glean distinctive object features more effectively
during training, ultimately enhancing its object recognition capabilities. In contrast, in D1, with
objects exhibiting reduced clarity due to the non-uniform diameter of the crushed seeds, introduced
inherent challenges into the training process, hampering the model’s ability to extract pertinent
information and make accurate predictions. As the baseline model performed better in the D2
dataset, the following model training with lightweight CNN backbones was done on this dataset.
These multitude of reasons led to the model trained on D2 to detect the damaged kernels better as
can be seen in Fig. 3.8. The D1 trained model reported a total of four false negative cases in a
representative test image, one in the immature class and three in the heated class. All these
misdetections were in overlapping seeds, which clearly emerges from the difficulty in the ground-
truth preparation step and thus demonstrates the importance of proper data annotation in computer

vision projects.
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Fig. 3. 5. Comparison between the time required to prepare the crushed canola samples using
hand-held roller and semi-automatic crushing machine, (A) not including the time required to

load the canola seeds, (B) including the time required to load the canola seeds.
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Fig. 3. 6. Difference in training metrics (Loss and mAP) for the YOLOV5s model trained on (A)
dataset D1 and (B) dataset D2.
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Fig. 3. 7. Performance of the base YOLOvV5 model when trained on D1 and D2 datasets.
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Fig. 3. 8. Detections made by the YOLOv5s model on a representative image present in A) test
dataset D1, B) test dataset D2. FN stands for False Negative.

3.4.2. Comparison between the baseline model and the lightweight model

Fig. 3.9 outlines the difference in performance between the three models trained in the D2
dataset. The ShuffleNetV2_YOLOvV5s model emerged as the lightweight model of choice as its
size was 56.5% smaller than the MobileNetV3_YOLOv5s model and 80.4% smaller than the
baseline YOLOv5s model. In terms of computational complexity, the YOLOv5s model based on
the ShuffleNetV2 backbone was 64.1% smaller than the YOLOv5s model based on the
MobileNetV3 backbone, and 99.5% smaller than the original model. Furthermore, this model had

only 2,906,091 trainable parameters which was 56.7% and 82.95% less than the parameter counts
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of MobileNetV3_YOLOv5s and the YOLOv5s models, respectively. In terms of inference speed,
the FPS reported by the base YOLOV5s, ShuffleNetV2_YOLOv5s, and MobileNetV2_YOLOv5s
models in a validation dataset in an NVIDIA Tesla T4 GPU were 56.1, 98, and 53.7 FPS
respectively. However, due to the four-way trade-off between model size, model cost, inference
speed, and overall accuracy, the light-network model-of-choice could not outperform the other two
models in terms of MAP@0.5, which was 0.9% lower than the baseline model and 0.5% lower
than the other lightweight model. In terms of F1 score, this model was the second-best model, only
behind the original model, as it resulted in 0.4% lower than YOLOV5s but 0.9% higher than the
other light-network option. However, it can be argued that this drop in both mAP and F1 scores
compared to the original network can be neglected considering the significant reductions in the
metrics of size and cost, which created a suitable condition for deployment in the resource-
constrained embedded devices. Moreover, the mAP of 97.7% achieved by the
ShuffleNetVV2_YOLOvV5s model is still higher than what an expert grader functioning under both
fatigue and non-fatigue condition will achieve. The detection made by the three models on the
same representative test image is visualized in Fig 3.10. The false negative case observed only on
the image detected with the weights of the MobileNetV2_YOLOv5s model is due to the lowest F1
score achieved by this model. Hence, between the two lightweight network options, the
ShuffleNetV2_YOLOv5s model emerged as the better model as it outperformed the
MobileNetV3_YOLOvV5s model in all the metrics except mAP.
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Fig. 3. 9. Comparison of lightweight models (MobileNetV3_YOLOv5s and

ShuffleNetVV2_YOLOvV5s) with the Base YOLOv5s model.
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Fig. 3. 10. Detections made by (A) Base YOLOv5s, (B) MobileNetV3_YOLOv5s, and (C)
ShuffleNetV2_YOLOvV5s on the same representative test image.

3.4.3. Deployment results, hardware limitations, and benefits of inferencing on

the edge

The overall system in operation, where no false positive as well as no false negative cases
were observed in the real-time test videos captured by the camera onboard the device. This was in
contrast to the model’s performance on the validation dataset which can be attributed to the higher
inference time required in the edge-device compared to the inference speed on the Tesla T4 GPU
(98 FPS). Therefore, this higher detection speed in the Maxwell GPU resulted in better accuracy.
The baseline YOLOv5s model with the CSPDarknet53 backbone displayed an inference speed of
only 1.25 frames per second as it was the heaviest model amongst the three developed models
compared to 5 frames per second by the ShuffleNetV2_YOLOv5s model. This four-times increase
in FPS validates the network-compaction improvement made on the baseline model. The
performance of the ShuffleNetV2_YOLOv5s model when deployed on the Jetson Nano device
was also compared with the same models' performance when deployed on a Raspberry Pi 4 device.
The inference speed achieved with Jetson Nano was 133.3% higher than the inference speed
achieved with the Raspberry Pi 4 device as the former detected the damaged seeds with a speed of
5 FPS compared to only 1 FPS reported by the latter. This observed disparity in inference speed
can be attributed to the inherent hardware distinctions between the two platforms. The Jetson Nano
device is equipped with a dedicated Maxwell Graphics Processing Unit containing 128 CUDA
cores, which is engineered to handle parallel processing tasks, particularly those prevalent in neural
network computations. This parallelism is instrumental in accelerating matrix multiplication,
convolution, and element-wise operations, which are fundamental to Convolutional networks.
Furthermore, the Jetson Nano device augments its computational capabilities with a quad-core
ARM Cortex-A57 CPU, which synergistically complements the GPU for Al workloads. The CPU
can offload certain computational tasks and coordinate memory management efficiently,
contributing to overall performance gains in inference tasks than the Raspberry Pi 4 device which

lacks the depth of Al use case-specific hardware optimization, leading to relatively slower
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inference times. However, it is crucial to mention that inference speed depends substantially on
the type of hardware used, for instance, the best-performing lightweight model reported an FPS of
98 on a Tesla T4 GPU where it was trained, however, due to the relatively low-powered GPU
onboard the Jetson Nano, the FPS was 5. The FPS can be increased by using more powerful edge
devices such as the NVIDIA Jetson AGX Orin, but it will also increase the cost of the overall
system significantly which might be unfeasible for farmers. For instance, the cost of the Jetson
AGX Orin device is 16 times greater than the device used for this study. Nevertheless, the
lightweight model developed in this study can be readily deployed in these expensive embedded
devices for near real-time inferencing at the edge. Regardless of the detection performance of edge
devices compared to the cloud GPUs or workstation GPUSs, there are quite a number of benefits of
inferencing on the edge as compared to sending the data to the cloud for processing. One of the
primary benefits is the significantly lower latency achieved with edge computing, making it ideal
for real-time applications such as the automated grading of agricultural products. Moreover, edge
computing enhances privacy and security by keeping data on the device, reducing the risk of data
breaches. It also conserves bandwidth by transmitting only relevant information, making it cost-

effective and suitable for scenarios with intermittent internet connectivity.

3.4.4. Effect of data quality and data annotation on model performance

There is a direct correlation between the quality of the images, the quality of the
annotations, the imaging conditions used for model training, and the performance of the model
when trained under the same conditions. The results obtained from our study highlighted our
observations in accordance with several other studies specifically conducted to check the effect of
these factors relating to dataset quality on model performance. For instance, in a study conducted
to study the effect of data annotation on model performance by [30], it was found that reannotating
5000 images present in the Google Open Images dataset significantly ameliorated the mean
average precision metric. The reannotation process corrected a notable number of incorrect labels
and other ambiguities hence refining the overall quality of the dataset. This strategy of improving
the training data to improve model performance by fixing the model and improving the data either
by reducing the inherent noise present in it or increasing the number of trainable instances is called

Data-centric Al and is a rapidly growing route for developing cost-effective Al systems. Similarly,
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[31] found that introducing both radial and uniform noises to the annotations made on the
COCO02017 dataset negatively affects the mean average precision metric of the RCNN object
detection model. Akin to the results observed in the two recent studies, the quality of data
annotation on D2 was greatly superior to the quality of the data annotation on D1, and hence the
same model’s performance on the mAP metric was observed to be 1.4% better. Moreover, the
effect of input image size was also studied and the performance of the YOLOv5s model is tabulated
in Table 3.1. It can be observed that regardless of the dataset, the lowest input size image (i.e., 320
pixels) showed the most sub-optimal performance and suggests that training the model with
inferior quality image data leads to sub-optimal performance in terms of both F1 score and mAP.
The trends indicate that an empirical relationship exists between model performance and input
image resolution for both datasets, however, no evidence was seen that the change in performance
is proportionate to the image size.

Table. 3. 1. The Effect of Model Input Image Resolution on Model Performance for both the
datasets.

Dataset Image Size P(%) R (%) F1 Score (%) MAP@0.5 (%)

320 x 320 94.8 94.8 94.8 95.8
D1 512 x 512 955 95.2 95.3 96.4
640 x 640 96.3 95.8 96.1 97.0
320 x 320 95.0 94.8 94.9 96.4
D2 512 x 512 96.2 96.4 96.3 98.2
640 x 640 97.4 97.1 97.2 98.6

3.5. Conclusion

Quality of canola can be determined by the number of damaged (immature and heated)
seeds. This is due to several factors such as frost during harvest and sub-optimal storage conditions
which leads to enzyme inactivation. These damages directly affect the grade and the price in the

market as the oil derived from it needs to be processed more, thereby reducing both the yield and
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oil quality, and increasing the processing cost. Thus, detecting them is mandatory for setting the
correct grade, which to date has been done via manual methods for both the sample preparation
and damage seed identification steps. The present study provided a solution to detect damaged
canola seeds using an end-to-end computer vision technique. A novel sample preparation
technique in the form of a semi-automatic canola crusher machine was introduced, and its
comparison with the traditional method shows that the former outperforms the latter both in the
parameters of time required and quality of the prepared samples. The solution for automating the
second component was framed as a deep learning-based object detection problem using the
YOLOv5s model. However, as the final goal was to deploy the model into a resource-constrained
environment for real-time inferencing, the original model was compacted to reduce its size and
computational complexity. This was achieved by reconstructing the backbone with the
ShuffleNetV2 CNN. The resulting model was a smaller and less computationally complex model
suitable for embedded devices. This light model detected all the damages in a real-time video feed
captured via the camera system onboard the Jetson Nano device with good accuracy and a
detection speed of 5 FPS. Therefore, this study provided a groundwork for developing similar end-

to-end frameworks for automating the damage detection process in other agricultural products.
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CHAPTER 4. Thesis summary and recommendations for future research

This thesis provided the groundwork to develop the necessary software required to develop an
automatic canola damage identification and grading system. The proposed system is comprised of
three major components: A faster canola crushing unit, a microprocessor to take in the video input
and process the data, and an Artificial Intelligence model to analyze the data and output the
decision in real-time. The primary objective is to improve the throughput of the grading step as
the success of the successive steps in the canola processing supply-chain is dependent on this stage.
Adoption of the fast-growing Al techniques will remodel the agricultural sector and allow to make
reliable and informed decisions. The main contribution of this thesis to this project is creating the
roadmap to develop state-of-the-art computer vision algorithms that are specific to detecting
damages to canola kernels based on seed condition but are also flexible enough to be used for other
seeds such as rice or wheat kernels, by updating the training data. Different network architectures
were developed with the objective of optimizing the networks to negate the four-way trade-offs
inherent to object detection network. It was have shown that using a semi-automatic canola crusher
in place of a traditional handheld roller makes the overall system faster and the quality of the
dataset produced by it, which is used for training the developed model is significantly better.
Furthermore, it has been shown that GPU based microprocessor (e.g., NVIDIA Jetson Nano) is a
better choice than CPU based microprocessor (e.g., Raspberry Pi 4) as the graphical processing
units along with the CUDA software in the Jetson Nano is better at parallel computing. However,
our report also suggests that the inference speed metric is directly related to the hardware of the
edge-Al device. However, as more powerful embedded devices are exponentially expensive than
entry-level devices, there is a need to find the sweet spot between speed and cost to achieve mass
adoption of the system. Coming to the developed networks, which is the main highlight of the
thesis, two object detection networks were developed, YOLOvV7_ours and ShuffleNet_YOLOv5s.
For the development of the two networks, two unique approaches were taken. In the first network,
the metric of accuracy was prioritized, i.e., the main developmental goal was to improve the mean
average precision metric while decreasing the metrics of size and computational cost. The addition
of two Convolutional Block Attention Mechanism (CBAM) modules increased the accuracy

compared to the baseline model while changing the convolutional operations with a more cost-
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efficient ghost convolutional operation in all the ELAN modules in the SPPCSPC module
decreased the overall size and cost of the model compared to the parent model. Two additional
functionalities of tracking and counting were added to the network to automatically count all the
detected damages. The use of the ByteTrack multi-object tracking algorithm decreased duplicate
counts as all the identified objects were assigned a unique ID number. In the second network,
which is based on the most extensively used YOLOV5 network, the main focus was on decreasing
the metrics of size and cost and increasing the metric of inference speed. Due to the trade-off
factor, the accuracy of this model was lower than the first network but much smaller, less
computationally expensive, and much faster. Chapter 3 also reported that there is a direct
correlation between dataset quality and model performance and reported that errors in the ground-
truth preparation step negatively affect the results.

To overcome the limitations and to make continuous improvements to the networks, here are some
recommendations for future studies.

1. To overcome the challenge of limited training data, Generated Adversarial Networks
(GANSs) or Denoising Diffusion Probabilistic Models (DDPMs) can be used to augment
the size of the dataset. As the performance of the model is directly proportional to the
amount of data it is trained on, it is hypothesized that this will lead to the creation of more
accurate networks.

2. Research on developing object detection architectures utilizing Transformer models (such
as the Vision Transformer (ViT) and Shifted Windows Transformers (SWIN-T)), which is
a new paradigm that doesn’t involve the convolutional operation. There is a rising number
of studies which show that transformer-based models surpass CNN-based models in certain
conditions.

3. To further improve the accuracy of the network, the effect of other attention mechanisms
such as Squeeze and Excitation Networks (SENet) on model performance can be explored.
Attention Mechanisms are useful when it is required to selectively focus on the most
important features and suppress the non-important ones.

4. Finally, there exists substantial potential to advance the current prototype to a market-ready
stage and initiate commercialization. By refining the prototype to include an automated
canola crushing unit and integrating the developed object detection software, which

processes canola kernels as inputs and autonomously delivers the grading results, we may
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render the existing traditional approach obsolete. The versatility of this system extends

beyond canola, making it transferable for other types of grains as well.
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APPENDIX 1. Python code to create YOLOv7_Ours

Al.1. Network Architecture

(Note: Please refer to Fig. 2.4. for the graphical representation of the structure)

# parameters

nc: 2 # number of classes

depth_multiple: 1.0 # model depth multiple
width_multiple: 1.0 # layer channel multiple

# anchors
anchors:
- [12,16, 19,36, 40,28] # P3/8
- [36,75, 76,55, 72,146] # P4/16
- [142,110, 192,243, 459,401] # P5/32

# yolov7 backbone

backbone:
# [from, number, module, args]
[[-1, 1, Conv, [32, 3, 1]], #0
[-1, 1, Conv, [64, 3, 2]], # 1-P1/2
[-1, 1, Conv, [64, 3, 1]],
[-1, 1, Conv, [128, 3, 2]], # 3-P2/4

[-1, 1, GhostConv, [64, 1, 1]],

[-2, 1, GhostConv, [64, 1, 1]],

[-1, 1, GhostConv, [64, 3, 1]],

[-1, 1, GhostConv, [64, 3, 1]],

[-1, 1, GhostConv, [64, 3, 1]],

[-1, 1, GhostConv, [64, 3, 1]],

[[-1, -3, -5, -6], 1, Concat, [1]],

[-1, 1, GhostConv, [256, 1, 1]], # 11

1, MP, 1],
, 1, Conv, [128, 1, 1]],
1, Conv, [128, 1, 1]],
, 1, Conv, [128, 3, 2]],
[-1,-3], 1, Concat, [1]], # 16-P3/8

1, 1, GhostConv, [128, 1, 1]],
2, 1, GhostConv, [128, 1, 1]],
1, 1, GhostConv, [128, 3, 1]],
1, 1, GhostConv, [128, 3, 1]],
1, 1, GhostConv, [128, 3, 1]],
1, 1, GhostConv, [128, 3, 1]],
[-1, -3, -5, -6], 1, Concat, [1]],
[-1, 1, GhostConv, [512, 1, 1]], #24

[-
[-
[-
[[1,1
[[1,1
[-

[

[-1, 1, MP, (1,
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-1, 1, Conv, [256, 1, 1]],
-3, 1, Conv, [256, 1, 1]],
-1, 1, Conv, [256, 3, 2]],
[-1,-3], 1, Concat, [1]], # 29-P4/16

1, GhostConv, [256, 1, 1]],
, 1, GhostConv, [256, 1, 1]],
, 1, GhostConv, [256, 3, 1]],
, 1, GhostConv, [256, 3, 1]],
1, GhostConv, [256, 3, 1]],
, 1, GhostConv, [256, 3, 1]],
[ 1 -3, -5, -6], 1, Concat, [1]],
-1, 1, GhostConv, [1024, 1, 1]], # 37

MP, [I],

, Conv, [512, 1, 1]],

,Conv [512, 1, 1]],

, Conv, [512, 3, 2]],

[ , 3] 1, Concat, [1]], # 42-P5/32

PRPP

1, GhostConv, [256, 1, 1]],
, 1, GhostConv, [256, 1, 1]],
, 1, GhostConv, [256, 3, 1]],
, 1, GhostConv, [256, 3, 1]],
, 1, GhostConv, [256, 3, 1]],
, 1, GhostConv, [256, 3, 1]],
[ 1 -3, -5, -6], 1, Concat, [1]],
-1, 1, GhostConv, [1024, 1, 1]], #50

]

# yolov7 head
head:
[[-1, 1, GhostSPPCSPC, [512]], # 51

[-1, 1, Conv, [256, 1, 1]],

[-1, 1, nn.Upsample, [None, 2, 'nearest1],

[37, 1, Conv, [256, 1, 1]], # route backbone P4
[-1, 1, CBAM, [256]],

[[-1, -3], 1, Concat, [1]],

-1, 1, GhostConv, [256, 1, 1]],
-2, 1, GhostConv, [256, 1, 1]],
-1, 1, GhostConv, [128, 3, 1]],
-1, 1, GhostConv, [128, 3, 1]],
-1, 1, GhostConv, [128, 3, 1]],
-1, 1, GhostConv, [128, 3, 1]],
[-1, -2, -3, -4, -5, -6], 1, Concat, [1]],
-1, 1 GhostConv, [256, 1, 1]], # 64

aal=—lonlenlenlen L el

[-1, 1, Conv, [128, 1, 1]],

[-1, 1, nn.Upsample, [None, 2, 'nearest1],

[24, 1, Conv, [128, 1, 1]], # route backbone P3
[-1, 1, CBAM, [128]],

[[-1, -3], 1, Concat, [1]],

[-1, 1, GhostConv, [128, 1, 1]],



-2, 1, GhostConv, [128, 1, 1]],

-1, 1, GhostConv, [64, 3, 1]],

-1, 1, GhostConv, [64, 3, 1]],

-1, 1, GhostConv, [64, 3, 1]],

-1, 1, GhostConv, [64, 3, 1]],

[-1, -2, -3, -4, -5, -6], 1, Concat, [1]],
[-1, 1, GhostConv, [128, 1, 1]], # 77

[
[
[
[
[
[

1, 1, GhostConv, [256, 1, 1]],

2, 1, GhostConv, [256, 1, 1]],

1, 1, GhostConv, [128, 3, 1]],

1, 1, GhostConv, [128, 3, 1]],

1, 1, GhostConv, [128, 3, 1]],

1, 1, GhostConv, [128, 3, 1]],

[-1, -2, -3, -4, -5, -6], 1, Concat, [1]],
[-1, 1, GhostConv, [256, 1, 1]], # 90

[
[
[
[
[
[
[

1, 1, GhostConv, [512, 1, 1]],
2, 1, GhostConv, [512, 1, 1]],
1, 1, GhostConv, [256, 3, 1]],
1, 1, GhostConv, [256, 3, 1]],
1, 1, GhostConv, [256, 3, 1]],
1, 1, GhostConv, [256, 3, 1]],
[-1, -2, -3, -4, -5, -6], 1, Concat, [1]],
[-1, 1, GhostConv, [512, 1, 1]], # 103

[
[
[
[
[
[
[

[77, 1, RepConv, [256, 3, 1]],
[90, 1, RepConv, [512, 3, 1]],
[103, 1, RepConv, [1024, 3, 1]1,

[[104,105,106], 1, IDetect, [nc, anchors]], # Detect(P3, P4, P5)
]

Al.2. Python code to create a Convolutional Block Attention Mechanism

(CBAM) module

class ChannelAttention(nn.Module):

def __init__(self, in_planes, ratio=16):
super().__init__()



self.avg_pool = nn.AdaptiveAvgPool2d(1)

self.max_pool = nn.AdaptiveMaxPool2d(1)

self.f1 = nn.Conv2d(in_planes, in_planes // ratio, 1, bias=False)
self.relu = nn.ReLU()

self.f2 = nn.Conv2d(in_planes // ratio, in_planes, 1, bias=False)
self.sigmoid = nn.Sigmoid()

def forward(self, x):
avg_out = self.f2(self.relu(self.f1(self.avg_pool(x))))
max_out = self.f2(self.relu(self.f1(self.max_pool(x))))
out = self.sigmoid(avg_out + max_out)
return out

class Spatial Attention(nn.Module):

def __init_ (self, kernel_size=7):
super().__init_ ()
assert kernel_size in (3, 7), 'kernel size must be 3 or 7'
padding = 3 if kernel_size == 7 else 1
self.conv = nn.Conv2d(2, 1, kernel_size, padding=padding, bias=False)
self.sigmoid = nn.Sigmoid()

def forward(self, x):
avg_out = torch.mean(x, dim=1, keepdim=True)
max_out, _ = torch.max(x, dim=1, keepdim=True)
x = torch.cat([avg_out, max_out], dim=1)
x = self.conv(x)
return self.sigmoid(x)

class CBAM(nn.Module):
def __init_ (self, c1, c2, ratio=16, kernel_size=7):
super().__init_ ()
self.channel_attention = ChannelAttention(c1, ratio)
self.spatial_attention = Spatial Attention(kernel_size)

def forward(self, x):
out = self.channel_attention(x) * x
out = self.spatial_attention(out) * out
return out

Al.3. Python code to create a Ghost Convolutional network

class GhostConv(nn.Module):
def __init_ (self, c1, c2, k=1, s=1, g=1, act=True): # ch_in, ch_out, kernel, stride, groups
super(GhostConv, self).__init__ ()
c_=c2// 2 #hidden channels
self.cvl = Conv(cl, c_, k, s, None, g, act)
self.cv2 = Conv(c_, c_, 5, 1, None, c_, act)

def forward(self, x):

y = self.cvl(x)
return torch.cat([y, self.cv2(y)], 1)
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Al.4. Python code to create a standard convolutional (Conv) layer

class Conv(nn.Module):
# Standard convolution
def __init_ (self, c1, c2, k=1, s=1, p=None, g=1, act=True): # ch_in, ch_out, kernel, stride, padding, groups
super(Conv, self). _init_ ()
self.conv = nn.Conv2d(cl, c2, k, s, autopad(k, p), groups=g, bias=False)
self.bn = nn.BatchNorm2d(c2)
self.act = nn.SiLU() if act is True else (act if isinstance(act, nn.Module) else nn.Identity())

def forward(self, x):
return self.act(self.bn(self.conv(x)))

def fuseforward(self, x):
return self.act(self.conv(x))

AL.5. Python code to create the GhostSPPCSPC module

class SPPCSPC(nn.Module):
def __init_ (self, c1, c2, n=1, shortcut=False, g=1, e=0.5, k=(5, 9, 13)):

super(SPPCSPC, self).__init_ ()
c_=int(2 * c2 *e) #hidden channels
self.cvl = Conv(cl, c_,1,1)
self.cv2 = Conv(cl, c_, 1, 1)
self.cv3 = Conv(c_,c_, 3,1)
self.cv4d = Conv(c_,c_, 1,1)
self.m = nn.ModuleList([nn.MaxPool2d(kernel_size=x, stride=1, padding=x // 2) for x in k])
self.cvb=Conv(4*c_,c_1,1)
self.cv6 = Conv(c_, c_, 3, 1)
self.cv7 =Conv(2*c_,c2,1,1)

def forward(self, x):
x1 = self.cv4(self.cv3(self.cv1l(x)))
y1 = self.cv6(self.cv5(torch.cat([x1] + [m(x1) for m in self.m], 1)))
y2 = self.cv2(x)
return self.cv7(torch.cat((y1, y2), dim=1))

class GhostSPPCSPC(SPPCSPC):
def __init_ (self, c1, c2, n=1, shortcut=False, g=1, e=0.5, k=(5, 9, 13)):

super().__init__(c1, c2, n, shortcut, g, €, k)
c_=int(2 * c2 *e) # hidden channels
self.cvl = GhostConv(cl, c_, 1, 1)
self.cv2 = GhostConv(cl, c_, 1, 1)
self.cv3 = GhostConv(c_, ¢ _, 3,1)
self.cv4 = GhostConv(c_, c_, 1,1)
self.cv5 = GhostConv(4 *c_,c_, 1,1)
self.cv6 = GhostConv(c_, c_, 3,1)
self.cv7 = GhostConv(2 *c_, c2, 1, 1)

Al.6. Python code to create a maxpool (MP) layer
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class MP(nn.Module):
def __init_ (self, k=2):
super(MP, self).__init_ ()
self.m = nn.MaxPool2d(kernel_size=k, stride=k)

def forward(self, x):
return self.m(x)
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APPENDIX 2. Python code to create ShuffleNetV2_YOLOvV5s

A2.1. Network Architecture

(Note: Please refer to Fig. 3.4. for the graphical representation of the structure)

# Parameters
nc: 2 # number of classes
depth_multiple: 1.0 # model depth multiple
width_multiple: 1.0 # layer channel multiple
anchors:

- [10,13, 16,30, 33,23] # P3/8

- [30,61, 62,45, 59,119] # P4/16

- [116,90, 156,198, 373,326] # P5/32

# YOLOV5 v6.0 backbone
backbone:
# [from, number, module, args]
[[-1, 1, Conv, [24]], # 0-P1/2

[-1, 4, shufflenetV2, [48]], # 1-p2/4
[-1, 8, shufflenetV2, [96]], # 2
[-1, 4, shufflenetV2, [192]], # 3

[-1, 1, SPPF, [1024, 5]],
]

# YOLOV5 v6.0 head

head:
[[-1, 1, Conv, [512, 1, 1]], #5
[-1, 1, nn.Upsample, [None, 2, 'nearest]], # 6
[[-1, 2], 1, Concat, [1]], # cat backbone P4 7
[-1, 3, C3, [512, False]], #8

[-1, 1, Conv, [256, 1, 1]], #9

[-1, 1, nn.Upsample, [None, 2, 'nearestT], #10
[[-1, 1], 1, Concat, [1]], # cat backbone P3 11
[-1, 3, C3, [256, False]], # 12 (P3/8-small)

[-1, 1, Conv, [256, 3, 2]], #13
[[-1, 9], 1, Concat, [1]], # cat head P4
[-1, 3, C3, [512, False]], # 15 (P4/16-medium)

[-1, 1, Conv, [512, 3, 2]], #16
[[-1, 5], 1, Concat, [1]], # cat head P5
[-1, 3, C3, [1024, False]], # 18 (P5/32-large)

[[12, 15, 18], 1, Detect, [nc, anchors]], # Detect(P3, P4, P5)
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A2.2. Python code to create a ShuffleNetVV2 module

class shufflenetV2 (nn.Module):
def __init_ (self, c1, c2, n=1):
super().__init__()
self.feature =[]
# print(len(self.feature), *****")
for i in range(n):
ifi==0:
self.feature.append(InvertedResidual(cl, c2, 2, 2))
else:
# print(cl, c2)
self.feature.append(InvertedResidual(c2, c2, 1, 1))
self.features = nn.Sequential(*self.feature)
def forward(self, x):
x = self.features(x)
return x

class InvertedResidual(nn.Module):
def __init__(self, inp, oup, stride, benchmodel):
super().__init__()
self.benchmodel = benchmodel
self.stride = stride
assert stride in [1, 2]

oup_inc = oup//2

if self.benchmodel == 1:

#assert inp == oup_inc

self.banch2 = nn.Sequential(
# pw
nn.Conv2d(oup_inc, oup_inc, 1, 1, 0, bias=False),
nn.BatchNorm2d(oup_inc),
nn.ReLU(inplace=True),
#dw
nn.Conv2d(oup_inc, oup_inc, 3, stride, 1, groups=oup_inc, bias=False),
nn.BatchNorm2d(oup_inc),
# pw-linear
nn.Conv2d(oup_inc, oup_inc, 1, 1, 0, bias=False),
nn.BatchNorm2d(oup_inc),
nn.ReLU(inplace=True),

)

else:

self.banchl = nn.Sequential
#dw
nn.Conv2d(inp, inp, 3, stride, 1, groups=inp, bias=False),
nn.BatchNorm2d(inp),
# pw-linear
nn.Conv2d(inp, oup_inc, 1, 1, 0, bias=False),
nn.BatchNorm2d(oup_inc),
nn.ReLU(inplace=True),

)

self.banch2 = nn.Sequential(
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# pw
nn.Conv2d(inp, oup_inc, 1, 1, 0, bias=False),
nn.BatchNorm2d(oup_inc),
nn.ReLU(inplace=True),
#dw
nn.Conv2d(oup_inc, oup_inc, 3, stride, 1, groups=oup_inc, bias=False),
nn.BatchNorm2d(oup_inc),
# pw-linear
nn.Conv2d(oup_inc, oup_inc, 1, 1, 0, bias=False),
nn.BatchNorm2d(oup_inc),
nn.ReLU(inplace=True),
)
@staticmethod
def _concat(x, out):
# concatenate along channel axis
return torch.cat((x, out), 1)

def forward(self, x):
if 1==self.benchmodel:
x1 =Xx[:, :(x.shape[1]//2), :, 1]
x2 =X[:, (x.shape[1)//2):, :, 1]
out = self._concat(x1, self.oanch2(x2))
elif 2==self.benchmodel:
out = self._concat(self.banch1(x), self.banch2(x))

return channel_shuffle(out, 2)

def channel_shuffle(x, groups):
batchsize, num_channels, height, width = x.data.size()

channel_per_group = num_channels // groups

x = x.view(batchsize, groups, channel_per_group, height, width)
X = torch.transpose(x, 1, 2).contiguous()

X = x.view(batchsize, -1, height, width)

return x

A2.3. Python code to create a Convolutional layer

class Conv(nn.Module):
# Standard convolution with args(ch_in, ch_out, kernel, stride, padding, groups, dilation, activation)
default_act = nn.SiLU() # default activation

def __init__ (self, c1, c2, k=1, s=1, p=None, g=1, d=1, act=True):
super().__init_ ()
self.conv = nn.Conv2d(cl, c2, k, s, autopad(k, p, d), groups=g, dilation=d, bias=False)
self.bn = nn.BatchNorm2d(c2)
self.act = self.default_act if act is True else act if isinstance(act, nn.Module) else nn.ldentity()

def forward(self, x):
return self.act(self.bn(self.conv(x)))
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def forward_fuse(self, x):
return self.act(self.conv(x))

A2.4. Python code to create a Spatial Pyramid Pooling - Fast module

class SPPF(nn.Module):
def __init_ (self, c1, c2, k=5): # equivalent to SPP(k=(5, 9, 13))
super().__init_ ()
¢_=cl//2 #hidden channels
self.cvl = Conv(cl, c_,1,1)
self.cv2 =Conv(c_*4,c2,1,1)
self.m = nn.MaxPool2d(kernel_size=k, stride=1, padding=Kk // 2)

def forward(self, x):
x = self.cvl(x)
with warnings.catch_warnings():
warnings.simplefilter(‘ignore’) # suppress torch 1.9.0 max_pool2d() warning
y1 = self.m(x)
y2 = self.m(y1)
return self.cv2(torch.cat((x, y1, y2, self.m(y2)), 1))

A2.5. Python code to create a Cross Stage Partial with 3 Convolutions (C3)

module

class C3(nn.Module):
def __init__(self, c1, c2, n=1, shortcut=True, g=1, e=0.5): # ch_in, ch_out, number, shortcut, groups, expansion

super().__init__()
c_=int(c2 * e) # hidden channels
self.cvl =Conv(cl, c_,1,1)
self.cv2 = Conv(cl, c_,1,1)
self.cv3 = Conv(2 * ¢_, c2, 1) # optional act=FReLU(c2)
self.m = nn.Sequential (*(Bottleneck(c_, ¢ _, shortcut, g, e=1.0) for _ in range(n)))

def forward(self, x):
return self.cv3(torch.cat((self.m(self.cv1(x)), self.cv2(x)), 1))
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SUPPLEMENTARY FIGURES

SF 1. The two methods used for sample preparation. A) The traditional hand-held roller
recommended by the Canadian Grain Commission to crush the canola seeds and detect the
damages, B) The semi-automatic canola crusher machine (Devloo Canola Crusher) to crush the

canola seeds faster and more uniformly.
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Laptop to view the detections in real time

S

SF 2. The overall system assembled to detect damages to canola kernels.

Real-time
] Detections

Strip with Crushed
Canola Seeds

SF 3. The end-to-end computer vision system in operation.
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