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Abstract

One of the most popular crops grown and eaten in Bangladesh is peppers, which
include different types of different peppers; capsicum (red, yellow and green),
local chili (red and green), Shimla, and Bombay chili. These types are not only
the focus of culinary activities but also have a great nutritional and financial
importance. Peppers contain necessary vitamins, such as C, A, B6, K, E, and
antioxidants, such as carotenoids and flavonoids and minerals, such as potassium.
Their nutritional quality highlights their significance in the human health, and
their economic value highlights the importance of proper classification of breeds
in agriculture, quality, and organization of the market. Though it has been proved
that deep learning has been effectively used in the classification of pepper in
previous research, the majority of the current research has been centered on a
limited number of varieties and relatively small datasets. This paper fills these
gaps by providing a novel balanced dataset of 1,000 images of ten pepper types.
It was made sure that the data set represented each class equally, thus removing
bias and allowing a fair analysis of the performance of the model. Three models
were used to evaluate the effectiveness of deep learning to classify pepper breed:
VGG16, ResNet50 and YOLOv10. VGG16 and ResNet50 are typical CNN
models commonly used to classify images, whereas YOLOv10 is an object
detector model that can be used generically to perform classification. The
experimental findings showed that ResNet50 and VGG16 had classification
accuracy of 96% and YOLOvI10 had a classification accuracy of 94.25% with a
higher real time inference speed.
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Chapter-1: Introduction

One of the most widely grown and consumed crops in the world is pepper with
some of the varieties being green chili, red chili, Bombay, Shimla and capsicum.
These types are highly divergent with regard to shape, size, color, pungency,
chemical composition. In addition to their cooking value, peppers are rich in
vitamins, antioxidants and capsaicin that give them not only a pharmaceutical but
also an industrial value since they are vital in increasing metabolism and
immunity. In Bangladesh, pepper has two folds meaning: it is a fine spice, cash
crop that is consumed by the rural people in their livelihood. Big production
blocks of Bogura, Rangpur, Jamalpur and Rajshahi can provide fresh and dried
chili (local markets), processing plants, and export markets. However, the imports
have some inclination to be used as a result of the seasonal deficits. These can be
attributed to variations naturally, pest damages, post-harvest operations losses
and acceptance of impurity added to the supply chain by inefficient supply chains,
and low-quality control. All these restrictions highlight the importance of finding
ways of overcoming them as far as pepper production, processing and post-
harvest are concerned. The developments of Al, machine vision and robotics are
offering a new way of possibilities to enable agriculture to enter the 21st century
in such a way that it will increase the aspect of food security. Pepper harvesting
is highly developing intensive particularly in grading process which is
traditionally graded manually since it involves visual inspection which may lead
to variation and error [1].

Recent observations have indicated that convolutional neural networks (CNN5)
and other computer vision and deep learning systems can be applicable to detect,
identify, and determine the quality of the chili variety in real-time with high
accuracy. Existence of said machines in the agricultural supply system can lead
to the better accurateness of the grading process, reduction of losses, less reliance
on human input and uniformity of exports. Therefore, automated pepper
classification is the right way to a smarter, more efficient and sustainable spice
industry. Interestingly, most of the other studies have focused on either small
datasets or one-model designs; our research paper addresses this gap by
comparatively analyzing detection-based and classification-based deep learning
models on a balanced data of ten pepper varieties.



1.1 Background

Peppers are some of the economically and nutritionally important crops in the
world and different varieties are grown and grown in Asia, Europe as well as the
Americas. Peppers are a twofold issue in Bangladesh: they are not only a key
ingredient in everyday cuisine as a staple spice, but they are also a valuable cash
crop that supports rural livelihoods. Bogura, Rangpur, Jamalpur, and Rajshahi are
the key production centers, which produce both fresh and dried chili that are
consumed nationwide, processed in the food industries, and also exported to both
local and foreign markets. Nevertheless, the pepper business in Bangladesh has
continued to encounter numerous problems, such as season and supply shortage,
pests, after harvesting, and grading discrepancies. These problems lower
profitability, decrease the competitiveness of exports, and enhance dependence
of imports during lean periods.

The sophistication of pepper production and export is due to the variability of
pepper crop. Peppers are very diverse in terms of color (green, half-red, red,
yellow), shape (slender chili, bulky capsicum), texture (smooth, wrinkled), and
the intensity of the pungency. Manual classification is also complicated by
transitional pigmentation, e.g., the transition between the green and half-red and
the full red chili (transitional pigmentation). Historically, grading and sorting
have been based on human eye inspection, which is subjective, requires labor-
intensive as well as being error prone. The incorrect categorization of similar
varieties that look alike does not only compromise the quality assurance, but also,
causes economic losses to the farmers and exporters. In the case of international
trade, discrepant grading usually leads to repudiation of consignments, which
harmed the reputation of Bangladesh in the international spice markets.

The most recent developments in the field of artificial intelligence (Al), machine
vision, and robotics offer groundbreaking opportunities to the automation of
agriculture. When machine vision systems are involved, it recreates the vision of
human inspection by taking digital pictures then analyzing using the
computational models. When combined with the deep learning models, like
Convolutional Neural Networks (CNNs) and object detection systems, like
YOLO, these systems are capable of automatically identifying complex visual
features and classifying agricultural products with a high rate of accuracy. In



contrast to classical machine learning methods, which are based on manually
crafted features (color histograms, texture descriptors, shape indices), deep
learning models acquire hierarchical representations starting with raw images,
and therefore can work in a variety of crop types and environments.

The application of deep learning in the fields of fruit and vegetable classification,
disease detection, maturity assessment and robot harvesting has already been
successful worldwide. Peppers machine vision can be particularly useful in a
situation where they vary in terms of color, shape and surface texture. Automated
classification can contribute to decreasing losses following harvest to a minimum,
improving the quality of exports and assist farmers to meet the international
standards. Moreover, grading machines, conveyor belts and robot harvesters can
be equipped with a real-time classification system that can be scaled to farms and
supply chains.

Despite these advances, most of the literature prior to this time is limited, focusing
on the research of this or that species of pepper or a limited sample. It results in
an imbalance in the development of even data and musical evaluation of different
architectures. This divide needs to be bridged in designing sound and
generalizable systems that have the capability to handle diversity of pepper
breeds which are witnessed in the agricultural environment. Another goal of the
given study is to put pepper classification into the perspectives of the general
development of smart agriculture by comparatively revealing trade-offs between
accuracy, faster inference and deployability through exploring classification-
based (VGG16, ResNet50) and detection-based models (YOLOv10).

Lastly, we have the history that underlies this research and that is coming together
of farm necessity and technology. Peppers are an essential component of the
Bangladeshi diet, along with the rural economy, but automation of peppers can
lead to socio-economic payoffs that can be achieved in the short run. The machine
vision-based classification is an access point to smarter, more efficient, and more
globally competitive agricultural practices, and it aids in eliminating a rift
between agricultural practices in the past and the present, which is backed up by
Al-powered solutions.



1.2 Motivation

Peppers are not only one of the common spices in the Bangladeshi cuisine, but
they form a significant cash crop, on which the population in the countryside
depends. Being dependent on pepper farming as an export crop and as a
household use crop, such districts as Bogura, Rangpur, Jamalpur and Rahsahi rely
on it. However, the industry is still confronted with long-term problems of
seasonal deficit, pest infestations, post-harvest losses and un-reliable grading.
These issues lower the profitability, decrease the relevance in exports and
increase the dependence of imports during lean times.

Manual classification and grading being based on human eye inspection is highly
labor-intensive and subjective. The mutual imprecision, which occurs in the
classification of similar varieties which are aesthetically equivalent such as half
red chili and green chili, is normally misclassified and thus quality assurance is
also poor and there are market failures. This will be an international loss of
credibility and rejection of the consignments by the exporters. This is bad news
to the farmers, who will end up having low prices and wages.

The aim of this work is inspired by the need to bridge the gap between the
traditional and contemporary Al-based solutions in agriculture. Machine vision
and deep learning can also be used to automate pepper classification, be more
precise, have consistency, and scale better. This reduces the human dependency
as well as ensuring that the same quality standards are maintained in the supply
chains.

In addition, the comparative analysis is propelled by the practicality of
deployment (comparative analysis of classification and detection-based models
according to VGG16 and ResNet50, respectively). As compared to the classical
models, dynamic farm and market environments necessitate application of real
time detection models. Practically adopted systems to the farmers, traders and
exporters need knowledge of the trade-offs in accuracy versus the speed of
inference and the robustness.

Last, the two sources of inspiration of this study are twofold:

e Scientific: To further develop the research on the theme of agricultural
machine vision by proposing a balanced sample of ten pepper varieties and
applying different deep learning structures in a controlled manner.



e Socio-economic Motivation: To provide the farmers and exporters in
Bangladesh with technology that will enhance precision in grading, reduce
losses and enhance competitiveness in the global spice markets.

1.3 Objective

The main aim of the work is to reach a new level of machine vision and

application of deep learning in recognizing agricultural crops with certain
consideration of pepper breeds. The following objectives facilitate this overall
objective:

Dataset Development

Out of every 1,000 pictures you can have 10 kinds of pepper variants.
The equal classes: Assure that the lack of favoritism is established and
be certain that generalization is attained.

Preprocess to ensure that the samples are consistent like resizing,
normalization and RGB standardization.

Model Implementation

Train classification-based (VGG16, ResNet50) and a detection-based
(YOLOV10 ) architecture.

Image: follow the scheme of converting the YOLOvV10 model to the
classification task in order to be equally compared to the classical CNN
models.

Divide models into systems (200 and 800 training images and 200 and
800 validation images respectively).

Performance Evaluation

Compare the models on the basis of such trivial measurement as the
accuracy, precision, recall, F1-score, the false positive rate (FPR) and
the false negative rate (FNR).

Create confusion matrix in order to ascertain trend in misclassifications
especially between similarly looking pepper species such as half-red
and green chili.



Comparative Analysis
e Discuss advantages and disadvantages of classification based and
detection-based methods.
¢ Display trade-offs in accuracy, speed and deployability of applications
in agriculture.

Deployment Considerations
e Finally, Compare Applicability to a practical application of each of the
two models like automated grading, sorting and robotic harvesting.
e Comments: What are your realistic suggestions as to how machine
vision systems can be used in pepper supply chains to provide quality
management and competitiveness to exports



Chapter — 2: Literature Review

Machine vision and machine learning in agriculture sector have shown an
exploratory growth over the past few years and have given more attention to the
peppers than the others due to their economical and nutritional value. Past
procedures were variation of classical concept of processing in digital image and
were applied to the manual characteristics (color, texture and shape) which tend
to change when the light conditions, the resolution and transitional pigmentation
change. To deal with these limitations, increasingly recent literature has been
considering a broader, larger ensemble of deep learning models; including,
convolutional neural networks (CNNs) with object detectors models, such as
YOLO.

The world has seen numerous research projects done regarding various
architectures and image-based frame-works in order to improve the level of
accuracy, robustness, and adaptability of pepper breed recognition and
classification systems.

2.1 Prior Studies

Invented a machine vision smart modelling system to sort bell peppers in-line to
meet export specifications. The LDA and MLP classifiers were compared in
terms of color, texture and size characteristics of bell peppers. The MLP classifier
had a remarkable accuracy of 93.2 at a throughput rate of 0.2s/sample [2].
Proposed a deep learning instance segmentation system to phenotype pepper in
the field. Their approach with Mask R-CNN was much higher in performance
than classical image processing and reached mAP values of 0.97 on Blocky Bell
pepper and La muyo pepper, exhibiting high robustness and generalization
capacity across several different pepper varieties [3].

Already give an automatic chili pepper phenotyping system with YOLOvV7 to
detect fruit and seeds. They had achieved 0.92 and 0.87 precision and mAP
respectively. It captures morphological features such as seed numbers, fruit
dimensions, color levels, and surface area in support of breeding and genetic
resource management of pepper [4]. Suggest a computer vision-based YOLOvS5
model that would be used to classify bird’s eye chili in real-time. An example of
a Raspberry Pi 4B system employed with a robotic manipulator to sort red/green



chilies was shown, with the obtained results being 0.94 and 0.90 mAP, accuracy
using 739 labeled images [5]. Recognize and categorize chili fruits (green, red,
and rotten) with an accuracy of over 93% using YOLOvVS on a dataset of 300
images. It puts emphasis on YOLOVS and its effectiveness in real-time use of
agricultural robots, to achieve proper localization and grading of chili fruits [6].
Presents machine vision techniques are used in classifying and grading fruits
considering color, texture, size, and shape characteristics. It introduces feature
extraction algorithms like SURF, HOG, LBP, and machine learning algorithms
like KNN, SVM, ANN, and CNN, with their pros and cons, and issues with
automation of the quality of fruit inspection [7]. Autonomously classify pepper
varieties using the YOLOv8m deep neural network. A single YOLOv8m model
was used to classify eight varieties of Capsicum using 1,476 labelled images with
the results showing that data augmentation improved accuracy, recall and mAP
[8]. Suggest a robotic gripper solution using transfer learning (VGG-16,
ResNet50, GoogleNet) to automate the process of bell pepper quality detection.
VGG-16 achieved the highest accuracy of 98.38 and outperformed both
ResNet50 and GoogleNet which reached 90 and 97 accuracy, respectively, hence
it is capable of classifying fresh and unfresh peppers in post-harvesting sorting
[9].

Present YOLOvV8-CBSE a lightweight improved model to identify the maturity
of chili peppers in natural settings. An initial YOLOv8 CBSE that included the
ConvFormer, SRFD, and DRFD blocks and EloU loss had a mAP of 88.08% on
1390 field images [10]. Compare in detail banana breed recognition with the
traditional machine learning and deep learning methods. To evaluate seven deep
learning models and five classical ML models we used 5100 banana images. The
trained CNN had the highest accuracy (99.37) over the pre-trained nets and
classical methods, which supports the strength of the customized CNNs in the
recognition of agricultural animals breeds [11]. Trained an improved YOLOv4
model to detect pepper targets during the daytime. The base (88.95) was lower
than the improved YOLOv4 Mosaic with CBAM attention of 98.36% mAP on
500 pepper images. In this way, the precision and effectiveness of pepper
detection is enhanced, facilitating agri-automation [12].

Introduced a smaller GooglLeNet-EL network that has better results on pepper
leaf disease detection. An Inception model that was spatially pyramid pooled
achieved 97.87% precision with pepper leaf disease on 9,183 images, 6 percent
higher than the prior versions of IncV2. It was also able to be used in a portable
application in a large pepper farm with a ResNet-50 as the model due to its small



memory requirement (10.3 MB) and quick inference time relative to AlexNet,
ResNet-50, and MobileNet-V2 [13]. Introduced Mask R-CNN as the backbone
based on ResNet-101 + FPN to locate green sweet pepper fruit and peduncle
under greenhouse conditions. Model precision was 84.53% and 71.78% fruit
precision and peduncle precision respectively and mAPIoU = 50 of 72.64, which
means that there is robust real-time segmentation under occlusion conditions and
under complex light intensity conditions [14]. Introduce a papaya disease
identification system that uses k-means clustering to partition the data and
support vector machines (SVM) to classify the data with a high accuracy of over
90% [15]. Deep learning has the potential of advancing automation in agriculture
with emphasis given to pepper varieties classification. With the YOLOv8m
model and a set of 1476 annotated images augmented with data augmentation,
the researchers reported significant gains in precision, recall and mean average
precision. The findings demonstrate the usefulness of YOLOv8m to discriminate
pepper in real-time and create a feasible benefit in quality assessment after
harvesting and food chain [16].

Red beet study developed a three-phase study with the YOLOv9 and YOLOv10
models that showed that larger sizes and the higher the resolutions, the fewer false
negatives and the better the weed is detected to execute an accurate wedeling. To
improve the accuracy of the variants of YOLO pose that already exist, the
soybean paper suggested YOLO SSP, a variant of the critical point detector,
which has a focus on the detection of the stem node, and can be used to predict
yields and breeding. The whitefly paper presented an AR glass segmentation
then-detect-based system using an optimized YOLOv11, which enables them to
accurately estimate the population of the adult and late-instar nymphs in the
complex field settings. Taken together, these papers indicate that sophisticated
deep learning models are changing precision agriculture, both in terms of
controlling weeds and in terms of monitoring and detecting pests and traits [17],
[18], [19].It introduces MS YOLO (better than YOLOv10) on small defects
detection to the PCB paper, achieving almost 99% mAP at 1.5 and with edge
strengthening, SPDConv, and dual distillation. The citrus paper presents
YOLOv11 RDTNet, a compact model which reduces parameters by more than
40 percent and is more effective in recognizing pests and diseases. They combine
to demonstrate how industry and agriculture applications of tailored YOLO
upgrades achieve high precision in an efficient manner. [20], [21]. The proposed
medicinal plant paper is an improved ResNet50 with progressive transfer learning
and optimized SVM that attains 96.8 percent accuracy in for a dependable



classification with leaf in the future. Cucumber, PCB, and citrus papers
demonstrate that lightweight variants of YOLO achieve high-precision, efficient
vision models to use in sorting, defect detection, and pest recognition,
demonstrating the applicability of deep learning to agriculture and industry [22],
[23].

It is observed in the rice disease experiment that a modified ResNet50 is 99.75%
accurate in detecting rice blast at an early stage, exceeding Inception V3, VGG16,
VGG19, and CNN, and executed through a Gradio web app to enable empirical
application. In Malaysia, crop disease detection research compared VGG16,
ResNet50 and EfficientNet B1 with tomato and potato leaf samples, with
EfficientNet B1 showing the highest utility (99.45 percent accuracy) which were
statistically validated and had a web interface to perform real time diagnosis.
Combined, they support the idea that state-of-the-art CNN architectures and
transfer learning provide high accuracy, useful agricultural disease management
tools [24] [25].The mammography images were tested using VGG16 and
ResNet50 in the breast cancer study with a reported accuracy of 91.23 per cent
and 99.01 per cent respectively, highlighting the importance of the two in early
cancer detection. IVGG13, a variant of VGG16, paper on pneumonia, that uses
less depth and data augmentation, was found to perform better than LeNet,
AlexNet, GoogLeNet, and standard VGG16 on data on chest X ray. The rice
disease paper showed that a trained ResNet50 with modifications performed
99.75 percent accuracy on early rice blast detection and was much more accurate
than Inception V3, VGG16, VGG19, and CNN, and was implemented using a
Gradio web application. Brain tumor model compared AlexNet, VGG16 and
ResNet50 on MRI images with Alexnet having an accuracy of 96.10 percent
which was higher than the others [26], [27], [28]. ACP Tomato Seg is a better
YOLOvS8s seg model with AOFRM, CMPrd and PSA modules that improves
feature extraction, multi scale detection and attention focus. It made significant
increases in both bounding box and mask tasks mAP scores, better than the
baseline. The model was also demonstrated to be significantly generalized on a
strawberry dataset, which is useful in accurate fruit segmentation and automated
fruit harvesting [29].

The potato leaf disease experiment reported a high accuracy (98.22%) with an
ensemble of VGG16 and ResNet50, showing better results than the single models
(96.16 and 95.68). The affect detection experiment was a comparison of VGG16,
ResNet50, and SE ResNet50 against facial images whereby ResNet50 achieved
the best validation accuracy of 99.47. Collectively, these papers demonstrate that
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CNN assembles and promotes architectures produce highly precise classification
with agricultural disease detection and human affect detectors [30] [31].The
grapevine study proposed a faster Faster R CNN (Enhanced VGG16) into a UAV
where a quadcopter takes pictures of leaves and a hexacopter is used to spray
pesticides. It had the highest accuracy of 99.6% and it was more practical than
AlexNet, GoogleNet, ResNet 50, and normal vineyard VGGI16 [32].The
pulmonary nodule experiment made the ResNet50 Ensemble Voting model with
CT images of nodules under 20 mm achieving 94.3% accuracy, sensitivity of 96.4
and specificity of 91.1. This method had great promise of helping clinicians in
diagnosing lung cancer early [33].

EfficientRMT Net consists of ResNet 50 and Vision Transformers (ViT),
combined with depth wise convolution layers to classify potato leaf diseases,
reaching up to 99.12% accuracy, compared with traditional CNN-based
techniques. The ResNext50 LSTM hybrid model resolves the problems of
vanishing gradient and overfitting by restraining feature growth and storing
pertinent features to be learnt over the long term with a 95.44% validation
accuracy on the PlantVillage dataset [34] [35].ResNet50 was the most successful
in the tomato leaf disease detection task, as it obtained the highest accuracy of
96.51% and exhibited good prospects in real time IoT based crop monitoring. A
framework based on YOLO to extract the leaf with ResNet50 to classify the leaf
achieved strong performance in 5,600 images in soybean disease detection,
surpassing other CNNs. Collectively: The two papers emphasize the accuracy and
scalability of ResNet50 to precision agriculture, which can be used to timely take
interventions to minimize crop losses and enhance productivity [36] [37].

2.2 Scope of Study

The research will focus on the creation as well as the trial of a machine vision-
based system to classify pepper breeds with deep learning models. The paper has
provided a balanced set of 1,000 images of ten breed of pepper that has balanced
over a slim scope of slightly limited literature, and includes no class imbalance,
unlike the literature that used to concentrate on a single breed of pepper. By
integrating two classification-based architectures (VGG16 and ResNet50) and a
detection one (YOLOV10), the study benefits itself by having the advantage of
two different approaches. Those does not only involve simple measures of
accuracy estimation but also entails precision, re-call, F1-score, FPR, FNR and
the examination of the confusion matrix thus offering an in-depth view of the
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model's performance. The misclassification issues in particular in the types which
are visually close to each other, e.g. half-red and green chili are considered as the
issues which appear in the real world. Moreover, the scope will also entail
comparative benchmarking of previous agricultural vision research and pepper
classification scope will be in a larger picture of smart agriculture research.
Lastly, the paper shows the areas of deployment to practice, inferences speed and
strength in practical detecting the feasibility of the usage of inferences towards
real-time applications as automated grading, sorting and robot harvesting.

Sensu stricto, the scope of the study will be scientific which would provide an
opportunity to enhance the future of the agricultural machine vision, socio-
economic, which would provide the opportunities to enhance quality control,
post-harvest losses, and prepare the pepper supply chain in Bangladesh to be more
competitive.
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Chapter — 3: Methodology

The chapter explains the methodological workflow to be used in the classification
of pepper breeds based on deep learning models. The research was conducted in
such a way that it was fair and reproducible due to use of balanced data,
systematic pre-processing, and comparative analysis of various architectures.
There were three models used: VGG16 and ResNet50 as classification-based
CNNs [38] and YOLOV10 as a detection-based model used as classification.

3.1 Proposed Methodology

The pepper breed classification model based on the proposed system is a deep
learning pipeline. It is composed of six stages that are related. The Ist phase is
capturing pictures of ten varieties of pepper. We control visual clarity and
consistency in visual signs such as color, texture and shape. These unprocessed
images were then subjected to a series of preprocessing steps. It ensured the
homogeneity and diversity of the dataset. In the following step, the data set was
labelled and categorized manually and sorted into directories with equal classes
of all classes, ensuring that the pepper variety is equally represented to train it
more evenly and balanced. We trained the deep learning models such as
YOLOV10, ResNet50 and VGG16 using the dataset that we labeled manually.
The accuracy, precision, recall, and F1-score were used to measure performance
of the model using conventional indicators. The confusion matrix analysis was
conducted as well to evaluate the quality of prediction on a case-by-case basis.
This tiresome work structure would allow the system to effectively categorize
pepper breeds on the basis of looks, and hence, the prospect of the machine would
show the vision in the agricultural categorization undertaking. Every stage of the
processing as presented in Figure 3.1.1.
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Figure 3.1.1:Diagram of the working process for the classification of pepper

3.2 Data Description

Data on various varieties of peppers was collected using systematic data. The
selected peppers figures were taken under controlled conditions then filtered
and preprocessed to make the modality the same and of equal size and
resolution. The images were in various resolutions, to this end, the images were
scaled to give Breeds a uniform result of the dataset. The data set used to
identify pepper varieties by use of machine vision is of images of 10 varieties of
pepper in Figure 3.2.1, which are used in South Asian markets and agricultural
systems.
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Figure 3.2.1: Pepper Variety Samples
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The images were all organized into a single file which was referred to as pepper
dataset and the images were systematically placed so that they are well-organized
of similar distribution. This was needed to utilize the image classification
techniques appropriately. Table 3.2.1 accommodated each variety of pepper with
the same number of samples, thus resolving the issue of class imbalance. This
equal distribution enables the classification system to learn without being biased
and enhance its ability. The peppers were organized into 10 categories. Which
can be characterized using visual patterns which include color, texture, shape, and
grain size.

Table 3.2.1:Samples of each pepper variety

Variety name Capture Image
Red Bombay 100
Green Bombay 100
Yellow Shimla 100
Red Shimla 100
Green Chili 100
Red Chili 100
Half-Red Chili 100
Green Capsicum 100
Red Capsicum 100
Yellow Capsicum 100
Total 1000

3.3 Dataset organization

For effective training and benchmarking of the model, the dataset was split into
2 different group with an equal number of 10 classes in each: 1. Training; 2.
Validation.

The structure of the whole dataset is mentioned below: training set- 800 images
and validation -200 images. This was conducted in a systematic way where each
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subset included a balanced sample of all pepper varieties in Table 3.3.1 hence
making it achievable to perform unbiased assessments.

Table 3.3.1:Description of pepper classes in the Dataset

Red Bombay Deep red color; elongated shape; glossy surface with medium grain size.
Green Bombay Bright green color; similar shape to Red Bomboy; smooth texture.
Yellow Shimla Bulky bell shape; vibrant yellow color; thick walls and smooth skin.
Red Shimla Bell-shaped; rich red color; thick and glossy sutface.

Green Chili Slender and curved; dark green hue; rough texture with pointed tip.

Red Chili Similar to the green variant; deep red color; slightly wrinkled surface.
Half-Red Chili Transitional color (green to red); mixed pigmentation; uneven texture.
Green Capsicum Large bell shape; bright green; smooth and shiny surface.

Red Capsicum Bell-shaped; vivid red color; thick and glossy skin.

Yellow Capsicum Bell-shaped; golden yellow color; smooth and firm texture.

These pictures of pepper were captured in different resolutions, indicating a
difficulty with the deep learning models with a fixed input size. To alleviate this
weakness, the images were preprocessed so as to make them consistent
throughout the dataset. RGB image format, a three-channel color depth, and
heterogeneous initial resolutions are the main peculiarities of the dataset. To
match the resolution of YOLOvV10, 224x224x3 pixels of ResNet50, and VGG16,
images were resized. This resizing saw to it that there was uniformity in height
and width. The dataset will be more efficient to train as it can be trained with a
compatible and constant input size and enhances the performance [39].
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3.4 Methodology model Used

Convolutional Neural Networks (CNNs) are a special class of feed-forward
neural networks with convolutional layers that learn features from raw images
[40]. In this work, three CNN-based models were applied namely VGG16,
ResNet50 and YOLOv10. Traditional architectures of image classification
(VGG16 and ResNet50) provide a single label to an image based on the visual
features extracted. This study was conducted using YOLORI10, which was
originally an object detector model, with slight adaptations to classify pepper
breeds. This adaptation allows justifiably comparing with VGG16 and ResNet50
as well as showing the ability of YOLOvV10 to detect objects in real-time. The
emphasis on this methodological difference explains the synergistic advantages
of classification-based and detection-based strategies in the larger problem of
pepper breed classification. The overall structure of a CNN model is illustrated
in Figure 3.4.1.

Figure 3.4.1: System Architecture for Pepper Breed Classification /71].
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341 VGG16

Visual Geometry Group - VGG16. VGG-16 1s a widely used convolutional neural
network structure reported to have outstanding accuracy in image Classification
tasks [41]. This model is very deep with the neural network layer being 16. In
addition, it consists of convolutional, pooling and fully connected layers. The
VGG16 employs small 3x3 filters to acquire particular information on color and
texture visual patterns. It is made up of a single input, single output, thirteen
convolutional, five pooling, and three fully connected layers [42]. The width
decreases and the number of channels grows with the depth of the layers. The
convolutional layers that were smaller were trained with varying parameters by
VGG 16 over the training period of the boosting process [43], [44].

The significant features of VGG16 are:

e LEVEL and Shallowness: VGG16 contains 16 layers, arranged in a simple
and consistent architecture and consequently with straightforward
implementation and analyses.

e Small filters: 3 X 3 convolutional filters are used and this can capture finer
details of texture and color patterns.

e Stable baseline: A high-accuracy model in image classification tasks and a
computer vision benchmark model.

e Limitation: Hard to compute, consumes lots of memory and inferences are
slower than newer lightweight models.

VGG16 MODEL
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Figure 3.4.2:VGG16 Architecture
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3.4.2 ResNet50

Despite this, ResNet50 is a step ahead in the CNNs as they suggested use of
residual connections to overcome the issue of vanishing gradient in deep learning
models. ResNet50 despite having done so with 50 layers can learn complex
feature representations on a hierarchical level without being unstable even during
training of the model. Residual layers in ResNet50 are equally important where
large value through gradient being passed to its previous layer [45]. This is with
skip connections that help the network leverage the past feature representations,
therefore the network is better able to classify and avoid misclassifying visually
similar less familiar species of pepper, that are red and half red chillis.

The key characteristic features of ResNet50's are:

e Depth and Flexibility: 50 layers, is able to differentiate hierarchical
features from simple edges to more complex textures and shapes.

e Residual learning: Skip connections alleviate the vanishing gradient issue
and improve convergence in training.

e Good generalization: ResNet-50 pretrained on large datasets like ImageNet
generalizes effectively to new areas, and features can be extracted
effectively.

e Limitations: Smaller networks take shorter time to train and less
computational resources.

ResNet50 Model Architecture
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Figure 3.4.3:ResNet50 Architecture
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343 YOLOv10

YOLOvVI10 is an advanced real-time object the detection model, which has
delivered exceptional performance in terms of endpoint latency and model size
[46]. Unlike the other two models, ResNet50 and VGG-16, which only aim at
classifying information, YOLOvVI1O0 is structured to do both localization and
classification of objects in a single forward walk, thus making it a good model to
sort and grade various peppers in an image. It can detect various peppers in spite
of lighting variations as well as variations in background due to its capacity of
addressing the challenges of real-time object detection [47] in addition to having
an efficient architecture.

The key features of YOLOV10 are:

e Real-time detection: Localization and classification are performed in a
single forward pass, which is suitable to real-time inference in a dynamic
agricultural setting.

e Efficiency: Has been optimized to be low-latency and scalable, and is thus
feasible to deploy in real-world grading and sorting operations.

e Robustness: Works well with image variations in lighting, background
clutter, and occlusion.

e Restriction: It is slower, but its classification accuracy might be a little less
than that of classical CNNs when used in controlled datasets.
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3.5 Performance Metrics

A separate test dataset was used to measure the performance of the proposed
pepper breed recognition models. Accuracy is not necessarily a good measure to
indicate the performance of a model and other measures that may be applied
include Precision, Recall and Fl-score. Whereas in the multiclass case the
confusion matrix i1s a matrices of n x n, that is, a matrix of numbers, and n is the
number of classes. The individual 2x 2 matrices are calculated to obtain the
average performance measures and precision, recall, and F1-score and accuracy
of each model can be obtained.

Precision refers to the direct quantification of the accuracy of positive predictions
of amodel. It gives the probability of the model being right in predicting a sample
to fall under a particular category. The high accuracy in the context of pepper
breed classification means that on the occasion the system recognizes a pepper as
red chili, it will be highly accurate. This minimizes false alarms and improves
trust of automated grading systems. Precision is the ratio of positive samples
which are called positive of the total samples that are called positive, division
gives:
TP
TP+FP

Precision =

(1)

Recall or sensitivity is a measure of the model to accurately classify all the actual
positive samples. It plays a vital role in the agricultural applications since false
cases may be missed and the incorrect classification will be made and quality will
not be regulated. In pepper recognition, high recall is used to ensure majority of
peppers of a certain breed are identified, eliminating chances of missing varieties
such as half-red chili that are physically similar to the green chili. Recall is a
measure of the fraction of true positives that are identified correctly, and is
defined as:

TP
TP+FN

Recall =

(2)

Fl-score is a balanced measure of both precision and recall since they are
harmonic to each other. In contrast to the arithmetic mean, the harmonic mean
punishes drastic variations between precision and recall [48], so the F1-score is
especially useful when the data are skewed, or when faults on the false side and
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inaccuracies in the true side have practical implications. The Fl1-score of the
pepper classification is the score that indicates the ability of the model to
determine which errors to reduce to detect as many as possible. Harmonic mean
of precision and recall is offered by F1-score, which is defined as:

2XPrecisionXRecall

3)

F; — score = —
PrecisionxXRecall

One of the most popular metrics in classifier evaluation is accuracy, which gives
a very simple measure of the overall accuracy. It can be defined as the ratio of the
right predictions of the samples to the total number of samples. Mathematically,
the accuracy can be said to be:

TP+TN
TP+TN+FP+FN

4

Accuracy =

False Positive Rate (FPR) is a percentage that characterizes the percentage of
negative samples wrongly identified as positive. Practically, this shows the
frequency of false alarms by the model. As an example, when a green chili is
incorrectly identified as a red chili, this will contribute to the FPR, a factor that
can lower confidence in automated systems. It is a measure of the proportion of
negative items that were wrongly identified as positive:

FPpP
FP+TN

FPR =

x 100% (5)

The rate of the positive samples that got falsely identified as negative is known
as False Negative Rate (FNR). It shows up missed detects that can be a very
important factor in the agricultural setting. In order to demonstrate this, FNR is
large when a red chili is mistaken to be a green chili to show that the model did
not recognize that there was a true positive case. Collectively, FPR and FNR can
help to better understand the nature of errors that a model 1s committing, and can
be extended to accuracy, recall and Fl-score to construct a general assessment
model. It is a proportion between cases of positive samples that have been termed
as negative:

FN
FN+TP

FNR =

x 100% (6)
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As a combination, the recall and the F1-score are improved scores under deep
learning models as compared to the accuracy score without the combination of
both scores since examining each score alone excludes the other, which shows
that deep learning models have a score of 100 and similar performance across
each section [49].

25



Chapter -4: Experimental Evaluation

This chapter describes the experiment, which makes use of the proposed deep
learning models, to classify peppers based on their breed. It had performed the
experiments on the basis of equalized dataset (1,000 images of ten type of pepper)
split into one publication (800 training images) and into another publication (200
validation images). VGG16, ResNet50 and YOLOv10 models were used to at
least give a comparative a semblance of equity by being implemented on the
model. The performance was measured using the accuracy, precision, recall, F1-
score and the confusion matrices and the results of the batch labeling and
prediction were further processed. With these analyses, the strengths and
weaknesses of each of the architectures are quantitatively and qualitatively
analyzed in terms of the tradeoff between accuracy, inference speed and
performance to the real-world agricultural conditions.

4.1 Comparative Analysis

Table 4.1.1 shows the performance of three deep learning models (i.e., VGG16,
ResNet50, and YOLOvV10) in terms of accuracy, precision, recall and F1-score.
The overall accuracy of VGG16 and ResNet50 was very similar (96 percent).
VGG16 an image-wise achievement was more stable compared to the accuracy
(96.3) and recall (96.0) and Fl-score (96.0) which shows the strength of the
system based on its predictive faculty. ResNet50 As well, had a better accuracy
(96.8), yet a good trade-off (95.9) in Fl-score showing that the relationship is
good with fewer false negative. YOLOvV10 possessed the lowest accuracy (94.25)
yet equal precision (96.32) and F1-score (94.23) and a satisfying performance in
terms of what classes of pepper.

VGG16 and ResNet50 were particularly accurate on all pepper varieties which
means that they can be applied in controlled classification. This has been found
to be of great importance to the agricultural applications since it minimizes the
chances of systematic misclassification and offers confidence that the results
would be very accurate in terms of quality control and conservation. In the
meantime, YOLOv10, with slightly lower overall accuracy, had a higher
inference time and was also more stable when it came to visually comparable
breeds like half-red versus green chili.
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Table 4.1.1:Classification Performance of All Deep Learning Models

Model Accuracy Precision Recall F;i- FPR FNR
(%) (“o) (%) score (%) (%)

VGG16 96 96.3 96 96 0.44 4

ResNet50 96 96.8 96 95.9 0.44 4

YOLOv10 94.25 96.32 92.22 94.23 3.68 7.78

In addition to precision-oriented metrics, speed of inference was also considered
to assess feasibility of implementation. To illustrate, the VGG16 and ResNet50
models are highly precise, but consume much more computing power and are
slower than networks outlined in this paper with reduced convolution stages.
Conversely, YOLOV10 is an efficiency-focused architecture that promises to run
faster inference and be able to perform real-time detection. Altogether, VGG16 is
the most stable model in all metrics of stability whereas ResNet50 offers high
accuracy and equitable performance. Though YOLOvV10 is not very precise, it has
some practical benefits when used in detection within a real time. This approach
can be an interesting option, speed, and flexibility are crucial.

4.2 Visualization of Pepper Classification Across Models

The images of the batch labels depict the step of dataset preparation as each of
the pepper varieties was labeled with the bounding boxes and the class name. This
visualization affirms that every ten of the classes such as Green Chili, Red
Bombay, Half Red Chili, Shimla and Capsicum were always represented in
training. Analysis of these named batches allows seeing the clarity of the dataset
organization and the clarity of the boundaries of the classes. This was necessary
in order to achieve a balanced learning and bias reduction, whereby the models
were given equal representation of each pepper variety.

(Figure 4.2.1) the results of the trained models in the inference. All images feature
peppers with bounding boxes and predicted labels as an indication of how
VGG16, ResNet50, and YOLOvV10 categorised the various varieties of peppers
in various visual setups. The strong performance of the architectures is indicated
by correct predictions, whereas the occasional misclassifications especially
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between transitional types like half red chili and green chili are related to the
findings of the confusion matrix. Such visualizations affirm that CNN based
models (VGG16 and ResNet50) were superior on overall accuracy, but that
YOLOvI10 was superior in a faster inference and more stable in processing
visually overlapping classes.

Confidence scores and the bounding boxes and labels (Figure 4.2.2). The values
offer a further analysis level to show the reliability of every forecast. When the
confidence score is high (nearing 1.0), the model reliability is good whereas a
lower score reveals instances in which the visual similarity posed difficulties to
the classifier. This visualization can be especially relevant when deployed to the
real world, as it will tell not only what was predicted by the model but also how
certain the model was of those predictions.

Together, these visualizations work to bridge the divide between numerical
measures and implementation in the real world. They demonstrate how classifier-
based models and detector-based models complement with each other. CNNs are
precise in well-regulated settings involving the controlled conditions domain, but
YOLOvI10 allows flexibility and speed at an applied real time agriculture
scenario. Under this heading, labeled and predicted batches are presented; such
as create an integrated view of how effective the system is and solidified the role
of machine vision in automated assessment, classification and monitoring of
peppers supply chains.

28



JRedShimi nnn
i red_shimla

@ieenBgreen_bombay | JSIEERC, enC 1png | jlSIeBEgreen_bo ‘96veer§°‘.'n Er.pr _shimlag i4GreenBombai.png
hw‘” : < Bgreen_bombay
oy 1 y - :
€ | |

Revmi vl nno 1 o P err
18Green’ e’;pjﬂomhay hnlf_re:iméh o0

& 4

1GreenChiliPepper.png 3RedChiliPepper.png

green_chili fud chill

1RedBombai.png sreenChiliPepper.png

green_chili

10RedChiliPepper. png V. nChiliPepper.png S5RedChiliPepper.png 3GreenChiliPepper.png

green_chili
freentchil red_chili

11RedBombai.png 17RedBombai.png 5RedBombai.png 3HalfRedChiliPepper.png

fed_bombay red_bombay half_red_chili

—]
e e ~

[ .

Figure 4.2.1:Batch prediction outputs with bounding boxes and labels, showing correct
classifications.
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4.3 Performance Curve Analysis of YOLOv10
Model

The performance curve analysis helps to better understand how YOLOv10
behaves in terms of classification behavior with the variant of changing
confidence thresholds. The precision-confidence statement indicates that most
pepper varieties perform near-perfect in terms of precision whereas transitional
interbreeds like half-red chili are tricky. The F1-confidence curve indicates that
the model 1s most effective at moderate levels of confidence, where precision and
recall have a good balance. The recall confidence curve shows the trade-off that
exists between total detection at low confidence and conservatism at higher levels
of predictions. Lastly, the accuracy-recall curve confirms the strength of
YOLOvV10 whose total mean of 0.5 mAP is 0.975 which proves that it is suitable
to use in real time in the agricultural context.

4.3.1 Precision—Confidence Curve

The precision confidence curve shows the effect of the confidence level on the
model precision, at each of the different pepper classes. The more confidence is
gained, the accuracy is usually enhanced and most classes including
green_bombay, red bombay and red capsicum have values near 1.0.
Nevertheless, half red chili reveals a significant decrease, which indicates the
challenge of differentiating transitional pigmentation. The general curve of all
classes reaches maximum of 1.00 precision with a confidence threshold of 0.778,
which means that YOLOv10 has an ideal precision when it is highly confident
with its prediction. This indicates that the model is very dependable at the
increased confidence levels but transitional types are difficult.
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Figure 4.3.1Precision—Confidence Curve for YOLOvV10

4.3.2 Recall-Confidence Curve

The recall confidence curve indicates that when confidence levels are high, recall
declines. The recall is 1.00 on a confidence threshold of 0.0, i.e. all peppers are
recalled irrespective of confidence. As confidence however, the tradeoff between
complete detection and conservative prediction is reflected by a steadily
decreasing recall. This observation demonstrates that YOLOv10 can recall almost
all peppers with low confidence, but to implement it in practice, it is necessary to
balance the recall and precision to prevent misclassification. In the case of
agricultural automation, a mid-confidence level is important to achieve sufficient
coverage as well as trustworthy classification.
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4.3.2:Recall-Confidence Curve for YOLOv10

4.3.3 F;—Confidence Curve

The F1-confidence curve is a balanced representation of the precision and recall

that illustrates the trade-off between the two. The curve indicates that the model
reaches the optimum output at moderate levels of confidence. In particular, the
overall F1-score is the highest at 0.94 with a confidence threshold of 0.485. The
same applies to individual classes, where it is clear that F1 increases rapidly at
low confidence levels, peaks at middle levels of confidence and decreases as
confidence levels increase.. This implies that YOLOv10 works optimally at
moderate levels of confidence, and therefore, this compared range is the most
suitable to be used in a real-time grading system where accuracy and coverage
are essential factors.
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Figure 4.3.3:F1—Confidence Curve for YOLOvV10

4.3.4 Precision—Recall Curve

Precision-recall are directly compared in the precision—recall curve with all
classes of pepper. The remainder of classes have very high values of precision at
over 0.98 such as: green Bombay, red Bombay and red capsicum. By contrast,
half-red chili has a smaller precision of 0.867, which proves its classification
challenge based on the transition color properties. The general average precision
(mAP 0.5) is 0.975, which is a strong score and indicates the stability of
YOLOVI10 in relation to different varieties of pepper. Such curves confirm the
effectiveness of the model in the real-world application to agriculture, and only
transitional varieties would need further optimization.
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4.4 Confusion Matrices

In the experiments (Figure 3.2.1) we tested how to identify pepper varieties. In
line with the holdout method, the dataset is further split into two subsets: 800
images to train, and 200 images to validate to prevent biased evaluation. In the
case of the YOLOv10 model (Figure 4.4.1 (c)) the normalized confusion matrix
indicates the strength of detection systems. Even half red chili, though, causes
considerable confusion within the classification to background (32%), and the
green chili too, has confusion with the background (21%).

Overall, these errors indicate that the detection accuracy is impacted by
background noise and visual similarity. Transitional phenotype half red chili has
some characteristics of both green and red phenotypes; intermediate
pigmentation. In contrast, pure classification-based classifiers such as VGG16
and ResNet50 (Figure 4.4.1 (a) and (b)) do not contain a background class and
display more clear diagonal domination. We found VGG16 to work quite well
with very few mislabeling on majority of the classes, most confusion between
half red vs. green chili. Also, ResNet50 is off to a good performance with some
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True

confusion happening between half red chili and red Shimla. This kind of mistake
can be explained by the similarities between varieties in their morphological
characters such as overlapping color range and shape. On the whole VGG16 is
slightly more accurate and YOLOvV10 performs more consistently in difficult
object detection environments.
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Figure 4.4.1:Normalized confusion matrices of (a) VGG16, (b) ResNet50, and (¢) YOLOv10
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First, the fact that the values of the confusion matrix of YOLOvV10 are off diagonal
indicates that object detection models are sensitive to the complexity of the
environment. In contrast to a classification model which takes cropped or
processed inputs, YOLOV10 is required to localize and classify objects in a scene
all at once. Consequently, the background clutter, variation of illumination, and
partial obscuration have a substantial impact on its predictions. The fact that there
is a relatively higher confusion with the background class is an indication that
sometimes the model does not differentiate fine object boundaries particularly
when the pepper is a small part of the image or those that have a similar color hue
of the environment.

Also, the mis-labeling of half red chili highlights the difficulty of addressing the
issue of transitional or hybrid classes in real world data. The learned
representations of features can overlap in the latent space since half red chili
overlaps both the case of green and fully red versions. This implies that the
discriminative features (patterns of texture, finer grained color histograms or even
time progression) would be beneficial to the classification strength with their
inclusion as well.

In cases where this variability is close to the differences among the classes, then
the model might not be able to be generalized well. This is very low in instances
where green chili is mixed with the ground, meaning that some of the samples
might not have any strong distinguishing features or that the sample was taken in
unfavorable conditions. Adding more representative and diverse samples to the
data may address this problem.

The larger diagonal dominance in VGG16 and ResNet50 signifies that both
models have learned more robust and discriminative feature representation in
performing classification tasks. By mapping over already stored preprocessed
images, since objects of interest are already centered and salient in the
preprocessed image, these architectures are less vulnerable to background noise.
The controlled input environment enables the models to concentrate on the
learning of class-specific features, and therefore makes fewer misclassifications.
It should be observed though that this benefit was acquired at the expense of real-
life practicality since these models by themselves do not inherently execute object
localization.

Comparison between VGG16 and ResNet50 can also give us insight into
differences between architecture. In case such techniques were used in the
training process, they could have helped in the enhanced performance of
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classification models. But in cases with detection model such as YOLOvI10,
augmentation has to be put into moderation to maintain spatial associations and
bounding box precision.

Although classification models are very accurate in a controlled environment,
they lack the capabilities to identify an object in a complex environment. It is in
this trade-off that the significance of picking of models based on the desired
application is emphasized and not necessarily the accuracy measures.

Besides, the confusion matrix may be utilized as a diagnostic measure, which can
be further enhanced in the model. As an example, more half red chili samples
might be collected under different conditions or new auxiliary labels capturing
transitional points of ripeness might be used to minimize ambiguity. Although
deep learning models are formidable, their ability is naturally connected with the
quality and the representativeness of the data models on which they are trained.
Future research can investigate the possibility of combining the merits of
classification and detection models such as a detection model to recognize objects
and then a specialized classifier to do a fine-grained classification. This can assist
in surmounting the shortcomings noted in the present study and result in more
concrete and credible pixel applications to identify pepper varieties.
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Chapter — 5: Comparative Results Analysis

In order to give a clear picture of the practical implications of the performance of
the deep learning models implemented in breeding pepper we must give their
results against the larger picture of the so-called state-of-the-art research in the
field of agricultural machine vision. Such comparisons help in putting the
accuracy, robustness and efficiency into perspective the architectures used in this
research are compared to the previous methods in terms of classification
capability, and their adaptation to different environmental conditions and their
computing capabilities.

With the VGG16, ResNet50, and YOLOv10 being fitted in this larger framework,
it becomes not just possible to gauge their numerical peculiarities in regard to the
accuracy, the precision, recall, and F1-score but to also assess their relevance to
the real-life agricultural environment. It has been demonstrated in this analysis
that classical classification architectures have both stability and high accuracy, or
that detection-based techniques such as YOLOvV10 can result in new measures of
efficiency and practicality to real-time grading and sorting problem:s.

5.1 Result Comparison Against External Studies

Table 5.1 can be considered as a point of reference to demonstrate the position of
our research concerning pepper breed recognition against other research which is
specific in nature in agricultural and food vision. The maximum accuracy of our
work was 96% using 1000 images, although the other articles (like Xuan et al.)
reported high 95% F1-score when using 849 images to detect apples.

Furthermore, our own results are also quite competitive when compared with the
classification of coffee beans study of Korkmaz et al., whose best model
(InceptionV3) had an accuracy of 93% on a larger data set of 1,554 images. Such
a difference is a sign that our present model, which was built on the basis of
ResNet50, is very efficient when it comes to the specific task connected to
naming various types of peppers.
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Table 5.1.1:Comparative Overview of Transformer-Based Studies

Study Languages Object(s) Dataset Model Best
& Deal Evaluated Performance
domain With
This English, Pepper 1000 YOLOv10, ResNet50:
Study Agricultural  Breed ResNet50, VGG16 96%Accuracy
Machine Classification Faster
Vision
English, R-CNN, YOLOvVS3, Improved
Xuanet s icuitural  Apple 849 Improved YOLOV3  YOLOV3:F1 up
al.[80]1  Machine Detection t0 95%
Vision
Xception,
Coffee Bean DenseNet201, InceptionV3:
Korkmaz . . 1554 .
English, Species InceptionV3, 93%
etal.[51] Food Vision  Classification ResNetV2, Accuracy
DenseNet121

5.2 Benchmarking Against External Studies

Comparison of the findings of this research with the work of other individuals is
crucial in order to confirm the soundness and originality of the suggested
framework. Earlier studies on agricultural machine vision have shown good
results, but most frequently, with a small dataset size, generalization in the model
or practicality in deployment. For example,

Xuan et al. obtained a 95% F1-score in the task of detecting apples with 849
images and an enhanced YOLOvV3 model, which demonstrates the promise of
detection-based architectures but at the cost of fairly small datasets. Likewise,
Korkmaz et al. studied the classification of coffee bean species with InceptionV3,
reporting the results of 1,554 images with an accuracy of 93 percent, which
highlights the feasibility of CNN-based transfer learning but in a food vision
system, not in the agricultural crop classification.
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Conversely, the current study presented a balanced dataset of 1,000 pepper
images of ten varieties and balance the data in the study, removing any imbalance
between classes. ResNet50 with this dataset accuracy 96 percent, VGG16 used
the dataset 96%, and YOLOvV10 used the data 94.25 % accuracy with a faster
inference rate. Furthermore, YOLOvV10 had an overall mAP 0.5 of 0.975, which
is higher than most of the previous YOLO-based agricultural research that
reported between 0.92-0.94 as their precision value. These performances prove
that the proposed framework is in agreement with and extends beyond the state-
of-the-art by merging high accuracy and the flexibility of the solution in real-
time. Notably, the benchmarking points out that CNN models are effective under
controlled conditions, but YOLOv10 offers a viable tradeoff between model
quality and speed and can apply in dynamic agricultural situations like grading,
sorting, and harvesting with robots. The comparative analysis, therefore, places
this study as an important advancement to agricultural machine vision and closing
the gap between the theoretical performance and the real implementation.
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Chapter-6: Limitations and Future Works

This chapter is a summary of the main limitations of the study and an indication
of the future research. Although promising results were obtained with the
proposed methods, there are certain limitations that restrict their application to a
broader range. Such limitations outline the ways in which this work can be
improved, whereas the future work section shows ways in which this research
can be expanded and become more solid.

6.1 Limitations

This study has a number of significant limitations in spite of promising results.
The initial limitation is related to the size and diversity of the data. Despite the
dataset being evenly distributed in ten pepper varieties, the size of the dataset in
general is relatively small when compared to large benchmark datasets that are
applied in computer vision research. Such small size can reduce the
generalization ability of the models, especially when used in the wide variety of
agricultural settings beyond the experimental dataset.

The other limitation is the model calculations of the models used. Though VGG16
is equally as well as ResNet50, both resource-intensive, and high-accuracy and
both can be easily matched to real- because of their high memory and processing
power requirements applications to life in low-resource or edge systems.
YOLOvV10 was more and faster not easily affected by noises in the surrounding,
but in a controlled environment, it was quite accurate a little less, and signifying
a trade-offs between speed and accuracy. This trade-off underlines the difficulty
of achieving the optimal combination of the high degree of accuracy and prompt
sense making in the farm vision systems. Moreover, the pre-trained models have
a weakness with regards to their usage originally intended to do general image
classification. Despite the improved transfer learning, these architectures are not
designed to be efficient to take benefit of the special visual characteristics of the
agricultural samples. Lastly the they only conducted experiments with peppers,
which limited the use in terms of application. the more agricultural produce
recognition jobs.
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6.2 Future Works

We will also consider the future research to enhance the dataset size and variety
by including more images taken in different environmental conditions.
Multimodal aspects like spectral images and texture descriptors will be included
to enhance the material so that the models can be able to detect subtle variations
in pigmentation and surface architecture. Also, hyperparameter optimization,
such as learning rate adjustments, will be considered to improve convergence and
performance in general.

In this paper, three heavy pre-trained models (VGG16, ResNet50, and
YOLOv10) were used; however, they have high computational requirements,
making them impractical to use in more resource-limited settings. To solve this,
the future work will involve research the design and implementation of the
custom CNN architecture, specifically designed to recognize pepper breeds.
These light but specialized models are likely to be more accurate and less
complex, thus easier to implement in practice in agriculture.
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Chapter-7: Conclusion

This paper is a comparison of three deep learning models to the task of pepper
breed classification the models VGG16, ResNet50, and YOLOvV10. As witnessed
in the methodological differences between classification and detection they are
based methods and the study has shown the strengths and weaknesses of the
methods each models. Classical image recognition models (VGG16 and
ResNet50) had a good performance in regard to accuracy, precision, recall and
F1-score with VGG16. The consistency of being repeated in all measures and the
most accurate in its ResNet50 reduces to being the most accurate capacity to
create finesse and harmonious characteristics. YOLOv10, which was which was
originally designed to be applied in a real time context to detecting objects, was
converted to classification, but with only a little inferior accuracy, the model is,
up to a great extent, great practical advantages regarding the inference speed, the
capability to adjust to the environment modifications, and the possibility to use
in real-time agriculture. The measurement metrics as accuracy, accuracy, recall,
Fl1-score, false positive rate (FPR) and false negative rate (FNR) were a more
detailed methodology of ascertaining the performance of a model. VGG16 model
is an effective breed classifier that classifies pepper breed with better accuracy
and generalization [52]. The findings showed that classification-based models are
very reliable and robust in controlled conditions where detection-based models
like YOLOvV10 have special advantages in real-world situations, especially when
it comes to operating in dynamic field conditions where speed and flexibility are
most important. This comparative study highlights the trade-off between
accuracy and efficiency, which should be put into serious consideration during
the design of machine vision system to be used in agriculture. In addition to the
technical results, the research shows that how deep learning can be utilized to
recognize agricultural breed, especially with peppers. It demonstrates that pre-
trained architectures can provide powerful performance, but they have
computational and size requirements, as well as being unoptimized on
agricultural datasets, which makes them difficult to use in the real world
applications. The results of the research contribute not only to the confirmation
of the effectiveness of deep learning in crop classification, but also to the
identification of the necessity of further research in the expansion of datasets,
integration of multimodal features, and the creation of lightweight custom CNNs
adapted to agricultural tasks [53].
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To summarize, the study has shown that deep learning models have a great
potential to develop automated agricultural systems. Classification-based models
are more accurate and robust whereas detection-based models are adaptable in
real-time.
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