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Abstract

Ensuring food security is a crucial priority for nations worldwide, but plant diseases significantly hinder this
objective, through their impacts on agricultural productivity. Chili pepper (Capsicum spp.) is a major crop in
West Africa including in Benin. However, its production is challenged by diseases such as anthracnose and Tomato
Yellow Leaf Curl Virus (TYLCV) which severely impact its yields and farmer livelihoods. While traditional
methods for disease detection and management have been commonly used, they are no longer sufficient to combat
rising pest infestations and declining agricultural productivity. To tackle this issue, we built a comprehensive
dataset of 213 images of anthracnose-affected leaves, 202 images of TYLCV-infected leaves, and 119 images of
healthy leaves, collected under diverse environmental conditions in Benin. The study compared the performance
of thirteen (13) deep learning models including among others YOLOvS, MobileNetV2, and DenseNet121 for the
classification of chili diseases in Benin using transfer learning techniques to improve their accuracy, based on
values close to one (1) of evaluation metrics such as Accuracy, Precision, Recall and F1-Score. Results show
that YOLOvV8 outperforms other models in detecting and localizing leaf diseases in real time. It achieved a
mean Average Precision (mAP@0.5) of 0.995 and mAP@0.5-0.95 of 0.941, demonstrating strong generalization.
With precision and recall exceeding 99%, YOLOv8 proves highly reliable for agricultural applications. Among
CNN models, MobileNetV2 and DenseNet121 achieved 96.25% accuracy, confirming their effectiveness in disease
classification. Our findings demonstrate that deep learning models, particularly YOLOvS, hold immense potential
for real-time, automated detection of chili pepper diseases. Future research should focus on expanding datasets,
integrating climatic variations, and improving disease severity assessment for enhanced agricultural sustainability.

keywords: Deep Learning, Real-Time Detection, Pepper Diseases, Capsicum, Agricultural Sustainability.

1 Introduction

Chili peppers (Capsicum spp.) are a crucial staple crop in Africa and particularly in Benin, playing a vital role
in culinary traditions, local economies, and food security [20]. As the second most important vegetable crop after
tomatoes in Benin, chili peppers are extensively cultivated by smallholder farmers across the country, contributing
to the livelihoods of countless rural communities|17, 58]. The annual crop production at the national level was
estimated at 176536 tons in 2016 [19]. The pungent, flavorful fruits are not only indispensable ingredients in
Beninese cuisine but also generate significant income through both domestic and export markets|17]. Despite the
economic and cultural significance of chili peppers in Benin, the cultivation of this crop faces numerous challenges,



primarily due to the prevalence of devastating plant diseases. Two of the most troublesome diseases affecting
chili peppers in the region are anthracnose, caused by the fungal pathogen Colletotrichum spp., and Tomato
Yellow Leaf Curl Virus (TYLCV), transmitted by whitefly vectors (Bemisia tabaci.) |17, 20, 23, 69]. These
diseases can lead to substantial yield losses, often exceeding 50%, thereby threatening the livelihoods of chili
pepper farmers and the food security of local communities|21]. Traditionally, Beninese farmers and agricultural
extension workers have relied on visual inspection and manual sampling methods to identify disease symptoms in
chili pepper plants[60]. However, this approach is labor-intensive, time-consuming, and heavily dependent on
individual expertise, thus, frequently resulting in inaccurate diagnoses. Furthermore, the similar symptomology
of various diseases can confound the accurate identification of the causal agents, hindering the implementation
of targeted and effective interventions |71, 20]. These challenges pledge for an urgent need to implement an
autonomous and automatic biometric system to disease diagnosis to ultimately improve chili production.

Precision agriculture is emerging as a promising solution, leveraging cutting-edge technologies and data-driven
methodologies to increase agricultural productivity [14, 10]. With advancements in computer vision and graphics
processing units, disease detection has primarily been categorized into two main approaches: traditional machine
vision techniques and deep learning-based target detection methods [35]. Several tasks including classification
tasks are carried out by different techniques. However, a series of steps must be followed to achieve classification
using conventional machine learning techniques, including pre-processing, feature extraction, optimal feature
selection, learning, and classification. It is important to note that feature selection plays a significant role in
determining the performance of these machine-learning techniques. Biased feature selection can result in incorrect
discrimination among classes. On the other hand, deep learning (DL), a subset of machine learning has the
advantage of automating the learning of feature sets for various tasks, unlike conventional ML methods. This
means that DL can automatically extract relevant features without the need for explicit feature selection [].
With its many data technologies and high-performance computing capability, deep learning has become an
indispensable technique widely exploited in the agricultural industry [59]. These models enable the analysis of
huge image datasets|5]. Convolutional Neural Networks (CNN) are specially DL techniques designed to extract
information from images, making them dynamic for disease detection. Deep learning-based systems can operate
in real-time in the field, providing instant information to farmers. Automation makes it possible to continuously
monitor large areas of crops[!1|. Unlike visual methods, deep learning reduces reliance on human expertise,
making disease detection and estimation more reliable and reproducible [37]. Deep learning models can also
be trained to detect various diseases and adapted to different crops, making them very versatile[65]. These
models can detect signs of disease long before they are visible to the naked eye. This allows for early intervention
and more effective disease management [2]. The emergence of deep learning has fundamentally transformed
approaches to detecting and estimating plant diseases in agriculture [2].

Recent studies have explored the use of deep learning techniques, such as convolutional neural networks
(CNNs), for the detection and classification of diseases affecting chili peppers and other related vegetable crops|9].
Naresh et al. [15] introduce an enhanced squeeze and excitation densely connected convolutional neural network
(SEDCNN) architecture for the early detection of chili leaf diseases. This model achieves a remarkable disease
identification accuracy of 97%, which can be further increased to 98.86% through data augmentation. Pratap et
al [51] presents a high-precision multiclass classification of chili leaf diseases using a customized EfficientNetB4
deep learning model, which outperformed other popular CNN architectures like ResNet-50, DenseNet-121,
MobileNet-V2, and VGG-16 in detecting chili leaf diseases. Hang et al. [25] compares the performance of several
widely used CNN architectures AlexNet, VGGNet, GoogLeNet, ResNet, and SENet on a plant leaf disease dataset.
It proposes an improved CNN architecture that integrates the Inception module, Squeeze-and-Excitation module,
and global average pooling to mitigate issues related to long training times and overfitting. This enhanced
architecture achieves the highest classification accuracy of 91.7% on the dataset and demonstrates superior
robustness compared to other CNN methods. Despite the promising results of traditional classifiers in previous
studies, their effectiveness in real-time field conditions, especially in West African climates, remains underexplored.
This study bridges this gap by assessing the feasibility of integrating other object detection models, such as
YOLOVS for precision agriculture in Benin. Naik et al.[11] compares classification and object detection techniques



to recognize leaf diseases, highlighting that object detection also provides the location of the disease on the leaf.
Using a dataset of 5100 chili leaf images spanning six different classes, the YOLOv5s object detection model
was applied and evaluated with performance metrics [11|. The authors propose an enhanced single-stage object
detection model that outperformed the YOLOv5s model in terms of performance metrics. Kanaparthi et al [32]
used deep learning methods, specifically YOLOv5 and YOLOvVT7, to detect chilli pests. The researchers created a
new dataset of 13,414 chili pest images across three classes (Black Thrips, Redmites, and White Fly) to improve
classification accuracy. The study found that the YOLOv5 algorithm outperformed YOLOv7, VGG-16, and
VGG-19 in detecting chili pests, achieving a mean average precision of 98.6%. However, the literature on the
application of deep learning for the detection and management of diseases specifically affecting chili peppers
cultivated in Benin remains limited.

This study aims to address these research gaps by developing and evaluating deep learning-based models for
the early and accurate detection of anthracnose and TYLCV in chili pepper crops cultivated in Benin. The key
contributions and innovations of this work can be summarized as follows: i) A comprehensive dataset of chili
pepper leaf images, captured in complex backgrounds under various lighting conditions and angles, has been
collected, thus complementing existing datasets. These images, including confirmed cases of anthracnose and
TYLCV as well as healthy leaves, come from different agricultural regions of Benin. ii) The study employs state-
of-the-art deep learning models, including VGG16, VGG19, ResNet50, MobileNetV2, DenseNet121, InceptionV3,
Xception, EfficientNetB0, EfficientNetB1, EfficientNetB2, EfficientNetB3, NASNetMobile, and Yolov8, leveraging
transfer learning to enhance model performance and adaptability. iii) A thorough comparison of various CNN
architectures was conducted to determine their effectiveness in detecting and classifying chili pepper diseases.
This comparison helps identify the most suitable models for this specific application.

The rest of this paper is structured as follows: Section 2 (Deep Learning Algorithms Explored) introduces
the deep learning models compared in this study. Section 3 (Methods) details the processes for collecting and
preparing the chili pepper leaf dataset, including image acquisition under various conditions, hardware and
software configurations, training parameters, hyperparameter optimization strategies, and validation and testing
procedures, along with the evaluation metrics used to measure model performance. Section 4 (Results) presents
the study’s findings, providing a comprehensive analysis of the performance of different architectures. Section 5
(Discussion) explores the implications of the findings for improving disease monitoring and management in chili
pepper crops in Benin, addressing practical challenges faced by farmers. Finally, Section 6 (Conclusion and Future
Work) summarizes the study’s main contributions and innovations, highlighting their significance for advancing
precision agriculture in Benin, and discusses the potential for integrating the proposed deep learning models into
real-world agricultural practices to enhance the sustainability and productivity of chili pepper cultivation. It also
outlines future research directions, such as developing more sophisticated models and exploring their applicability
to other crops and agricultural contexts.

2 Deep learning algorithms explored

Several state-of-the-art Convolutional Neural Networks (CNNs) were employed to process and analyze image
data, enabling real-time detection and disease monitoring in a more efficient and scalable manner. These CNN
models include VGG16, VGG19, ResNet50, MobileNetV2, DenseNet121, InceptionV3, Xception, EfficientNet
(B0, B1, B2, B3), NASNetMobile, and YOLOvVS, each selected for their strengths in image classification and
object detection tasks. Comparative analyses have shown that YOLOvS8 outperforms earlier YOLO versions and
other object detection algorithms, including Faster R-CNN, in both accuracy and processing speed |18, 57].
These architectures vary in terms of complexity, computational efficiency, and performance. Transfer learning
was applied across models, utilizing pre-trained weights from the ImageNet dataset to enhance their ability to
recognize disease patterns in chili pepper leaves. The study employed fine-tuning techniques to tailor each model
to the specific characteristics of chili pepper disease detection. Table 1 providing a detailed description of deep
learning models, their advantages, disadvantages, as well as the hyperparameters and tested values for each



algorithm, offering a comparative overview of the configurations used in this study.



Table 1: Deep Learning Model Descriptions and Configurations

Algorithms Description Advantages Disadvantages Hyperparameters Hyperparameter
and Possible Values  Values Tested
VGG16 A 16-layer CNN Strong feature extraction High com- Optimizer (SGD, Adam, Optimizer:
with 13 convolu- due to stacked 3x3 convo- putational RMSprop, Adagrad, Adam. Learn-
tional layers and lutions: y® = f(W® % cost, large AdamW), Learning ing Rate:0.0001,
3 fully connected z(=1) 4 b1, where y® is number of Rate (n € [1075,107']), 0.001, 0.01. Batch
layers, using small the output of layer I; W® parameters|[(1]. Batch Size (16, 32, 64, Size: 32, Epochs:
3x3 filters for pro- is the weight matrix; * de- 128, 256), Epochs(10, 50, 100. Loss
gressive feature ex- notes convolution; z(—1) is 20, 30, 50, 100, 200, 300, Function:  Soft-
traction [60, 61].  the input from the previous 500, 1000), Loss Func- max Loss
layer; b is the bias; and tion (Softmax Loss, Log
f() is the activation func- Loss, Sparse Categorical
tion [65]. Effective for fine- Cross-Entropy).
grained classification.
VGG19 A deeper version Enhanced spatial control Increased Optimizer (SGD, Adam, Optimizer:
of VGG16 with via stride and padding for- memory  us- RMSprop, Adagrad, Adam. Learn-
19 layers, improv- mula: O = (W) + 1, age, slower AdamW), Learning ing Rate:0.0001,
ing feature extrac- where O is the output size; inference|55]. Rate (n € [1075,1071]), 0.001, 0.01. Batch

tion [55].  Uses
small 3x3 convo-
lutions with stride
and padding tech-
niques.

W is the input size; F' is
the filter size; P is padding;
and S is stride [62]. Bet-
ter feature refinement than

VGG16.

Batch Size (16, 32, 64,
128, 256), Epochs(10,
20, 30, 50, 100, 200, 300,
500, 1000), Loss Func-
tion (Softmax Loss, Log
Loss, Sparse Categorical
Cross-Entropy).

Size: 32, Epochs:

50, 100. Loss
Function: Soft-
max Loss




Table 1 — (Continued)

Algorithms Description Advantages Disadvantages Hyperparameters Hyperparameter
and Possible Values  Values Tested
ResNet50 A 50-layer deep Residual learning with skip Requires more Optimizer (SGD, Adam, Optimizer:
CNN with resid- connections mitigates gra- training time, RMSprop, Adagrad, Adam. Learn-
ual connections dient vanishing: y® = can overfit AdamW), Learning ing Rate:0.0001,
to allow deeper f(z®) 4+ 20, where y® is on small Rate (n € [107%,1071]), 0.001, 0.01. Batch
networks to train the output of layer [, al- datasets|7]. Batch Size (16, 32, 64, Size: 32, Epochs:
effectively without lowing direct paths for gra- 128, 256), Epochs(10, 50, 100. Loss
vanishing gradi- dients during backpropaga- 20, 30, 50, 100, 200, 300, Function:  Soft-
ents [7]. tion [7]. Allows very deep 500, 1000), Loss Func- max Loss
architectures. tion (Softmax Loss, Log
Loss, Sparse Categorical
Cross-Entropy).
MobileNetV2 A lightweight Computational efficiency Slightly lower Optimizer (SGD, Adam, Optimizer:
CNN using depth- through depthwise sep- accuracy RMSprop, Adagrad, Adam. Learn-
wise separable arable convolutions: on complex AdamW), Learning ing Rate:0.0001,
convolutions to y = (Wp *x)x Wp, where datasets[31]. Rate (n € [1075,1071]), 0.001, 0.01.

reduce computa-
tion, making it
suitable for mobile
deployment [31].

Wp represents depthwise
filters applied to each input
channel separately; and
Wp represents pointwise
filters that combine fea-
tures across channels [31].
Suitable for edge devices.

Batch Size (16, 32, 64,
128, 256), Epochs(10,
20, 30, 50, 100, 200,
300, 500, 1000), Loss

Function (Categor-
ical Cross-Entropy,
Sparse Categorical

Cross-Entropy, Binary

Cross-Entropy).

Batch Size: 32,
Epochs: 50, 100.
Loss Function:
Categorical Cross-
Entropy




Table 1 — (Continued)

Algorithms Description Advantages Disadvantages Hyperparameters Hyperparameter

and Possible Values  Values Tested

DenseNet121 Uses dense connec- Dense connections enhance High memory Optimizer (SGD, Adam, Optimizer:
tions where each feature reuse: z() = consumption, RMSprop, Adagrad, Adam. Learn-
layer receives in- Hj([z(©), 2, . 2(=D]) requires careful AdamW), Learning ing Rate:0.0001,
put from all pre- where Hj(-) denotes a tuning [28]. Rate (n € [1075,1071]), 0.001, 0.01. Batch
ceding layers, im- composite function that Batch Size (16, 32, 64, Size: 32, Epochs:
proving gradient concatenates inputs from 128, 256), Epochs(10, 50, 100. Loss
flow and reducing all previous layers to layer 20, 30, 50, 100, 200, 300, Function:  Soft-
parameters [28]. [ [28]. Reduces overfitting. 500, 1000), Loss Func- max Loss

tion (Softmax Loss, Log
Loss, Sparse Categorical
Cross-Entropy).

InceptionV3 Uses  inception Efficient factorized convolu- The com- Optimizer (SGD, Adam, Optimizer:
modules with mul- tions optimize performance: putational RMSprop, Adagrad, Adam. Learn-
tiple filter sizes O(n-c-k%-h-w), where complexity AdamW), Learning ing Rate:0.0001,
to capture multi- n is the number of filters; of  Xception Rate (n € [107%,1071]), 0.001, 0.01. Batch
scale features and ¢ is the number of input hinders its Batch Size (16, 32, 64, Size: 32, Epochs:
factorized convo- channels; & is filter size; and  deployment 128, 256), Epochs(10, 50, 100. Loss
lutions to reduce (h,w) are height and width on  resource- 20, 30, 50, 100, 200, 300, Function: Soft-
computational of input feature maps re- constrained 500, 1000), Loss Func- max Loss
complexity [53]. spectively [53]. Excellent edge tion (Softmax Loss, Log

for detecting fine details. devices|20]. Loss, Sparse Categorical
Cross-Entropy).

Xception Improves  upon Enhances computational ef- Requires fine- Optimizer (SGD, Adam, Optimizer:
InceptionV3 by ficiency wusing depthwise tuning and RMSprop, Adagrad, Adam. Learn-
replacing incep- separable convolutions: y = sensitive to hy- AdamW), Learning ing Rate:0.0001,
tion modules (Wp * z) * Wp, similar perparameter  Rate (n € [1075,107!]), 0.001, 0.01. Batch
with  depthwise to MobileNetV2 but opti- choices [53]. Batch Size (16, 32, 64, Size: 32, Epochs:

separable convolu-
tions [10].

mized further for perfor-
mance while maintaining
high accuracy [10].

128, 256), Epochs(10,
20, 30, 50, 100, 200, 300,
500, 1000), Loss Func-
tion (Softmax Loss, Log
Loss, Sparse Categorical
Cross-Entropy).

50, 100. Loss
Function: Soft-
max Loss




Table 1 — (Continued)

Algorithms Description Advantages Disadvantages Hyperparameters Hyperparameter
and Possible Values  Values Tested
EfficientNet (B0-B3) A family of CNNs Compound scaling opti- Requires Optimizer (SGD, Adam, Optimizer:
that scale depth, mizes model size while extensive fine- RMSprop, Adagrad, Adam. Learn-
width and resolu- maintaining accuracy: d = tuning and AdamW), Learning ing Rate:0.0001,

tion in a balanced
way to optimize

ad)a w = /8¢7 r = ’Y¢7
where «, (3, v are scaling

large datasets,
training Ef-

Rate (n € [1076,1071]),
Batch Size (16, 32, 64,

0.001, 0.01. Batch
Size: 32, Epochs:

accuracy with coefficients for depth (d), ficientNets 128, 256), Epochs(10, 50, 100. Loss
fewer parame- width (w), and resolution can be time- 20, 30, 50, 100, 200, 300, Function:  Soft-
ters [63]. (r), respectively [63]. consuming 500, 1000), Loss Func- max Loss
[67]. tion (Softmax Loss, Log
Loss, Sparse Categorical
Cross-Entropy).
NASNetMobile A lightweight NAS-based  architecture High efficiency Optimizer (SGD, Adam, Optimizer:

CNN optimized search finds the best but requires RMSprop, Adagrad, Adam. Learn-
using neural ar- model automatically: extensive pre- AdamW), Learning ing Rate:0.0001,
chitecture search S = 01,0s,...,0,, where training and Rate (€ [107%,1071]), 0.001, 0.01. Batch
(NAS), balancing S represents a set of computation- Batch Size (16, 32, 64, Size: 32, Epochs:

accuracy and
efficiency designed
for mobile applica-
tions [72].

operations chosen from a
search space during model
optimization [72].

ally expensive
during model
search [15].

128, 256), Epochs(10,
20, 30, 50, 100, 200, 300,
500, 1000), Loss Func-
tion (Softmax Loss, Log
Loss, Sparse Categorical
Cross-Entropy).

50, 100. Loss
Function: Soft-
max Loss




Table 1 — (Continued)

Algorithms Description Advantages Disadvantages Hyperparameters Hyperparameter
and Possible Values  Values Tested
YOLOvS The latest YOLO  Fully convolutional network Computationally Optimizer (SGD, Optimizer:
model for real- enables real-time detection: demanding re- Adam, RMSprop, Adam. Learn-
time object detec- y = f(W x x), where y quires GPU Adagrad, AdamW), ing Rate:0.0001,
tion and classifi- is the output prediction; for train- Confidence Thresh- 0.001, 0.01. Batch
cation uses self- f(-) represents a function ing,YOLOvS8 0ld(0.25,0.5,0.75), An- Size: 16, Epochs:
attention mecha- mapping inputs through still faces chor Boxes(Default, 50, 100. Loss
nisms and anchor- network weights (W) [64]. limitations, Auto-generated), Function: Focal
free detection [64].  Can detect multiple disease particularly Learning Rate Loss
symptoms at once. Im- in balancing (p € [1076,1071)),

proves localization, espe-
cially for overlapping ob-
jects. Helps detect small
objects or underrepresented
classes.

model com-
plexity  with
detection accu-
racy for edge
computing

applications|29].

Batch Size (16, 32, 64,
128, 256), Epochs(10,
20, 30, 50, 100, 200,
300, 500, 1000), Loss
Function (CIoU Loss,
Focal Loss, Binary
Cross-Entropy ).




3 Methods

3.1 Study site and data collection

The dataset was assembled using a Techno 20 camera (resolution photos: 3840x2160) and an iPhone 15 Pro Max
(resolution photos: 24MP and 48MP), capturing a total of 534 images of chili pepper leaves from various localities
across Benin, specifically within the Oueme, Atlantique, and Mono regions. The dataset comprises a total of 415
images of sick leaves (including 213 images affected by anthracnose and 202 images showing symptoms of the
Tomato Yellow Leaf Curl Virus (TYLCV)) and 119 images of healthy leaves, representing the plant’s different
states of health (healthy, diseased, and severely affected).

To ensure a comprehensive and representative dataset, images were collected under diverse conditions,
including different lighting, angles, and backgrounds. Data collection occurred between December 2023 and June
2024, spanning three distinct periods of the day: morning (7:00-11:00), lunchtime (12:00-14:00), and afternoon
(15:00-18:00).

The dataset was developed in collaboration with a phytopathologist, whose expertise ensured accurate
identification and classification of plant health states, as well as precise documentation of the symptoms of each
disease.

3.2 Data Preprocessing

The ImageDataGenerator and flow from dataframe functions from the TensorFlow /Keras library were employed
to preprocess and prepare the image data for training. For the majority of models, images are resized to a
standard input size of 224x224 pixels, ensuring uniformity across the dataset. However, certain architectures
necessitate tailored adjustments: for instance, the NASNetLarge model performs optimally with images resized to
331x331 pixels, while the YOLOvS8 model is designed to accommodate larger inputs of 640x640 pixels. To further
enhance model performance, pixel values are normalized to a range of 0 to 1, a critical preprocessing step that
standardizes the data and accelerates convergence during training. Beyond preprocessing, data augmentation
techniques are applied to artificially diversify the dataset. These techniques include random rotations, horizontal
and vertical flips, zooms, and brightness adjustments. These augmentations were applied to simulate real-world
environmental variations, ensuring robustness against changes in lighting, leaf positioning, and occlusion.

3.3 Model implementaions

The experimental setup leveraged Google Colab’s cloud platform with GPU acceleration to efficiently train deep
learning models for plant disease detection. Key Python libraries, including TensorFlow and Keras, were utilized
for model development, while Scikit-learn supported data processing and evaluation tasks. OpenCV was used for
image preprocessing, such as resizing and augmentation, and Matplotlib and Seaborn were employed to generate
visualizations of the results.

The methodology integrates image classification using convolutional neural network (CNN) models, following
a structured workflow from image preprocessing to performance evaluation, as illustrated in Figure 1. The process
begins with resizing the image dataset and applying data augmentation techniques such as rescaling, rotations,
shifts, zooming, and shearing to improve model robustness and avoid overfitting. The CNN models, shown in the
figure 1, consist of convolution and pooling layers to extract low- and high-level image features, followed by fully
connected dense layers for the final classification, which could be used to identify plant leaf diseases. Models
such as VGG16, VGG19, ResNet50, MobileNetV2, DenseNet121, InceptionV3, Xception, EfficientNet (B0, B1,
B2, B3), NASNetMobile and YOLOvVS are used through transfer learning. Hyperparameter optimization further
improves the model accuracy. The data set is divided into 70% for training, 15% for validation, and 15% for
testing to ensure reliable results. During training, performance was tracked using metrics such as accuracy and
loss, visualized as curves to monitor the progress of the model, with the test data set used for the final evaluation.
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Figurel summarizes the entire process, from data preparation and training of the CNN model to evaluation and
testing.

Fine Tuning
Parameters
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Train-Test-Val
(70%6-15%-15%

Data Augmentation

Figure 1: System Architecture

3.4 Training and Hyperparameter Tuning

CNN-based classification models, including VGG16, VGG19, ResNet50, MobileNetV2, DenseNet121, InceptionV3,
Xception, EfficientNet (B0, B1, B2, B3), and NASNetMobile, were trained using the Adam optimizer with a
learning rate of 0.001 and categorical cross-entropy as the loss function. The training process spanned 100 epochs
with a batch size of 32. In contrast, YOLOv8 was trained using the Adam optimizer with a higher learning rate
of 0.01 and a reduced batch size of 16 to accommodate its computational complexity. To prevent overfitting
and enhance model generalization, early stopping and learning rate reduction techniques were applied, ensuring
optimal convergence across all models.

To further optimize the models, hyperparameters such as learning rate, batch size, and number of layers
to be fine-tuned were tuned using grid search. This process involved evaluating the models on a validation set
comprising 15% of the total dataset, while the remaining 15% was used for testing. 10-fold cross-validation was
applied to ensure that the models were robust and generalized well across different data partitions.

3.5 Evaluation Metrics

The performance of the models was evaluated using several key metrics, including precision, recall, F1 score,
Matthews correlation coefficient (MCC), confusion matrix, and mean average precision (mAP):

True Positive (TP): Number of samples correctly identified as belonging to class C by the classifier.

True Negative (TN): Number of samples correctly identified as not belonging to class C.

False Positives (FP): Instances incorrectly classified as class C when they do not belong to it.

False Negatives (FN): Number of samples that should have been classified as class C but were categorized
into a different class [16],[27].
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Accuracy: The proportion of correctly classified instances out of the total cases|16].

TP + TN (1)
TN+TP+FN+FP

Accuracy =

Precision: The ability of the model to return only relevant results, calculated as the number of true
positives divided by the sum of true positives and false positives [39].

TP
Precision = ———. 2
recision = Zm s (2)

Key Properties of Precision

e Range: Precision values range from 0 to 1.
e Precision = 1: No false positives; all predicted positives are correct.

e Precision = 0: All predicted positives are incorrect.

Recall: The ability of the model to identify all relevant instances, calculated as the number of true positives
divided by the sum of true positives and false negatives [39].

TP
Recall = m (3)

Key Properties of Recall

e Range: Recall values range from 0 to 1.
e Recall = 1: No false negatives; all actual positives are detected.

e Recall = 0: No actual positives are detected.

F1-Score: The harmonic mean of precision and recall, providing a balance between the two [1],[30].

2 x (Precision x Recall)

F1-S =
core Precision + Recall

Key Properties of F1 Score

e Range: F1 Score values range from 0 to 1.
e F'1 = 1: Perfect balance between precision and recall.

e F1 = 0: Worst possible classification.

Matthews Correlation Coefficient (MCC):

The Matthews Correlation Coefficient (MCC) is a robust metric that evaluates the quality of a classification
model, especially in imbalanced datasets. It considers all four elements of the confusion matrix—True
Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN)—providing a balanced
assessment of the model’s performance. MCC is computed using the formula:

(TP x TN) — (FP x FN)

MCC = . (5)
V(TP +FP)(TP+ FN)(TN + FP)(TN + FN)
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Key Properties of MCC

e Range: MCC values range from -1 to 1.

e MCC = 1: Perfect classification.

e MCC = 0: No better than random guessing.
e MCC = -1: Completely incorrect predictions.

MCC is particularly useful in scenarios with imbalanced classes, as it provides a more informative evaluation
than accuracy, precision, or recall alone.

Confusion Matrix: Used to analyze the classification errors and provide a visual representation of the
true positives, false positives, true negatives, and false negatives for each class|30].

[TP FP] .

FN TN (6)

Mean Average Precision (mAP): This is a common metric in object detection that summarizes the
precision-recall curve for each class and averages it across all classes|10].

1 N
mAP = N;APi

Y

where:

e N = Number of classes

e AP; = Average Precision for class ¢, calculated as the area under the Precision-Recall curve.

Key Properties of Mean Average Precision (mAP)

e Range: mAP values range from 0 to 1.
e mAP = 1: Perfect detection and classification of all objects.

e mAP = 0: No correct detections.

4 Results

4.1 CNN-based classification models

MobileNetV2 and DenseNet121 emerged as the top performers, both achieving 96.25% accuracy. MobileNetV2
demonstrated a precision of 95.69%, recall of 96.25%, Fl-score of 96.26%, and an MCC of 92.45%, while
DenseNet121 slightly outperformed it with a precision of 96.37%, an Fl-score of 96.28%, and the highest MCC
of 93.48%. Figures 2c and 2d show a low validation loss, while Figures 2a and 2b highlight high validation
accuracy, confirming their robustness in distinguishing diseased and healthy leaves with minimal false positives and
negatives. Their superior performance is attributed to MobileNetV2’s efficient depthwise separable convolutions
and DenseNet121’s densely connected layers, which enhance feature reuse and gradient flow.

InceptionV3 also performed well, achieving 90.00% accuracy, with a precision of 90.15%, recall of 90.00%, an

Fl-score of 90.01%, and an MCC of 80.60%. Its performance benefits from multi-scale feature extraction via
inception modules, allowing it to identify fine-grained details in diseased leaves.
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VGG16, NASNetMobile, and VGG19 followed closely, each attaining 88.75% accuracy. VGG16 recorded a
precision of 89.76%, recall of 88.75%, an Fl-score of 88.50%, and an MCC of 82.72%. NASNetMobile exhibited a
precision of 89.90%, recall of 88.75%, an F1-score of 88.73%, and an MCC of 83.20%. VGG19 performed slightly
lower, with a precision of 88.31%, recall of 87.50%, an Fl-score of 87.40%, and an MCC of 82.70%, showing that
these models effectively classify plant diseases but lack the efficiency of MobileNetV2 and DenseNet121.

Xception achieved 83.75% accuracy, with a precision of 84.90%, recall of 83.75%, an F1-score of 83.63%, and
an MCC of 78.36%, making it a moderate performer with decent generalization capabilities.

On the other hand, ResNet50 performed poorly, with only 46.25% accuracy, precision of 60.90%, recall
of 46.25%, Fl-score of 40.55%, and an MCC of 11.06%, indicating high misclassification rates and a lack of
generalizability to this dataset.

The EfficientNet models (B0-B3) recorded the worst performance, each obtaining 35.00% accuracy, precision
of 77.25%, recall of 35.00%, an Fl-score of 18.14%, and an MCC of 0.10%, showing a clear inability to properly
classify leaf disease severity. The poor performance suggests that EfficientNet models require significant fine-tuning
or alternative scaling strategies to improve their robustness on this dataset.

Precision and recall values were highest for MobileNetV2 and DenseNet121, indicating minimal misclassification
in the confusion matrices (Figures 2e and 2f). In contrast, ResNet50 and EfficientNet models displayed considerable
misclassification, leading to low F1-scores and MCC values. The architectural efficiency of MobileNetV2 and
DenseNet121 explains their superior performance, while models like ResNet50 and EfficientNetB0-B3 may require
additional adaptation, better to handle the complexity of chili pepper leaf diseases.
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Figure 2: Comparison of DenseNet121 and MobileNetV2 across evaluation metrics: (1) Accuracy plots (top row),
(2) Average Loss (middle row), and (3) Confusion Matrices (bottom row).
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Table 2: Performance comparison of different models

Model Accuracy(% ) | Precision(% ) | Recall(% ) | F1-Score(% ) | MCC(% )
VGG16 88.75 89.76 88.75 88.5 82.72
VGG19 87.50 88.31 87.5 87.40 82.70
NASNetMobile 88.75 89.90 88.75 88.73 83.20
ResNet50 46.25 60.90 46.25 40.55 11.06
MobileNetV2 96.25 95.69 96.25 96.26 92.45
DenseNet121 96.25 96.37 96.25 96.28 93.48
InceptionV3 90.00 90.15 90.00 90.01 80.60
Xception 83.75 84.90 83.75 83.63 78.36
EfficientNetBO 35.00 77.25 35.00 18.14 00.10
EfficientNetB1 35.00 77.25 35.00 18.14 00.10
EfficientNetB2 35.00 77.25 35.00 18.14 00.10
EfficientNetB3 35.00 77.25 35.00 18.14 00.10

4.2 YOLOvVS8 architecture

Figure illustrates the results of YOLOvVS in detecting and localizing chili leaf diseases, including anthracnose,
Tomato Yellow Leaf Curl Virus (TYLCV), and healthy leaves. Each detected region is marked with a bounding box
and a confidence score, showcasing the model’s accuracy in real-time disease identification. The recall-confidence
curve shows high recall values across all confidence thresholds, with recall remaining at 0.98 for anthracnose, 0.99
for healthy leaves, and 0.97 for TYLCV, indicating consistent detection performance across all categories (figure
3c). The precision-recall curve demonstrates an almost perfect average precision (AP) for all classes, with 0.996
for anthracnose, 0.995 for healthy, and 0.994 for TYLCV, and an overall mAP@0.5 of 0.995, confirming minimal
false positives (figure 3d). The training and validation loss curves (figure 4) show a steady decline over the 100
training epochs, with final values of 0.010 for box loss, 0.002 for class loss, and 0.005 for DFL loss, indicating
effective learning (figure 4). The F1-Confidence Curve shows an F1-score near 1.00 across all confidence thresholds
for anthracnose, healthy, and TYLCV-affected leaves (figure 3b). All classes combined reach an Fl-score of
1.00 at a confidence of 0.716, indicating YOLOvVS’s reliable detection with minimal misclassifications across all
categories. Metrics such as precision and recall improved significantly throughout the training, with the final
precision reaching 0.996 for anthracnose, 0.995 for healthy, and 0.994 for TYLCV, and the final recall reaching
0.98 for anthracnose, 0.99 for healthy, and 0.97 for TYLCV. The mAP@0.5-0.95 of 0.941 further confirms the
model’s ability to generalize across various intersection-over-union thresholds (figure 3d). The confusion matrix
highlights YOLOvS8’s exceptional performance in classifying chili pepper leaf diseases. It accurately identified 56
out of 57 anthracnose cases, with only 1 misclassification, and achieved perfect classification for both 31 healthy
leaves and 42 TYLCV-affected leaves (figure 3f ). These results demonstrate YOLOv8’s strong capability in
accurately detecting and localizing diseases in chili pepper leaves, providing reliable performance for real-world
applications.
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5 Discussion

This study evaluated both classic deep learning model (GG16, VGG19, ResNet50, MobileNetV2, DenseNet121,
InceptionV3, Xception, EfficientNet (B0, B1, B2, B3) and NASNetMobile) and the YOLOvVS architecture for their
effectiveness in detecting and localizing chili pepper leaf diseases, specifically anthracnose and Tomato Yellow
Leaf Curl Virus (TYLCV). The results show the strengths and limitations of each approach, with significant
implications for real-world agricultural applications.

The results obtained align with, and in some cases outperform, previous studies in which similar models
achieved high accuracies in plant disease datasets. MobileNetV2 and DenseNet121 demonstrated exceptional
classification precision at 96.25%, consistent with the findings of Sobitha et al. [54], who reported that their
dual deep learning architecture (DDLA), which combined MobileNet and DenseNet121, achieved classification
accuracies of up to 98.71% for the classification of plant species. Similarly, Zheng et al. [70] identified MobileNet
as the most efficient architecture for classifying tomato leaf disease, achieving a precision of 91%. Pillai et al. [50]
employed DenseNet121 with fine-tuning to classify diseases in bell pepper, potato, and tomato plants, attaining
a precision of 97.38%. Moreover, Khultsum et al. [35] highlighted MobileNet’s superior performance, achieving
98.00% precision in potato leaf disease classification. InceptionV3, which achieved 90% accuracy, is consistent
with findings by Peyal et al. [19] who reported the InceptionV3 model achieved 90% accuracy in detecting
tomato leaf diseases. However, VGG16, VGG19, and NASNetMobile demonstrated slightly lower accuracies in
this study (88.75%, 87.55%, and 88.75%, respectively), aligning with the findings of Amatullah et al. [13], who
utilized a novel dataset of 87,570 images spanning 32 plant species and 74 diseases. Their research highlighted
the superior performance of VGG16 and VGG19, which achieved approximately 86% accuracy and an Fl-score of
87%, outperforming other models. Similarly, Bhavansh et al. [24] explored automated systems for the detection
of crop disease and the identification of weeds using image-based approaches. They found NASNetMobile to be
the best performer for crop disease detection in a dataset of three crops with 12 disease classes. Xception, with
83.75% accuracy, mirrors the findings of Barley et al.[70], who indicated that while Xception performed well
alongside other models like MobileNet and InceptionV3, it still faced limitations in accurately classifying diseases
with overlapping symptoms or those that manifest in early stages. ResNet50 has shown significant performance
challenges, achieving only 46.25% accuracy. This poor performance can be attributed to several factors, including
the complexity of the dataset and the inherent difficulties in distinguishing between similar disease symptoms.
Liang et al. [10] demonstrate that although ResNet50 effectively uses deep learning techniques, it can be difficult
to extract characteristics when diseases have overlapping characteristics or subtle variations. On the other hand,
YOLOvV8 showcased superior results, particularly in localization tasks. The model achieved recall values of 0.98,
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0.99, and 0.97 for anthracnose, healthy leaves, and TYLCV, respectively, with precision-recall curve values close
to 1. These findings are consistent with research by Usman et al. [3] and Brucal et al. [12] who demonstrated
the effectiveness of YOLO in real-time detection of plant disease. The overall mAP@0.5 of 0.995 outperforms
previous studies, such as Bebarta et al. [$] where YOLOv5 achieved mAP@Q.5 values of 0.641 for the detection
of plant disease.

Although the study demonstrates YOLOv8’s advantages in detection and localization, certain limitations
persist. The relatively small dataset used may lead to overfitting, particularly for traditional deep learning
models like ResNet50 and EfficientNet, as emphasized by Vandana et al. [33] and Hongwen et al. [52], who
highlighted the critical role of large-scale datasets for robust model training. This issue persists even when using
transfer learning techniques [34]. Future research should address this by expanding the dataset and incorporating
greater variability in leaf samples. Moreover, YOLOv8’s high performance comes at the cost of significant
computational demands during training. To overcome this, exploring lightweight YOLO variants or implementing
model quantization could provide practical solutions [66, 12|. While this study primarily focused on detection
and localization, it did not address disease severity estimation, a key factor for actionable insights in agricultural
management, as pointed out by Demba et al. [17]. Future work should integrate regression models into YOLOv8
or similar architectures to estimate severity levels. The high accuracy and recall rates of YOLOvV8 make it a
promising tool for real-time disease detection in chili crops. By incorporating this model into drones or IoT
devices, farmers could efficiently monitor large fields and promptly address issues, as proposed by Pratyay et
al. [13] and Soukaina et al. [I1]. Furthermore, precise early detection reduces the dependency on chemical
pesticides, fostering sustainable agricultural practices, a benefit highlighted by Grella et al. [22]. This approach
also minimizes crop losses due to diseases, leading to increased yields and better economic outcomes for farmers,
as reported by Smitha et al. [18]. Lastly, YOLOvS&’s exceptional performance in classification and localization
tasks underscores its potential applicability to other crops beyond chili peppers, provided it undergoes proper
retraining with new datasets. Chetan et al. [(] also emphasized the versatility of YOLO-based models across
diverse agricultural domains. The implementation of YOLOvVS in smart farming tools, such as mobile applications
or drones, could enable farmers to detect diseases in real-time, reducing reliance on manual inspection and
minimizing pesticide overuse.

6 Conclusion

This study demonstrates the potential of advanced deep learning models, particularly YOLOvS, to detect and
localize pepper leaf diseases such as anthracnose and the yellow leaf curl virus (TYLCV). The results highlight
YOLOvS8’s strengths in classification accuracy and precise localization, making it a powerful tool for real-time
agricultural applications. CNN-based classification models like MobileNetV2 and DenseNet121 also perform well in
classification, achieving high accuracy, precision, and recall. However, YOLOvVS8 consistently outperforms them by
minimizing false positives and providing superior precision and recall metrics in all disease categories. Integrating
Al-based solutions into traditional farming practices has immense potential to transform agricultural disease
management. By providing farmers with accurate and timely information on plant health, these technologies help
mitigate the risks posed by plant diseases, improve crop yields, and support more sustainable farming practices.
Future research should expand the application of these models to other crops, integrate climate variables for
dynamic disease forecasting, and develop user-friendly tools for direct deployment in farming communities.
Additionally, integrating climate variables into these models becomes increasingly important as climate change
impacts agriculture. Efforts to improve the interpretability of these AI models are crucial to ensuring that they
are both scientifically robust and user-friendly for farmers. By making these technologies more accessible, we
promote wider adoption, ultimately creating more resilient and sustainable agricultural systems that are better
equipped to handle the challenges posed by plant diseases and climate change.
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