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Abstract

Agriculture serves as a vital sector in Tunisia, supporting the nation’s economy and ensuring
food production. However, the detrimental impact of plant diseases on crop yield and qual-
ity presents a significant challenge for farmers. In this context, computer vision techniques
have emerged as promising tools for automating disease detection processes. This paper focuses
on the application of the YOLOv5 algorithm for the simultaneous detection and localization
of multiple plant diseases on leaves. By using a self-generated dataset and employing tech-
niques such as augmentation, anchor clustering, and segmentation, the study aims to enhance
detection accuracy. An ablation study comparing YOLOv5s and YOLOv5x models demonstrates
the superior performance of YOLOv5x, achieving a mean average precision (mAP) of 96.5%.
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1 Introduction

With a long-standing tradition of cultivation in
Tunisia, tomato (Solanum lycopersicum L.) and
pepper (Capsicum annum L.) have emerged as two
of the primary vegetable crops, playing a vital role

in the country’s agricultural landscape and econ-
omy. These crops hold significant economic impor-
tance due to their widespread cultivation and
consumption. In fact, tomato cultivation covers an
extensive area of approximately 24,500 hectares,
yielding an annual production of 1,416,000 tons
[29]. Similarly, pepper crops encompass an area
of around 19,000 hectares, yielding an annual
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production of 304,000 tons [9]. However, the sus-
tainable production of tomatoes and peppers faces
a significant challenge in the presence of various
leaf diseases. These diseases, caused by a diverse
range of fungal, bacterial, and viral pathogens,
pose significant obstacles to crop yield and qual-
ity. They result in substantial economic losses for
farmers and pose a considerable threat to both
food security and livelihoods.

Traditional techniques for plant disease detec-
tion have relied heavily on manual visual inspec-
tion methods. Trained experts visually examine
the plants for symptoms such as discoloration,
lesions, or deformities, which can indicate the
presence of diseases. However, this technique has
many limitations. Firstly, visual inspection is
subjective [4], as different experts may inter-
pret symptoms differently, leading to inconsis-
tencies in disease diagnosis. Secondly, it is a
time-consuming process [8], particularly in large
agricultural fields, and may not be feasible for
timely disease management. Additionally, visual
symptoms may not always be apparent, especially
during the early stages of disease development,
resulting in delayed detection and intervention.
To address these limitations, improved strategies
that can automate and enhance the accuracy of
disease detection and localization in tomato and
pepper plants are required. Computer vision and
learning algorithms offer promising solutions in
this regard. With the advancement of machine
learning (ML), researchers have deployed vari-
ous techniques in the field of agricultural science
for plant disease detection. Notably, approaches
such as K-nearest neighbors (KNN) [35], sup-
port vector machines(SVM) [39], Random for-
est [23], and decision tree (DT) [26] have been
investigated to inspect and diagnose plant dis-
eases. Despite their simplicity and minimal data
requirements for training, ML-based approaches
are time-consuming and heavily rely on trained
human resources. In recent years, Deep Learn-
ing (DL) has emerged as a key technology in
the field of agriculture to overcome ML-based
approaches limitations. DL techniques such as
convolutional neural networks (CNNs) [30], long-
short-term memory (LSTM) [7], and recurrent
neural networks (RNNs) [40] have been success-
fully applied to address complex challenges in agri-
culture, including plant disease detection. Among
the various deep learning models, convolutional

neural networks (CNNs) have emerged as the most
widely used and effective models for plant disease
detection. CNN models, such as Resnet [1], VGG
[22], and AlexNet [34], have demonstrated supe-
rior performance in accurately classifying plant
diseases. These models have been studied and
fine-tuned to achieve high accuracy in disease
classification tasks. These traditional classifica-
tion approaches are effective in determining the
category or type of objects present in an image.
However, they do not provide information about
where exactly these objects are located within
the image. In other words, while they can tell us
what objects are in the picture, they cannot tell
us their specific positions. Object detection gets
more advanced and challenging. Existing meth-
ods for detecting objects can be classified into two
main categories: two-stage detection algorithms
and one-stage detection algorithms.

The traditional object detection method ini-
tially introduced a two-stage detection algorithm.
The R-CNN model, proposed by Girshick et al.
[6]in 2014, marked the inception of this approach.
It typically involves a two-step process. In the first
stage, a region proposal network (RPN) generates
potential regions of interest (Rols) in the image
that may contain objects. These Rols are then fur-
ther refined and classified in the second stage using
techniques like Fast R-CNN or Faster R-CNN.
Two-stage detectors are known for their superior
accuracy, but may have slower inference speeds
due to the additional processing steps involved.
On the other hand, the one-stage detection algo-
rithm eliminates the need for a Region Proposal
Network (RPN) used in the two-stage approach.
This allows for direct detection of the object cate-
gory and regression of the bounding box, resulting
in reduced detection time. One of the most notable
algorithms representing this approach is You Only
Look Once (YOLO). In this context, this paper
introduces an improved YOLOvV5 approach for the
detection and localization of tomato and pepper
leaf diseases using a self-generated dataset col-
lected in the region of Monastir, Tunisia. The
primary paper contributions are as follows:

® A YOLOv5-based regional detection model
is developed to detect and localize multiple

tomato and pepper leaf diseases from a single
leaf.
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e A dataset of tomato and pepper leaf diseases
is constructed, containing images of the most
relevant tomato and pepper leaf diseases in
Tunisia.

e Data augmentation techniques are employed
to extend training data in order to overcome
the issue of insufficient data and improve the
detection and identification performance of the
network.

® Automatic segmentation of leaf area from leaf
images and anchor clustering algorithms are
used to improve the model’s robustness.

The rest of the paper is structured as fol-
lows: Section 2 provides a review of related works
in the field. Section 3 presents the proposed
methodology. The dataset description is provided
in Section 4. Experimental Results and Discussion
are presented in Section 5. Finally, Section 6 con-
cludes the paper and outlines future directions for
research.

2 Related Works

Several studies have explored the application of
object detection algorithms for the accurate and
efficient detection of plant leaf diseases.

Nawaz et al. [20] proposed an approach named
Faster RCNN based on ResNet-34 and Convo-
lutional Block Attention to localize and classify
tomato plant leaf disease. The proposed method
achieved an accuracy of 99.97% and a mAP of
0.981 using the public dataset PlantVillage. Patil
et al. [24] introduced a novel method to esti-
mate the severity of rice diseases using a private
dataset of 1200 images. The proposed model is
based on an optimized faster RCNN model using
the EfficientNet-B0 architecture as the backbone,
for the calculation of leaf area and infected region.
It attained an accuracy of 96.43%. Saleem et
al. [31] used multiple deep learning algorithms,
including Faster-RCNN, SSD, and Region-based
Fully Convolutional Networks (RFCN), to detect
and classify diseased regions in plants. The high-
est mAP achieved is 73.07% using PlantVillage
dataset. Peng et al. [25] proposed a detection algo-
rithm based on an optimized YOLOv5s model
and deep metric learning to identify and local-
ize diseases affecting plant leaves using different
public datasets. The best results are achieved
when using Resnetb0 as the backbone network

and the Plantvillage dataset, with an accuracy of
97.88%. Jain et al. [10] developed a smartphone
application for automated detection of rice dis-
eases using Yolov3 tiny and yolov4 tiny. Among
the two, YOLOV4 tiny yielded the highest perfor-
mance, achieving an mAP of 97.36% on a dataset
of 762 web-collected images. Dai et al. [3] intro-
duced an improved version of YOLOv5 called
DA-ActNN-YOLOv5 for regional potato disease
detection across multiple cycles. The YOLOv5
network’s component modules were replaced using
model compression technology (ActNN). The pro-
posed approach reached an mAP of 99.81% when
evaluated on a self-generated dataset, leveraging
different data augmentation techniques. Li et al.
[15] present an improved YOLOv5s model for
apple leaf disease detection called BTC-YOLOv5s
model. It incorporates the bidirectional feature
pyramid network (BiFPN) to effectively fuse fea-
tures at different scales. Additionally, attention
mechanisms such as the transformer and con-
volutional block attention module (CBAM) are
integrated to minimize interference from irrelevant
background information and enhance the expres-
sion of disease characteristics. The experimental
results demonstrated that the proposed approach
achieved an mAP of 84.3% when evaluated on
a dataset consisting of 2099 images collected
from three publicly available datasets. Soeb et
al.[36] present an Al-based solution for detect-
ing tea-leaf diseases by training the YOLOv7
model on a dataset collected from tea gardens in
Bangladesh. The obtained results showed that the
proposed method achieved an mAP of 98.2%. Lin
et al. [17] proposed a real-time detection model
called TSBA-YOLO for tea disease detection
using a self-generated dataset. The model incor-
porates the self-attention mechanisms of convolu-
tional and transformer layers to enhance global
perception and obtain more contextual informa-
tion. The YOLOv5’s PAFPN is replaced with
a BiFPN structure for effective multi-scale tar-
get fusion. Additionally, the integration of the
Shuffle Attention (SA) mechanism enhances the
semantic expression of characteristics related to
tea diseases. The TSBA-YOLO model achieves an
average accuracy mAP of 85.35%. Table 1 presents
a comprehensive overview of the existing studies
found in the literature.
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Table 1: Studies summary of plant leaf disease detection

Ref Model Dataset Number mAP
of (%)
images
[20] Faster-RCNN  PlantVillage 18 160  98.1%
(Resnet34)

[24] Faster-RCNN  Self-generated 1 200 96.43%
(EfficientNet-
B0)

[31] Faster-RCNN,  PlantVillage 54 306 73.07%
SSD and
RFCN

[25] Improved Plantvillage 16 270 97.88%
YOLOv5s
(Resnet50)

[10] Yolov4 tiny Web images 762 97.63%

(3] DA-ActNN- Self-generated 4 546 99.81%
YOLOv5

[15] BTC- Public dataset 2 099 84.3%
YOLOv5s

[36] YOLOv7 Self-generated 4 000 98.2%

(17] TSBA-YOLO  Self-generated 1 000 85.35%
(YOLOV5)

3 Proposed Methodology
3.1 Proposed Approach

An overview of the proposed workflow for plant
leaf disease detection is shown in Fig. 1. Firstly,
a collection of images is captured using a phone
camera. The collected images undergo a data
cleaning process to remove any irrelevant or noisy
data points.

Next, leaf segmentation from collected images
is performed to isolate the plant leaves and elim-
inate the background. This stage guarantees that
the next analysis and detection algorithms are
entirely focused on the leaves. Following segmenta-
tion, the data is annotated with Labellmg, where
bounding boxes are manually created around the
plant leaf areas of interest and labeled with class
information. This phase is critical for training the
detection model. An anchor algorithm is applied
to the annotated data to increase the detection
model’s accuracy. This method assists in the iden-
tification and assignment of appropriate anchor
boxes that determine the spatial attributes of
objects inside pictures. After that, the dataset
is divided into training and validation sets, with

the training set being used to train the YOLOv5
model. To improve the model’s capacity to gener-
alize and handle different circumstances, data aug-
mentation techniques are applied to the training
data. The trained model’s performance and detec-
tion accuracy are assessed using the validation set.
To measure the model’s performance in detecting
plant leaf diseases, metrics such as mAP, accu-
racy, recall, and Fl-score are calculated. Finally,
the model’s output findings are examined and con-
trasted. The approach’s strengths and weaknesses
are examined, and prospective enhancements or
changes to the process are identified.

3.2 YOLOv5 Network

YOLOv5 [12], one of the most advanced tech-
niques for object detection, is used for detect-
ing plant leaf disease. The YOLOv5 employs a
single neural network to analyze the complete
image in its entirety. It subsequently partitions the
image into regions and assigns probabilities to the
bounding boxes of each individual component. It
takes an image as input and processes it through
a neural network. The output consists of bound-
ing boxes, which indicate where the objects are
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Fig. 1: Overview of the proposed approach

located in the image, and class probabilities, which
represent the likelihood of each object belong-
ing to a specific category. The YOLOv5 network
has evolved through different versions, including
YOLOvV5n, YOLOv5s, YOLOvHm, YOLOvV5L, and
YOLOv5x [38]. These versions maintain a similar
network structure while adjusting the depth and
width of feature maps.

The YOLOv5 object detection algorithm is
a derivative of YOLOv4, incorporating several
improvements and optimizations. While sharing
similarities with YOLOv4, YOLOv5 offers dis-
tinct advantages that make it more suitable for
deployment on embedded devices and enable
faster object detection. Compared to YOLOvA4,
YOLOvV5 has a significantly reduced model size,
with 90% fewer weight files [11]. This reduction
in complexity allows for easier deployment on
embedded devices, making real-time object detec-
tion more achievable. The YOLOv5 architecture,
as shown in Fig. 3, consists of a backbone network,
neck layers, and a detection head [13]. The back-
bone network, based on CSPDarknet53, serves as
the feature extractor and captures rich contextual
information from the input image. It consists of
convolutional layers with different receptive fields,
enabling the detection of objects at various scales.

The neck component encompasses a series of
layers designed to mix and combine image features

before feeding them into the prediction stage. The
primary purpose of the neck is to enhance the rep-
resentation of features extracted from the input
image. Specifically, YOLOv5 incorporates PAnet
(Path Aggregation Network), a modified version
of the Feature Pyramid Network (FPN), serving
as the neck module. The detection head operates
on the features provided by the Neck (PAnet)
module. It is responsible for generating the final
predictions. It consists of convolutional layers that
process the fused features and predict the coor-
dinates of bounding boxes and the probabilities
associated with class labels. YOLOv5s employs
anchor boxes, predefined bounding box priors, to
handle objects of different sizes and aspect ratios.
The standout feature of YOLOvV5 lies in its uti-
lization of the Focus and CSP (cross-stage partial
connections) layers. The introduction of the Focus
layer addresses the objective of reducing the num-
ber of layers, parameters, FLOPS (floating-point
operations per second), and CUDA memory usage.
Additionally, it aims to enhance the speed of both
forward and backward and minimize the impact
on the mAP metric. In the previous YOLOvV5 ver-
sion, the Focus layer was optimized to operate
with just one layer, as opposed to the three layers
employed in YOLOv3 [28]. Furthermore, the CSP
layer Cross Stage Partial (CSP) expands the incor-
poration of basic information from the focus layer
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Fig. 2: Improved YOLOv5 Architecture

to enhance overall functionality and allow efficient
information flow between different network layers,
aiding in better feature representation and object
localization [16].

In the context of object detection using the
YOLOV5 network, there are two important choices
to consider during the training process. Firstly,
the selection of activation and optimization func-
tions plays a crucial role. Commonly, the Leaky
rectified linear unit (ReLU) and Sigmoid functions
are used as activation functions. The Leaky ReLLU
function is often applied in the middle or hid-
den layers, while the Sigmoid function is typically
employed in the final detection layer. Regarding
optimization, various techniques can be utilized,
such as Stochastic gradient descent (SGD) and
adaptive moment estimation (ADAM), to opti-
mize the network parameters and improve its
performance. Second, selecting the loss function
is critical for accurate YOLOvV5 network training.
The loss function in YOLOVS5 is often a compound
loss that considers various components such as

the objectness score, class probability score, and
bounding box regression score. Depending on the
issue, the loss function can take several forms,
such as binary cross-entropy loss for binary classi-
fication tasks or categorical cross-entropy loss for
multi-class classification tasks. Equation (1) is the
overall loss function of YOLOv5, where the loss is
the sum of three components: lhox, lcis, and lob;.

Loss = lobj + lpoz + los (].)
where ly,0x is the bounding box regression function.
This function is responsible for predicting accu-
rate bounding box coordinates for the detected
objects. The l.s component is the loss function
for classification. It focuses on predicting the cor-
rect class labels for the detected objects. The [op;
component is the loss function for confidence. It
assesses the confidence or certainty of the model’s
predictions.
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3.3 Anchor Clustering Algorithm

Due to the specific dataset used in this study, the
initial values of Anchors had to be adjusted in
advance to fit the dataset and the desired Anchors
size. This adjustment was achieved by applying
a clustering algorithm. The chosen approach was
the K-means++ algorithm, which addresses the
issue of initializing cluster centers in the standard
K-means algorithm.

The K-means algorithm is a distance-based clus-
tering approach that evaluates similarity based
on the distance between data points. It assigns
objects that are closer in space a higher degree
of similarity, leading to the formation of clusters
with high internal similarity and low similarity
between different clusters. However, determining
suitable initial values for the K-means algorithm
can be difficult since they need to be artifi-
cially assigned without a well-defined criterion,
potentially impacting the final clustering results.
To overcome these limitations, the K-means++
algorithm [21] was employed in this study. This
algorithm follows a similar methodology to the K-
means algorithm but improves the initialization
process. It selects cluster centers iteratively, giv-
ing preference to sample points that are farther
away from existing cluster centers. This approach
increases the likelihood of selecting diverse and
representative cluster centers. The following algo-
rithm 1 provides an explanation of the anchor
clustering algorithm.

3.4 Segmentation Algorithm

Upon examining the images in our dataset, we
observed the presence of phone and leaf shad-
ows, which can significantly affect the accuracy
of disease detection algorithms. The presence of
shadows and backgrounds introduces noise and
distractions, making it challenging to isolate and
analyze the leaf regions accurately. Additionally,
it can obscure important features, further com-
plicating the detection process. To address these
challenges, we propose a segmentation algorithm 2
to remove background, which effectively elimi-
nates the unwanted elements, allowing for focused
analysis of the leaf regions. Our algorithm starts
by converting the images to the LAB color space,
which provides better separation between the leaf

Algorithm 1 K-means++ Initialization

Require: Dataset X containing n samples, Num-
ber of cluster centers K
Ensure: Selected cluster centers representing the
initial centroids
1: Randomly select a sample point x; from the
dataset X as the first initial cluster center.
2: Initialize an empty list to store the selected
cluster centers: C' < [z1].
3: for i + 2 to K do
4: Calculate the shortest distance D(x)
between each sample x and the currently
selected cluster centers:
5: for each sample x in the dataset X do
6: Calculate the distance d(z,C) to the
currently selected cluster centers C.
7: end for
8 Calculate the probability P(x) for each
sample x to be selected as the next cluster

center: ,

9: P(z) «+ %, where 2’ iterates over
all samples in the dataset X.

10: Select the sample z with the maximum
probability P(z) as the next cluster center:

11: x; + argmax, P(x)

12: Add the selected cluster center x; to the

list of cluster centers: C' < C' U {x;}.

13: end for

14: Return the selected cluster centers C' as the
initial centroids.

and background. We then apply adaptive thresh-
olding techniques using Otsu methods [33] to
specific color channels to create binary masks,
highlighting the leaf regions while suppressing the
background. Morphological operations are applied
to further refine the masks and remove noise.
Finally, the inverted masks are employed for leaf
region extraction, resulting in clean and isolated
representations of the leaves for disease detection.
By employing this segmentation algorithm, we can
overcome the limitations posed by backgrounds
and leaf shadows, enabling more accurate and reli-
able disease detection on plant leaves. The removal
of backgrounds enhances the visibility of leaf fea-
tures, allowing for better analysis and monitoring
of plant health. Fig. 3 provides a visual represen-
tation of the output obtained at various steps of
the segmentation algorithm.
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Algorithm 2 Leaf Segmentation algorithm with
Background Removal

Require: RGB image of a plant leaf
Ensure: Region of interest (leaf area) from the
input leaf image

1: Convert the RGB image to LAB color space.

2: Split the LAB channels into L, A, and B
channels.

3: Apply adaptive thresholding on the L channel
using Otsu’s thresholding method to obtain a
binary image (I-binary).

4: Apply adaptive thresholding on the B channel
(blue-yellow channel) using the inverse Otsu’s
thresholding method to obtain a binary image
(b-binary).

5: Combine the binary images (I-binary and
b_binary) using the bitwise AND operation to
create a mask representing the leaf area.

6: Perform morphological operations on the
mask to remove noise and refine the segmented
area. This involves applying the opening oper-
ation followed by the closing operation with a
predefined kernel.

7: Invert the refined mask to make the back-
ground black and the leaf area white.

8: Apply the inverted mask to the original image
using the bitwise AND operation to extract
the segmented leaf area.

9: Display the segmented image showing the leaf
area.

4 Dataset Collection and
Preparation

Deep learning techniques heavily rely on the avail-
ability of suitable and effective datasets to achieve
optimal performance. When it comes to studying
tomato and pepper plants in Tunisia, the choice
of dataset becomes crucial. Existing studies on
tomato and pepper leaf diseases commonly use an
open dataset sourced from PlantVillage. However,
this dataset is tailored to a specific region, con-
sidering distinct geographical and environmental
factors. It’s important to note that tomato and
pepper diseases can differ across various regions
worldwide due to factors such as shape, vari-
ety, and environmental conditions. Also, this open
dataset doesn’t encompass the common diseases
that affect tomato and pepper plants in Tunisia.

L Binary

¢

Original Image B Binary Mask

¢

Inverted Mask Segmented Image

‘ {

Opened Mask  Refined Mask

¢

Fig. 3: Progression of Segmentation Algorithm:
Output at Different Steps

Therefor, the development of a dedicated dataset
specifically tailored to the local context of Tunisia
is essential, as it will greatly benefit Tunisian farm-
ers. This study specifically aims to create such
a dataset, designed to capture disease profiles
that are relevant to tomato and pepper crops in
Tunisia.

4.1 Image Acquisition

The images for this dataset were captured from
different tomato and pepper greenhouses located
in the Bkalta region of Tunisia. Bkalta is well-
known for its favorable weather, featuring ample
sunshine and moderate temperatures, making it
an ideal location for tomato and pepper culti-
vation. As a major producer of tomatoes and
peppers in Tunisia, the region boasts thriving
agricultural activities and a strong farming com-
munity. The greenhouses, generously provided by
local farmers, had an area of 500 m? and consisted
of four rows, with each row containing two lines of
plants. The dataset images were taken in a con-
trolled environment using an OPPO A30 phone
camera with a resolution of 4096 x 3072 pixels and
a capture distance of the cell phone camera of 30
cm. The data collection process was conducted on
two specific dates, July 7, 2021, and January 2,
2022, to capture the seasonal variations in tomato
and pepper crops and their associated diseases.
The acquisition process was conducted under
the supervision of an agricultural engineer from
the Ministry of Agriculture in Tunisia, who pro-
vided guidance and expertise specifically related
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Table 2: Dataset Composition

face of the leaf

powdery lesions on the lower sur-

Class NI Symptoms Image Example
Healthy | 90 No visible signs of disease or
abnormalities
Leaf 95 Yellow, squiggly lines on the
miner leaves
Oidium | 121 Blackening, chlorosis, and white ‘
.

Nutrient | 67

Chlorosis in the interveinal areas
Defi- of the leaf, while main veins

ciency retain green coloration

Mildew | 57 Small brown spots with a yellow
halo

Tomato | 70 Yellowing of leaves, reduction of

yellow leaf size, curling of leaf margins

curve

virus

to the description and identification of diseases.
Their wvaluable supervision ensured the accu-
racy and consistency in capturing and document-
ing disease-related characteristics in the dataset.
Table 2 provides an illustration of the tomato and
pepper leaf diseases included in the dataset. It
showcases the dataset composition, consisting of a
total of 500 leaf images, classified into six distinct
disease classes: healthy, leaf miner, oidium, nutri-
ent deficiency, mildew, and tomato yellow curve
virus. The collection of the dataset presented
a major hurdle during our research. Capturing
images for our exclusive dataset using a mobile
camera proved to be a time-intensive process,
requiring substantial effort and dedication.

4.2 Data Preprocessing

In the data preprocessing stage, two crucial steps
were performed: data annotation and data aug-
mentation.These steps played a crucial role in
preparing the data for subsequent analysis and
model training.

4.2.1 Data Annotation

Data annotation plays a crucial role in train-
ing deep learning models for object detection
tasks. In our research, we employed the ’labe-
limg’ tool, a popular annotation tool that offers a
user-friendly interface for drawing bounding boxes
around objects and assigning corresponding class
labels. By executing the command ’pip install
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labellmg’ in our Python environment, we seam-
lessly installed the labelimg tool. With ’labelimg’,
we were able to accurately annotate our dataset
by marking the affected regions of interest and
assigning the appropriate disease class labels, as
shown in Fig. 4. The tool generated output text
files containing the annotated data, including the
provision of bounding box coordinates along with
their corresponding class labels. The text annota-
tion file includes YOLO annotations that indicate
the bounding boxes and class labels of objects
in the image. The file’s lines match annotated
objects. The text file includes five decimal num-
bers, each of which serves a distinct function. The
first value shows the class or category of the item
within the bounding box that is being annotated.
It aids in determining the sort of object in the
image. The second value represents the center x-
coordinate of the bounding box. It denotes the
horizontal position of the box’s center relative to
the width of the image. The third value denotes
the center y-coordinate of the bounding box, rep-
resenting the vertical position of the box’s center
relative to the height of the image.The fourth
value signifies the width of the bounding box, indi-
cating the extent of the object in the horizontal
direction, again relative to the width of the image.
The fifth value represents the height of the bound-
ing box, indicating the extent of the object in
the vertical direction, relative to the height of the
image. To ensure consistency and facilitate model
training, these values are normalized within the
range of 0 and 1. This normalization is achieved
by dividing the values by the width and height of
the image. Normalizing the values to this range
helps the neural network predict and learn from
them more effectively during the training process.
The number of lines in the text file corresponds to
the number of bounding boxes drawn and anno-
tated in the image. Each line in the file represents
a separate bounding box annotation, allowing for
multiple annotations within a single image.

4.2.2 Data Augmentation

Due to the limited size of our dataset and the
imbalance in class distribution, data augmenta-
tion techniques were employed.Data augmenta-
tion refers to the process of artificially expanding
a dataset by applying various transformations or
modifications to the existing data samples. It is a

common technique used in machine learning and
computer vision tasks to increase the diversity
and quantity of training data without adding new
data[37]. By applying transformations, data aug-
mentation aims to simulate variations that may
occur in real-world scenarios. This approach helps
improve the generalization and robustness of deep
learning models by exposing them to a broader
range of data instances. The data augmentation
and pre-processing techniques used in this study
were performed using a set of specific parame-
ters, which are summarized in Table 3. To provide
a visual representation of the effects of these
parameters, Fig. 5 showcases sample images after
undergoing data augmentation and pre-processing
using the aforementioned parameter settings from
Table 3. The initial set of 373 training images was
augmented, resulting in a total of 3640 images.

® Auto Orientation: The auto-orientation pre-
processing phase was implemented to ensure
that each image in the dataset was aligned in a
consistent vertical orientation.

® Resizing: Resizing was performed to standard-
ize the dimensions of all images for consistent
YOLO model training.

e Rotation: rotation was applied to help the
model be insensitive to camera orientation and
improve its robustness and ability to handle
images captured from different angles.

e Flip: By flipping the images horizontally and
vertically, the model will be insensitive to sub-
ject orientation.

® Blur: Random Gaussian blur was employed
to replicate the effect of lower-quality or pix-
elated images, emulating real-life situations
where farmers may use cameras with limited
capabilities for capturing images.

® Noise: Noise transformation was used to make
the model more resilient to various camera
artifacts and disturbances that can occur in
real-world scenarios

® Saturation, Exposure, and Brightness: Are
applied to help the model to be more resilient
to lighting and camera setting changes and to
account for the diverse lighting conditions that
can occur in real-life situations (sunny or cloudy
weather...)
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Fig. 4: Annotation image example

Table 3: Data Augmentation Techniques and Parameters

Data Augmentation Techniques Parameters
Resizing 416 X 416
Auto-orientation Applied
Rotation 90°

Flip Horizontal and vertical flip
Random Gaussian Blur Up to 2.5px

Noise Applied to 5% of pixels
Saturation Between -50% and 50%
Exposure Between -25% and 25%
Brightness Between -30% and 30%

5 Experimental Results and
Discussion

5.1 Experimental Setup and
Training Parameters

In our experimental setup, we conducted the
training phase using the Google Colab platform.
Google Colab provided us with a convenient and
powerful environment for training our deep learn-
ing models. It allowed us to leverage the capabil-
ities of high-performance GPUs without the need
for expensive hardware. The cloud-based nature
of Google Colab also ensured that we had access
to ample computational resources and a sta-
ble runtime environment throughout our training
experiments. This allowed us to efficiently iterate
and experiment with different model configura-
tions, hyperparameters, and training strategies.

To perform the experiment, we divided the data
into two portions:, allocating 80% for training
purposes and reserving 20% for validation. The
training phase involved feeding the model with
the training images and optimizing its parame-
ters through the process of backpropagation. Once
the training was completed, we evaluated the
performance of the model using the validation
images. This evaluation allowed us to assess how
well the trained model generalized to unseen data
and provided insights into its overall accuracy
and effectiveness. The YOLO object detection
models, including YOLOvV5, undergo a specific
configuration and training process. After labeling
the dataset, the model is configured to accom-
modate the dataset and hardware environment,
such as GPU, CUDNN, and OPENCYV. To initi-
ate the training of a YOLOv5 model, two YAML
files are required. The first YAML file serves to
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(8)

Fig. 5: Image examples after applying data aug-
mentation transformations: (a): original image,
(b): Noise, (c):Blur, (d):Rotation, (e):Brightness,
(f):Flip, (g): exposure (negative)

define essential information such as the train-
ing and testing data file paths, the class number
to be detected, and the corresponding names of
the objects belonging to those classes. The sec-
ond YAML file encompasses various parameters
and configurations, including anchor boxes, the
YOLOvV5 backbone architecture, and the YOLOv5
head architecture. These YAML files provide the
necessary specifications and settings for train-
ing the YOLOv5 model, enabling it to learn
and detect objects accurately. Hyperparameters
and training parameters employed for training
YOLOvV5 are presented in Table 4.

Table 4: Training Hyperparameters

Parameter Value
Input Image Size 416x416
Learning Rate 0.01
Batch Size 16
Epochs 50
Optimizer SGD
Weight Decay 0.0005
momentum 0.937

5.2 Evaluation Metrics

Evaluation metrics are crucial for assessing the
performance and effectiveness of object detec-
tion models. Several assessment criteria were used
in the context of YOLOV5 to test the accuracy
and robustness of the trained model. Precision,
recall, Fl-score, average precision (AP), and mAP
are the most often used assessment measures.
Precision measures the proportion of correctly
detected objects out of all the predicted objects.
Recall, on the other hand, measures the propor-
tion of correctly detected objects out of all the
ground-truth objects. Average precision calculates
the average precision values across different lev-
els of confidence thresholds, while mean average
precision computes the average precision across
all object classes. Among the various evaluation
metrics used in target detection algorithms, the
mAP holds significant importance in assessing the
accuracy of the detection algorithm. Specifically,
mAPO.5 refers to the AP obtained by evaluating
the object detection model with a threshold of
0.5 for Intersection over Union (IoU). This met-
ric calculates the average value of AP across all
categories. Additionally, AP0.5-0.95 measures the
mean AP of the model by considering different IoU
thresholds from 0.5 to 0.95, with increments of
0.05. This metric provides a more stringent eval-
uation of model accuracy. Finally, mAP0.5-0.95
represents the average value of AP across all
categories when evaluated under different IoU
thresholds from 0.5 to 0.95, with a step size of 0.05.
In addition to the previously mentioned evaluation
metrics, another important factor examined in
this study is the number of parameters, which cor-
responds to the amount of storage space required
by the model, typically measured in megabytes
(MB). The equations for calculating Recall (R),
Precision (P), Fl-score [14], AP, and mAP [32] are
presented in Equations 2- 6:

TP
Recall = 757N 2)
TP
Precision = —————
recision = o n (3)

2 x (Precision x Recall)

F1 — Score =
core Precision + Recall

(4)
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5.3 Ablation Study

While YOLOv5 has different versions, such as
YOLOv5s and YOLOv)x, it is important to
understand how these variations in architecture
affect the performance of the models. Conduct-
ing an ablation study allows us to systemati-
cally analyze and compare the different versions,
considering factors such as detection accuracy
and computational efficiency. This study helps
us gain valuable insights into the specific advan-
tages and trade-offs associated with each YOLOv5
configuration. The presented Table 5 provides a
comparison of performance metrics between the
YOLOv5s and YOLOv5x models. These metrics
include Recall, Precision, F1-Score, mAP (Mean
Average Precision), Size (in MB), GFLOPS (Giga
Floating-Point Operations Per Second), and FPS
(Frames Per Second).

The YOLOv5s model demonstrates a Recall
of 91.2%, Precision of 76.4%, F1-Score of 83.14%,
and an mAP of 94.8%. It has a smaller model
size of 15 MB, requiring less storage space.
The GFLOPS for YOLOv5s is 15.8, indicating
the computational performance of the model. It
achieves an FPS of 137, meaning it can process
approximately 137 frames per second.

The YOLOv5x model exhibits improved per-
formance metrics, as well as higher Recall of
95.9%, Precision of 90.6%, F1-Score of 93.1%, and
an mAP of 96.5%. However, it has a larger model
size of 170 MB, occupying more storage space.
The GFLOPS for YOLOvV5x is significantly higher
at 203.9, indicating its increased computational
requirements. The FPS for YOLOv5x is 42, indi-
cating that it can process approximately 42 frames
per second. This higher processing speed is ben-
eficial in scenarios that require real-time or near
real-time object detection. This comparison high-
lights the trade-offs between accuracy, model size,
computational power, and processing speed. The
YOLOvV5x model exhibits superior performance in
terms of detection accuracy, while the YOLOv5s

network offers a more compact size, lower compu-
tational requirements, and higher FPS.

5.3.1 Accuracy and Loss Analysis

In order to compare the performance of YOLOv5x
and YOLOv5s in detecting leaf diseases, we ana-
lyzed the loss and accuracy metrics for both mod-
els, as shown in Figs. 6 and 7. For YOLOvb5s, the
classification loss was determined to be 0.00713,
indicating the error rate in classifying objects.
The objectness loss measured 0.0123, reflecting
the confidence of object presence. The bound-
ing box regression loss was recorded as 0.03010,
representing the accuracy of predicting object
bounding boxes. When considering accuracy,
YOLOv5s achieved a precision of 0.74, indicating
that 76.4% of the predicted bounding boxes were
accurate. The recall value, quantifying the propor-
tion of true bounding boxes correctly predicted,
was 0.912, indicating a high level of detection
capability. The mAP at an IoU threshold of 0.5
was determined to be 0.948, which represents the
overall performance in object detection. The aver-
age mAP across varying IoU thresholds from 0.5 to
0.948 (mAP 0.5:0.95) was computed as 0.648, indi-
cating the model’s ability to maintain consistent
performance across different IoU thresholds.

During the validation or testing phase, we
recorded the specific errors associated with
the components: box-loss of 0.0233, obj-loss of
0.00567, and cls-loss of 0.0113. These values pro-
vide insights into the performance of the model
and areas for potential improvement.

In contrast, YOLOv5x demonstrated superior
performance compared to YOLOv5s. The classifi-
cation loss for YOLOv5x was 0.00362, indicating
a lower error rate in classifying objects. The
objectness loss measured 0.0104, reflecting higher
confidence in detecting objects. The bounding
box regression loss achieved a value of 0.0247,
indicating improved accuracy in predicting object
bounding boxes.

Regarding accuracy measures, YOLOv5x
achieved a precision of 0.906, representing an
improvement over YOLOv5s. The higher precision
indicates a higher percentage of accurate bound-
ing box forecasts. The recall value for YOLOv5x
was 0.959, indicating a higher proportion of true
bounding boxes correctly predicted. The mAP at
an IoU threshold of 0.5 was determined to be
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Table 5: Comparison of Performance Metrics: YOLOv5s vs. YOLOv5x

Model Recall PrecisionF1- mAP  Size GFLOPs FPS
(%) (%) Score (%) (MB)
(%)
YOLOv5s 91.2 76.4 83.14 94.8 15 15.8 137
YOLOv5x 95.9 90.6 93.17 96.5 170 203.9 42
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Fig. 6: Accuracy and loss graph of leaf disease detection training using YOLOv5s model
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Fig. 7: Accuracy and loss graph of leaf disease detection training using YOLOv5x model
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0.965, indicating improved overall performance in
object detection. The average mAP across varying
IoU thresholds from 0.5 to 0.95 (mAP 0.5:0.95)
was computed as 0.69, demonstrating the model’s
ability to maintain high performance across differ-
ent IoU thresholds.

During the validation or testing phase for
YOLOV5x, the recorded errors for box-loss, obj-
loss, and cls-loss were 0.0237, 0.0057, and 0.0023,
respectively. These values suggest an improve-
ment in the accuracy of these specific components
compared to YOLOv5s.

Based on these results, it can be inferred that
YOLOv5x outperforms YOLOv5s in terms of both
loss metrics and accuracy measures. The lower loss
values and higher accuracy metrics for YOLOv5x
indicate its enhanced capability in detecting leaf
diseases with improved precision and recall. The
higher mAP wvalues for YOLOv5x also indicate
its better performance in object detection across
different IoU thresholds.

These findings have practical implications for
the application of YOLOv5 models in detect-
ing leaf diseases. The superior performance of
YOLOvV5x suggests that it can provide more accu-
rate and reliable results compared to YOLOv5s.
However, it is important to consider the trade-off
between performance and resource efficiency, as
YOLOvV5x requires more memory and has a longer
training time compared to YOLOvb)s.

These values were graphically represented in
the form of training loss, accuracy metrics, and
testing or validation loss, for the two models as
depicted in Fig. 6 and Fig. 7.

5.3.2 Training Performance of Leaf
Disease Detection

The F1 score is a statistical measure commonly
used to evaluate performance. It provides a bal-
ance between precision and recall by considering
both metrics. In our study, we utilized the F1 score
to evaluate the leaf disease detection capabilities
of the YOLOvbHs and YOLOv5x models. Fig. 8
displays the F1 curve for training the models, illus-
trating the relationship between the confidence
score (x-axis) and the corresponding F1 score
(y-axis). Each class’s F1 scores are depicted in
different colors, with the overall F1 score across
all classes represented in blue. For the YOLOv5s
model (left graph), the highest F1 score of 0.72

is attained at a confidence score of 0.104. This
implies that at this threshold, the model achieves
a good balance of precision and recall in detecting
leaf diseases. The F1 scores for different classes
vary, suggesting varying levels of accuracy for each
specific disease. On the other hand, the YOLOv5x
model (right graph) exhibits a significantly higher
Fl-score. The peak Fl-score of 0.93 is achieved
at a confidence score of 0.282, indicating a higher
level of accuracy in detecting leaf diseases com-
pared to the YOLOv5s model. The improved
F1l-score suggests that the YOLOv5x model has
a better trade-off between precision and recall,
leading to more reliable and accurate predictions
across different disease classes.
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Fig. 8: F1 Curves for Leaf Disease Detection.

Fig. 9 shows the precision-recall (PR) curves
for YOLOv5s and YOLOv5x to further evalu-
ate the models’ performance. At various proba-
bility thresholds, these curves depict the trade-
off between accuracy and recall. Each curve
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represents a separate model, as seen in (a)
YOLOv5s and (b) YOLOv5x. The recall grows
while accuracy drops when the probability thresh-
old decreases in the left graph (a), which corre-
sponds to YOLOv5s. This means that at lower
thresholds, YOLOv5s is more likely to discover
positive cases but may also generate more false
positives.
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Fig. 9: Precision-Recall Curves.

At an mAP of 0.5, the PR-score for YOLOv5s
is measured at 0.948, demonstrating its perfor-
mance in achieving a balance between precision
and recall. On the other hand, the right graph
(b) represents the PR curve for YOLOv5x. Sim-
ilar to YOLOvbs, as the probability threshold
decreases, recall increases and precision decreases.
However, YOLOv5x exhibits a higher overall per-
formance compared to YOLOv5s. At an mAP
of 0.5, the PR-score for YOLOv5x is measured
at 0.965, indicating its superior precision-recall
trade-off and stronger detection capabilities. The

PR curves provide valuable insights into the mod-
els’ ability to balance precision and recall at dif-
ferent probability thresholds. The results empha-
size the improved performance of YOLOv5x over
YOLOvV5s, showcasing its higher precision and
recall values in detecting leaf diseases.

The detection results for disease detection
using the YOLOv5s and YOLOv5x models are
shown in Fig. 10. This figure presents the images
after the prediction phase, where the models have
identified and localized the disease regions on the
plant leaves. Each image in the figure depicts a
different instance of disease detection, with the
detected regions highlighted by bounding boxes.
The labels that accompany the bounding boxes
describe the diseases that the models discovered.
The Figure not only visualizes the illness identifi-
cation findings but also offers precise information
for each bounding box prediction. The accuracy
indicates how confident the model is in its fore-
cast for each illness event. This data enables us to
measure the dependability of the models’ disease-
detection skills. By examining the accuracy values
linked with the bounding boxes, we can determine
how well the models perform in correctly detect-
ing and localizing various types of diseases on the
leaves. In summary, this visualization presents a
thorough overview of the illness detection pro-
cess, highlighting disease region localization and
offering insights into the accuracy of the model’s
predictions. It represents the models’ effectiveness
in identifying plant leaf diseases visually.

5.4 Comparative Study

A comparison study was performed using the
mean Average Precision (mAP) measure to eval-
uate the performance of the suggested technique
in the context of leaf disease detection. Table 6
compares mAP values obtained using the pro-
posed approach to those acquired from recent
studies in the field. The mAP is a reliable mea-
sure of the model’s capacity to detect and classify
leaf diseases, with larger values suggesting better
performance.

Dai et al.[2] proposed the YOLOv5-CAcT
network for crop leaf disease detection using
the PlantVillage dataset, which is based on the
YOLOv5 model. The mean Average Precision
(mAP) score for this approach was 95.6%. Fang
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Table 6: Comparative study

Ref Model Dataset mAP
(%)
2] YOLOV5- 51721 images  95.6%
CAcT PlantVillage
(5] Based on 1170 images 95.24%
YOLOv5 Self-generated
model
[19] Based on 4000 images 90.7%
YOLOv5 Plantvillage
model
[18] Based on 4353 images 95.2%
YOLOv5 Plantvillage
model
27] GMLDD 2542 images  71.0%
Based on Self-generated
YOLOv5
model
[41] YOLOv5-CA 820 images 90.2%
model Self-generated
Proposed YOLOv5x 3640 images  96.5%
Approach model Self-
generated

et al.[5] presented an improved method for detect-
ing wormholes in soybean leaves that incorporates
the YOLO-v5s network. Using a self-generated
dataset consisting of 1170 images, the model
achieved a mAP of 95.24%. Mathew et al.[19] used
YOLOv5s model for the detection of bell pepper
leaf diseases. By leveraging a dataset compris-
ing 4000 images sourced from the PlantVillage
dataset, the model reached a mAP of 90.7%. Ma
et al.[18] developed an enhanced variant of the
YOLOv5n model, denoted as (CTR-YOLOvbns),
which integrates a Coordinate Attention (CA)
mechanism and a Swin Transformer (STR) detec-
tion head, for the detection of maize leaf diseases.
Using a dataset of 4353 images from PlantVillage
dataset, the approach achieved a mAP of 95.2%.
Rashid et al.[27] presented the Guava Leaf Dis-
ease Detection (GMLDD) model, based on the
YOLOV5 architecture, for the identification of dif-
ferent diseases in guava leaves. To evaluate its
performance, the authors utilized a self collected
dataset consisting of 2542 images. The GMLDD
model achieved a mean Average Precision (mAP)
of 71.0%. Zhang et al.[41] proposed a detection
model called (YOLOv5_CA), which combines the

YOLOV5 architecture with a coordinate attention
mechanism, specifically designed for the detec-
tion of grape downy mildew disease in plant
leaves. The authors trained the model using a
self-generated dataset comprising 820 images. The
(YOLOv5_.CA) model achieved a mean Average
Precision (mAP) of 90.02%.

Comparing the performance measures of sev-
eral studies, we can see that the suggested strategy
regularly outperforms the other methods. This
demonstrates the suggested approach’s efficacy
and resilience in properly detecting illnesses from
the supplied datasets. The suggested approach’s
high mAP score shows its capacity to detect and
classify diseases effectively, making it a poten-
tial option for disease detection in the domain of
interest.

6 Conclusion and Future
Work

6.1 Conclusion

In this research, a method for detecting and local-
izing tomato and pepper leaf diseases based on
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Fig. 10: Detection Results: (a) YOLOv5s model,
(b) YOLOv5x model

the YOLOv5 model is provided. To improve the
model’s accuracy and performance, a backdrop
removal segmentation method is used to improve
the clarity and visibility of the leaf structures and
to focus entirely on the leaf areas, eliminating any
potential interference or noise. In addition, data
augmentation techniques were used to improve
the sample dataset. Furthermore, the original tar-
geting frame was optimized using k-means++
clustering, which improved the detecting process
even further. In ablation study, the performance
of the YOLOv5s and YOLOv5x models was com-
pared using the mAP metric. The results revealed
that the YOLOv5x model achieved a higher mAP
value of 96.5% compared to the YOLOv5s model
which demonstrated a performance of 94.8%.

These findings indicate that the YOLOv5x model
outperforms the YOLOv5s model in terms of
overall detection accuracy. It should be noted,
however, that the YOLOv5s model requires sig-
nificantly less memory and has a shorter training
time compared to the YOLOv5x model.

6.2 Future Work

Future work might involve investigating optimiza-
tion and compression techniques like quantization
and binarization to construct a disease detection
methodology on an FPGA platform. The purpose
of using these technologies is to improve the effi-
ciency and resource consumption of the system
on an FPGA while maintaining a high degree
of accuracy. Quantization and other optimiza-
tion strategies can reduce the accuracy of model
weights and activations, resulting in reduced
processing needs and a smaller memory foot-
print. Binaries approaches, on the other hand,
try to express model parameters and calculations
using binary numbers, which leads to additional
resource minimization. Implementing such tech-
nologies on an FPGA platform can result in
shorter inference times and lower power consump-
tion, making the disease detection system more
suited for deployment in resource-constrained
contexts. This future work will involve investi-
gating the effect of different optimization and
compression techniques on system performance,
evaluating trade-offs in terms of accuracy and
resource utilization, and fine-tuning them to
achieve optimal balance.
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