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Early automation in identifying plant diseases is crucial for the precise protection of crops. Plant 
diseases pose substantial risks to agriculture-dependent nations, often leading to notable crop losses 
and financial challenges, particularly in developing countries. Symptoms such as chlorosis, structural 
deformities, and wilting, characterize these diseases. However, early identification can be challenging 
due to symptoms similarity. Researchers using artificial intelligence (AI) for plant disease classification, 
challenges like data imbalance, symptom variability, real-time performance, and costly annotation 
hinder accuracy and adoption. This work introduced a novel approach using the You Only Look Once 
(YOLO) deep learning model, chosen for its exceptional accuracy and speed. The study focuses on 
analyzing YOLO models, specifically YOLOv3 and YOLOv4, to identify fruit plant diseases. This work 
examines healthy peach and strawberry leaves, as well as peach leaves affected by bacterial spots and 
strawberry leaves with scorch disease. These models underwent thorough training using data from 
the publicly accessible Plant Village dataset. The simulation results were highly promising, numerically 
YOLOv3 model achieved 97% accuracy and a Mean Average Precision (mAP) of 92%, within a total 
detection time of 105 s. In comparison, the YOLOv4 model outperformed, with a 98% accuracy and 
an impressive mean average precision of 98%, all while completing the detection process in just 
29 s. YOLOv4 demonstrated lower complexity, significantly faster, and more precise performance, 
especially in detecting multiple items. Serving as an efficient real-time detector, it holds the potential 
to transform plant disease diagnosis and mitigation strategies, ultimately leading to increased 
agricultural productivity and enhanced financial outcomes for developing nations.
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Agriculture plays a crucial role in every economy, relying on the cultivation of fruits as a foundational aspect. 
Fruits, being a high-value crop, hold considerable sway over the economic landscape of any nation. Despite 
being integral to the daily lives of nearly everyone, a significant portion of fruit yields fall victim to various 
diseases. Many fruit plants exhibit recurring disorders, particularly in their leaves, showcasing various ailments. 
Identifying these disorders in their initial phases is crucial, as the effectiveness of treatment options is most 
pronounced during this vital period. Plant leaves and stems exhibit pivotal indicators of these diseases, frequently 
stemming from infections caused by bacteria, fungi, and viruses1,2. The consequences of plant diseases transcend 
the field of horticulture, encompassing plant mortality, diminished crop productivity, and significant financial 
losses3,4. Manifestations of plant diseases include various changes, encompassing structural, physiological, and 
color shifts, among other noticeable traits5,6. Precise diagnosis of these ailments is highly significant given the 
considerable financial losses involved and the potential decrease in agricultural output7–9. Consequently, the 
accurate identification of plant diseases continues to be a complex and critical challenge.

Bacterial, viral, and fungal infections are the leading contributors to leaf diseases. These conditions exhibit 
diverse visible symptoms on a plant’s leaves or stems, facilitating disease diagnosis10,11. The repercussions 
of these diseases have been detrimental to crop production, making the expansion of crops a distant goal. 
Plant diseases manifest in various forms, making them difficult to recognize without specialized assistance, 
particularly for farmers in developing nations with limited access to expertise due to inadequate infrastructure 
and awareness. Real-time plant disease identification is challenging with traditional machine learning and 
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deep learning approaches because of their limited performance and high computational demands. As a result, 
insufficiently addressing various plant diseases leads to significant production losses. Early disease detection is 
especially difficult due to overlapping symptoms on leaves and stems. Rural farmers often struggle to manage 
these diseases due to a lack of necessary knowledge. The agricultural community stands to gain significantly 
from an automated system capable of identifying diseases in their early stages12–15. Early diagnosis is crucial 
for effective treatment. While farmers traditionally relied on human expertise for manual disease detection, 
recent technological advancements, particularly in machine learning and artificial intelligence, now enable the 
identification of diseases even in their initial stages16. Achieving such early detection requires vigilant care and 
monitoring.

Historically, plant disease research has been centered in the field of plant biology. Traditionally, human experts 
depend on their knowledge for disease diagnosis, a manual process characterized by labor-intensive efforts and 
susceptible to inefficiencies and misdiagnoses. Given these challenges, the need for early disease recognition and 
detection has become crucial17. Consequently, automated approaches, providing efficient and objective analyses, 
have become invaluable tools for achieving high accuracy in the detection of plant diseases18–20. Numerous 
investigations have utilized deep learning methods, particularly Convolutional Neural Networks (CNNs), and 
machine learning models to detect a broad spectrum of plant diseases. Deep learning approaches have captured 
considerable interest from researchers owing to their ability to achieve outstanding accuracy across diverse 
applications21–25. Despite numerous studies that classify plant diseases using various datasets for detection, there 
is a noticeable scarcity of research dedicated to achieving highly precise plant disease detection. As a result, the 
urgency for a swift, highly efficient, real-time, and multi-feature detection technique persists.

In this study, we employ the You Only Look Once (YOLO) object detection model, renowned for its real-time 
efficiency and high effectiveness, to address the identification of plant diseases in fruit trees. Among the multiple 
variants of YOLO, our research distinguishes itself by conducting a comprehensive performance analysis of 
YOLOv3 and YOLOv4 models, specifically tailored for detecting diseases in fruit leaves. We rigorously evaluate 
the proposed models across a range of parameters, including accuracy, F-measure, precision, recall, and mean 
Average Precision (mAP), within the context of diverse plant leaf disease detection. Additionally, we explore 
the model’s computation efficiency and its ability to accurately localize affected areas. Despite the existing body 
of research, no prior studies have presented such a robust solution for highly accurate plant disease detection. 
This work also suggests potential enhancements for future iterations of YOLO models to further improve their 
application in agricultural contexts.

Our research introduces an innovative approach to improving the detection of diseases in fruit plants using 
the YOLO framework. The real-time capabilities of YOLO, combined with its exceptional speed and accuracy, 
make it a preferred choice among researchers for various object detection tasks. Our study offers several 
significant contributions:

•	 We present an automated localization technique designed to identify affected areas within the entire image 
collection. Utilizing advanced deep learning models, specifically YOLOv3 and YOLOv4, we perform disease 
detection and classification.

•	 This study considers only four classes from the publicly available Plant Village dataset, which comprises 25 
classes of healthy and diseased plants across 9 different plant species and contains thousands of instances.

•	 To evaluate the effectiveness of these models in identifying a range of plant leaf diseases, we assess their 
performance using various parameters, including accuracy, F-measure, precision, recall, and mean Average 
Precision (mAP).

The remainder of this paper is structured as follows: Section "Related Work" provides a comprehensive review 
of the relevant literature. Section "Methods and materials", explores the approach and techniques employed in 
this research. Section "Numerical Results" details our research methodology, and presents the results and their 
analysis. Finally, Section "Conclusions"concludes with our findings and outlines potential avenues for future 
research.

Related work
Deep learning models are an essential component of computer vision applications, such as tasks like object 
detection and image categorization, due to their ability to quickly and effectively interpret visual data26–28. Several 
researchers have previously shown that deep learning and machine learning models performed better than 
humans and produced more accurate findings than those obtained by human experts29–34. Such models utilize 
the power of artificial neural networks and learn complex features from image datasets. The use of deep learning 
techniques for the detection and classification of plant diseases is explored in this section of the literature.

A study in4 used a deep convolution neural network method for diagnosing rice disease. The data set used in 
this study contains both healthy and sickly leaves, which consist of a total of 500 images. The experiment results 
show that the model used in this paper achieved a 95.48% accuracy rate which gives higher convergence rates 
and better disease detection.

The research work in5 used RNN for disease detection and the FUZZY k-mean clustering model for the 
classification process in simulation to identify the banana leaf disease. They independently gathered the 
data, which includes the two primary banana diseases banana speckle and banana sigatoka to evaluate the 
effectiveness of the suggested model. Both banana leaves and fruits were used to train the suggested model to 
test its effectiveness and assure superior detection outcomes. To speed up the procedure, this study created a way 
for storing the data in the database. The total simulation results demonstrate that the proposed model was highly 
effective in this study. Similarly in9, YOLO (You Only Look Once) oriented CNN model was used to detect leaf 
disease. YOLO was chosen because of its ability to identify multiple diseases in a single image. Furthermore19 
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proposes a Resnet-50 residual network model to identify tomato leaf disease. In this paper convolution layers 
were used to extract the leaf disease feature, and following repeated learning, to classify tomato leaf disease.

In a previous study35, a convolutional neural network was employed with the Plant Village dataset. The model 
utilized achieved an accuracy of 85.3%. However, it’s worth noting that this model had a limitation, as it required 
an extended training phase and could only classify single leaves on a uniform background with the leaves facing 
upward. Similarly, in another investigation36, the author introduced an innovative approach for identifying plant 
leaf diseases using a combination of four deep learning models and a stacking classifier. The dataset included 10 
different classes comprising both healthy and diseased plant leaves, totaling 36,258 images. Python 3 was used 
to implement their proposed CNN models, including Inception, ResNet, DenseNet, and Inception-ResNet for 
feature extraction, with a stacking approach employed for classification. The comprehensive simulation results 
revealed an impressive accuracy rate of 87% for the proposed model.

In a different study37, image processing and genetic algorithms were utilized to identify plant leaf diseases. 
Genetic algorithms were employed for crop disease diagnosis and image segmentation. Various photo 
segmentation algorithms were applied to categorize and automatically detect diseases. The simulation results 
demonstrated that the proposed model achieved high performance. In38, the author presented a CNN-based 
YOLO model for identifying bacterial spot disease within bell pepper leaves. About 100 pepper bell leaves were 
collected as a dataset from personal gardens to assess the model’s performance. The simulations were conducted 
using TensorFlow and Keras-based Python libraries. The results from all simulations indicated an impressive 
96.78% accuracy rate for detecting bacterial spot disease in bell pepper leaves.

Another study39 proposed a CNN model with ReLU activation, combined with K-Nearest Neighbors (KNN) 
and Support Vector Machine (SVM) algorithms, to identify and categorize various plant diseases. The dataset 
used in this study consisted of 20,000 photos across 19 classes to evaluate the model’s performance. The study 
also incorporated a manual technique and included logistic regression for data preprocessing. The simulation 
results showcased that the suggested model achieved an impressive 98% accuracy rate for identifying various 
plant diseases. Furthermore, in40, a novel technique based on deep learning models like LeNet was introduced 
for identifying tea plant leaf diseases. Table 1 provides a comprehensive summary of the existing literature about 
the detection of plant diseases using a diverse range of machine learning and deep learning models. The studies 
featured in the table encompass a variety of plant diseases, including those affecting banana leaves and fruits, 
rice, tomato plants, bell pepper leaves, general plant leaves, and tea leaves, and highlight the limitations of the 
study.

Notably, some models have exhibited remarkable accuracy rates, such as Resnet-50, which achieved an 
impressive accuracy of 98.0%, and Support Vector Machine (SVM) and k-Nearest Neighbors (KNN) both 
reaching 98% accuracy in detecting plant leaf diseases.

Furthermore, certain research endeavors have shown enhanced performance of machine learning models in 
the realm of plant disease detection. For instance, the utilization of LeNet has yielded promising results in the 
context of tea leaf disease identification, while YOLO has proven effective in enhancing accuracy across various 
applications. Among these models, YOLO stands out as a compelling choice for plant leaf detection, thanks to its 
combination of high accuracy and real-time performance. In this research, we propose the utilization of a deep 
learning-based YOLO model for the identification of strawberry and peach plant leaf diseases. This model has 
been widely acknowledged in literature for its versatility in tackling diverse object detection tasks.

Our study aims to evaluate the performance of the suggested model across multiple parameters. Specifically, 
we focus on identifying strawberry and peach fruit leaf diseases, recognizing the YOLOv4 model as a potent tool 
for effectively detecting diseases in fruits, plants, and leaves.

Methods and materials
Various techniques were used by different researchers for different plant disease detection. All these techniques 
have their performance in different applications. This study proposes deep learning-based YOLO-v3 and 
YOLO-v4 models for fruit plant leaf disease detection, given in the following sub-sections. Figure 1 presents an 
overview of our research methodology, which illustrates the proposed research flow diagram.

Ref Dataset Model Results Limitations
5 Banana leaf and fruit diseases ANN High accuracy Not suited for real-time
15 Plant disease based on hyperspectral reflectance SVM 97% accuracy Custom dataset, Low accuracy on multiple classes
19 Tomato plant diseases Resnet-50 98.0% accuracy High Train/Test ratio – 90/10
20 Plant disease YOLO Numerical results not available
35 Plant village dataset CNN 85.3% accuracy Less Accuracy
36 Plant village dataset Inception, ResNet, DenNet 87% accuracy High Complexity, not suitable for real-time
37 Plant leaf disease Genetic algorithm Less Performance Not suited for real-time analysis
38 LabelStoma: A for stomata detection YOLOv3 High Accuracy High Test/Train ratio – 85/15
39 Bell pepper plant YOLOv5 High performance Missing numerical results

Table 1.  Summary of the related work.
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Data collection
We employed the Plant Village dataset41 to train our models, focusing on four distinct classes related to two types 
of fruit leaves: healthy and bacterial spot-affected peach leaves and healthy and scorched strawberry leaves. Our 
dataset comprises a total of 4,222 images used for both training and model evaluation. Specifically, we have 2,657 
Peach leaf images and 1,565 Strawberry leaf images. Further details about healthy and infected images can be 
found in Table 2.

Classes
In this paper, we focus our attention on a subset of just four specific classes from the Plant Village dataset42. 
However, it is important to highlight that this dataset encompasses a broader spectrum of 37 diverse categories, 
encompassing various fruit and vegetable leaf types. This extensive collection serves as a valuable resource for 
exploring the automation of disease detection and classification across this wide range of plant species. The 
selected classes from the dataset are briefly discussed below:

Peach bacterial spot
Peaches, nectarines, apricots, and plums are susceptible to a severe bacterial infection known as Peach Bacterial 
Spot, caused by the bacterium Xanthomonascampestris PV. Pruni. This illness manifests in various ways, 
including fruit spots, leaf blight, and twig cankers. Additionally, affected fruit may exhibit symptoms such as 
pitting, cracking, gumminess, and water-soaked tissue, which can make them more vulnerable to brown rot, 
rhizopus, and other fungal infections. Severe leaf spot infestations can lead to early defoliation, while extreme 
defoliation can result in fruit splitting, shrinking, or sunburn. Furthermore, early leaf loss can weaken the trees 
and reduce their winter hardiness. Peach Bacterial Spot images are presented in Figure 2 for ready reference.

Peach healthy.
Prunus persica, a deciduous peach tree, has its origins in the eastern Chinese province of Zhejiang, where it was 
first domesticated and cultivated. This remarkable tree yields a variety of delicious fruits, most referred to as 
peaches, with some being known as nectarines. The specific name ‘persica’ alludes to its widespread cultivation 
in Iran, from where it was introduced to Europe. Belonging to the Rosaceae family, it is a member of the Prunus 
genus, which also includes cherries, nuts, apricots, and plums. Figure 3 showcases images of healthy peach 
specimens.

Strawberry leaf scorch
Strawberry Leaf scorch is a disease that affects strawberry plants, particularly those of the Fragaria x ananassa 
species, which is commonly cultivated for its sweet and juicy berries. This disease is caused by a bacterium 

S. No Fruit Type Type Number of Images

1 Peach
Healthy 360

Bacterial Spot 2297

2 Strawberry
Healthy 456

Leaf Scorch 1109

Total Number of Images 4222

Table 2.  Class-wise image distribution of the data used for training and testing of models.

 

Fig. 1.  Research Methodology for Disease Detection in Fruit Plants Using YOLO Models.
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known as Xanthonmous fragaries. Common symptoms used to identify this disease include reddish lesions, 
marginal necrosis, leaf curling, and reduced fruit production. Strawberry growers need to monitor their plants 
regularly for signs of disease and take prompt action if Strawberry Leaf Scorch is detected. Early intervention 
and preventive measures are essential for managing this disease and protecting strawberry crops. Figure 4 
illustrates the leaf scorch.

Strawberry healthy
The genus Fragaria, a member of the Rosaceae family, encompasses over 100 diverse flowering plant species, 
many of which bear edible fruits. Cultivated strawberries are extensively grown worldwide due to their popularity. 
Strawberries naturally thrive in temperate regions of the Northern Hemisphere. In Figure 5, you can observe 
healthy strawberry leaves for reference.

Processing and data selection
This study utilizes data from the publicly available Plant Village dataset41, accessible on Kaggle. To ensure 
compatibility with our model, all images are resized to a uniform 416x416 size before training and testing. The 
following preprocessing steps are employed to augment the data, as outlined below:

•	 We leverage the powerful deep learning library, Keras, which offers an Image Data Generator facilitating 
image augmentation through standard techniques like rescaling, shearing, zooming, and horizontal flipping.

Fig. 4.  Strawberry Scorch leaves.

 

Fig. 3.  Peach healthy leaves.

 

Fig. 2.  Peach bacterial spot leaves.
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•	 To maintain consistency across all images, a rescaling factor of 1/255 is applied, thereby normalizing the pixel 
range of all data images to a range of 0 to 1.

•	 The total of 4222 augmented images is divided into training and testing datasets.
•	 The YOLO environment is established by cloning the corresponding YOLO variant’s repository from GitHub, 

followed by setting up the necessary data and directory structure.
•	 Finally, YAML configuration files are prepared. These files include essential information such as training and 

testing file paths and the number of classes required for training the models. This comprehensive preprocess-
ing ensures that the data is well-prepared and suitable for model training and evaluation.

Model training
This study considers the two variants of the YOLO framework, i.e., YOLOv3 and YOLOv4 are proposed in this 
research work for plant disease detection.

YOLO-v3
YOLOv3, an evolution within the YOLO (You Only Look Once) family, made its debut in 201843. It stands as a 
profound deep neural network model designed for swift and precise object detection in real-time within images 
or video streams. YOLOv3 extends upon its predecessor by incorporating a more substantial backbone network, 
a feature pyramid network, and multi-scale prediction, enabling it to adeptly detect objects of diverse sizes. It 
also integrates techniques such as batch normalization, shortcut connections, and spatial attention to further 
elevate accuracy and resilience. This versatile framework has garnered widespread adoption in computer vision 
applications spanning surveillance, autonomous driving, robotics, and even novel use cases like post-natural 
disaster building damage assessment.

The primary architecture of YOLOv3 is compartmentalized into three core segments: The backbone network, 
the detection head, and the post-processing module. The backbone network, initially tasked with feature 
extraction from input images, leverages a modified DarkNet-53 architecture. This backbone employs a sequence 
of convolutional layers intercepted with batch normalization and leaky ReLU activations to enhance learning 
and prevent overfitting. Max-pooling layers are strategically integrated to progressively reduce the spatial 
dimensions of the feature maps, thereby concentrating the salient feature.

For estimating bounding boxes and class probabilities within images, the detection head comes into play. 
It processes the multi-scale feature maps generated by the backbone network through a series of convolutional 
layers. This multi-scale approach allows the model to detect objects of varying sizes more effectively. Each 
detection layer is responsible for predicting a fixed number of bounding boxes, which is typically determined by 
the number of anchor boxes.

The post-processing module plays a pivotal role in refining the detections. It filters detections based on their 
confidence scores and employs non-maximum suppression (NMS) to eliminate overlapping and redundant 
results. Detections with low confidence scores are discarded, ensuring the output is both accurate and concise. 
The NMS algorithm ensures that only the most relevant bounding boxes are retained, which reduces the 
likelihood of duplicate detections. Additionally, the integration of residual blocks in the backbone architecture 
allows for improved gradient flow during training, facilitating deeper networks without suffering from the 
vanishing gradient problem. The flow diagram of YOLOv3, coupled with residual blocks and the detection 
module is presented in Figure 6. This combination of advanced post-processing makes YOLOv3 a powerful 
model for real-time object detection.

YOLO-v4
YOLOv4, an upgraded iteration of the YOLOv3 object detection model, stands as a remarkable achievement in 
the field. Introduced in 2020 and credited to44, this model is renowned for its exceptional precision and speed. 
YOLOv4’s architecture comprises three key components: the backbone network, the neck, and the head, each 
with distinctive traits and design considerations.

YOLOv4’s backbone network builds upon the foundation of CSPDarknet53, a variation of the Dark-
Net architecture utilized in YOLOv3. Notably, CSPDarknet53 incorporates cross-stage partial connections, 
enhancing feature reuse while minimizing network parameters. This network’s primary role is to extract features 
from input images and reduce spatial resolution, achieved through a series of convolutional layers and down-
sampling techniques.

Fig. 5.  Strawberry healthy leaves.
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YOLOv4’s neck incorporates spatial attention modules, strategically designed to focus on essential image 
areas while suppressing extraneous details. These spatial attention modules are introduced after several layers of 
the backbone network, enhancing feature maps through channel and spatial attention mechanisms.

The head in the YOLOv4 model is responsible for predicting bounding boxes and class probabilities for 
objects within images, the head of YOLOv4 consists of multiple detection layers. Each layer predicts a specific 
number of bounding boxes, often based on the predetermined number of anchors for that layer. Additionally, 
the head integrates several convolutional layers to analyze feature maps generated by the neck and backbone 
networks. The final output of the model comprises bounding boxes and associated class probabilities for detected 
objects.

Beyond these core components, YOLOv4 incorporates advanced training techniques. These include cut mix 
and mosaic data augmentation, which bolster model accuracy and robustness. Additionally, YOLOv4 adopts a 
modified variant of the non-maximum suppression algorithm known as weighted box fusion (WBF).

To recognize objects in real-time, the model employs a deep neural network that has been trained on a 
sizable dataset of images. The input image is divided into a grid by YOLOv4 and numerous bounding boxes, 
each with a different confidence score but instead of class prediction, are predicted for each grid cell. The output 
is a collection of bounding boxes, each with a confidence score and class label. The capability of YOLOv4 to 
find small objects is another crucial trait. Spatial Pyramid Pooling (SPP), a method that enables the model to 
capture features at various scales and resolutions, is used to accomplish this. As a result, YOLOv4 is especially 
advantageous for use in robotics, self-driving cars, and surveillance.

Bounding Box Prediction: YOLOv4 employs a grid-based approach to dissect the input image, resulting in 
multiple bounding boxes per cell. For every such bounding box, the model predicts both its confidence score 
and class identification. Specifically, YOLOv4 furnishes predictions regarding the position, dimensions, and 
class label of the object encapsulated within each bounding box. This computation of bounding box ‘b’ in YOLO 
follows the formulation delineated in Eq. (1).

	

bx = σ (tx) + cx

by = σ (ty) + cy

bw = pwetw

bh = pheth

� (1)

where bx and by  represents bounding box center coordinates, bw  and bh represent width and height. The width 
and height of each bounding box are predicted as offsets from predefined cluster centroids (anchor boxes), as 
depicted in Fig. 7. The center coordinates of the bounding box are determined relative to the grid cell where the 
object is detected, using a sigmoid function to ensure the coordinates fall within the bounds of the grid cell. This 
approach allows YOLO to predict precise object locations within the image.

Non-Maximum Suppression: YOLOv4 employs the non-maximum suppression (NMS) method to prevent 
duplicate detections. Bounding boxes that significantly overlap with other bounding boxes with greater 
confidence scores are removed by NMS. A final set of bounding boxes is the result, and these bounding boxes 
are very apt to contain interesting objects as shown in Eq. (2).

	
µ−l

t,k (∅t) = 1
k

∑k−1

T
µl

t−T (∅t)� (2)

Output: Each bounding box in the output of YOLOv4 has a class label and a confidence value. To draw attention 
to the objects that the model has identified, these bounding boxes can be drawn on the input picture. The step-
by-step procedure of the employed model used for this research has been presented in Algorithm 1.

Fig. 6.  Block diagram of YOLOv3 model for Plant Disease Detection.
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Experimental results
In this study, we conducted our experiments on a Windows 10 computer equipped with an Intel Core i7 processor 
running at 2.0 GHz and 16 GB of RAM. The dataset was employed for training and testing the machine learning 
algorithms, and this was achieved using the Keras Python library. Model training was performed on Google 
Colab Pro, leveraging the capabilities of a GPU. Specifically, we employed two distinct models, YOLOv4 and 
YOLOv3, for the detection of plant leaf diseases in fruit plants, assessing their performance in terms of accuracy, 
F-measure, recall, and precision.

In this study, we employ a range of performance parameters to assess the effectiveness of the proposed model. 
Below, we provide a concise overview of the performance parameters used for evaluating the models.

Algorithm 1.  Proposed YOLO model Pseudo code for detecting leaf disease.

 

Figure. 7.  Bounding boxes with dimension priors and location predictions.
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Confusion matrix
In this study, we employ the confusion matrix as a representation to analyze the alignment of categorizations 
under specific constraints. The dimensions of the matrix, denoted as M = n*n, correspond to the number of 
classes being considered. As such, the summation of all positively identified values, encompassing both true 
positives (TP) and false positives (FP), is considered the most precise measure of identification accuracy. True 
positives indicate instances where an element is correctly associated with a class it genuinely belongs to, while 
false positives signify cases where an element is inaccurately linked to a specific class. Any instances not falling 
into these categories, which include erroneous false negatives (FN) and false positives (FP), are categorized as 
‘rejected.’ For a visual representation of the confusion matrix format, refer to Table 3.

Accuracy
The accuracy of our model determines its effectiveness. It demonstrates how secure and portable our 
methodology is when detecting both negative and positive values and how close to the true values our model has 
been returning the results. The accuracy of the proposed model is calculated using Eq. (3).

	
Accuracy = T P + T N

T P + T N + F P + F N
� (3)

Precision
Count the instances of positive values that have been accurately retrieved, signifying the total number of values 
authentically associated with a particular class that were successfully identified. Precision is then determined 
by dividing the count of true positives by the total of all correctly detected values and classes. This precision 
calculation is represented as follows in Eq. (4).

	
P recision = T P

T P + F P
� (4)

Recall
The True Positive Rate (TPR) is commonly referred to as recall and is calculated by dividing the total number 
of true positive values by the sum of the true positive and false negative values. Recall is a quantitative indicator 
that demonstrates the thoroughness of the outcome. The number of accurately detected is known as the true 
positive rate. Good recall indicates that the data is efficiently and correctly recovered. The recall is calculated 
using Eq. (5).

	
Recall = T P

T P + F N
� (5)

F-measure
If we compare two models, it is quite difficult to compare a model with good precision and high recall to one with 
poor precision and high recall. Hence, we employ the F-score or F-measure to accomplish this. Instead of using 
arithmetic means, the F-measure uses harmonic means and is calculated using Eq. (6).

	
F − Measure = 2 ∗ Recall ∗ P recision

Recall + P recision
� (6)

Mean average precision
The metric mAP@0.5 represents the mean Average Precision (mAP) at an Intersection over a Union (IoU) 
threshold of 0.5, while mAP@0.5:0.95 stands for the average mAP calculated across various IoU thresholds 
ranging from 0.5 to 0.95. The calculation is provided in Eq. (7).

	
mAP = 1

n

k=n∑
n=1

AP k � (7)

Numerical results
Performance evaluation of YOLOv3 model
The performance evaluation of the YOLOv3 model is meticulously presented, with individual assessments for 
each class featured in Figure 8 and elaborated upon in Table 4. Simultaneously, Figure 9 (a)-(d) offers a bounding 
box prediction of the YOLOv3 model. Based on the insights garnered from Figure 8 and Table 4, aligned with 

Predicted class

Related (P) Non-related (N)

Actual class
Related (P) True positive (TP) False negative (FN)

Non-related (N) False positive (FP) True negative (TN)

Table 3.  Confusion matrix.
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the previously discussed performance metrics, the YOLOv3 model delivers remarkable statistics, boasting a 
precision rate, accuracy, recall, and F-measure all resting at a commendable 97%, while displaying a negligible 
loss of 0.075.

Table 4 takes a granular approach, offering an exhaustive class-wise evaluation of the YOLOv3 model’s 
performance. To illustrate, consider the ‘strawberry healthy’ class, which achieves an impressive average precision 
of 92.3%. This class is backed by 986 True Positive (TP) detections, with only 24 instances of False Positives (FP). 
Similarly, the ‘strawberry leaf scorch’ class attains an average precision of 92.6%, driven by 647 TP detections 
and a mere 19 FP detections. The ‘Peach healthy’ class shows an average precision of 92.92%, substantiated by 
872 TP detections and just 18 FP detections. Lastly, the ‘Peach Bacterial Spot’ class secures an average precision 
of 92.73%, supported by 802 TP detections and a mere 15 FP detections.

Fig. 9.  Bounding Box prediction of Strawberry and Peach diseases detection using YOLOv3 model.

 

Classes FP TP AP

Strawberry_healthy 24 986 92.39

Strawberry_leaf_scorch 19 647 92.68

Peach_healthy 18 872 92.92

Peach_bacterial_spot 15 882 92.73

Table 4.  Class-wise Performance Evaluation of YOLOv3.

 

Fig. 8.  Numerical results in terms of a confusion matrix for YOLOv3.
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Figure 10 and Figure 11 depict the iteration count needed to attain specific accuracy or loss thresholds for the 
YOLOv3 model. The YOLOv3 model rapidly ascends to its peak accuracy with only a handful of iterations and 
then exhibits stable convergence for subsequent batches. A similar intuition can be drawn for the loss function 
as shown in Figure 10.

Performance evaluation of YOLOv4 model
The performance evaluation of the YOLOv4 model, as illustrated in Figure 12 and detailed in Table 5, provides a 
clear depiction of the true and false positives generated during the testing phase. In the subsequent sections, we 
delve into a comprehensive discussion and summary of these results.

Moreover, Figure 12 provides a comprehensive performance evaluation of YOLOv4, breaking down the 
assessment for each class. As is clear from Table 6, the employed model consistently achieves a precision rate 
of 98% across all categories. When considering a broader range of performance metrics, including standard 
parameters such as accuracy, recall, precision, F1-score, and mean average precision (mAP), the results for the 
proposed model are as follows: a precision rate of 98%, an accuracy of 98%, a recall of 99%, an F-measure of 99%, 
and a loss rate of 0.00534.

Fig. 11.  Loss curve in terms of number of iterations for the YOLOv3 model.

 

Fig. 10.  The number of iterations required to achieve accuracy for the YOLOv3 Model.
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Likewise, Table 5 presents a class-wise evaluation of the YOLOv4 model’s performance. For instance, the 
‘strawberry healthy’ class achieves an average precision of 98.89%, with True Positive (TP) values of 980 and False 
Positive (FP) values of 9. Similarly, the ‘strawberry leaf scorch’ class achieves an average precision of 98.73%, with 
TP values of 640 and FP values of 11. The ‘Peach healthy’ class attains an average precision of 98.93%, with TP 
values of 865 and FP values of 7. Additionally, the ‘Peach Bacterial Spot’ class demonstrates an average precision 
of 98.88%, with TP values of 797 and FP values of 10. To further illustrate our findings, YOLOv4 has a low failure 
rate due to its high learning rate. Figure 13(a), (b), (c), and (d) displays the visual results of image recognition 
conducted by the proposed YOLOv4 model, encompassing categories such as ‘strawberry healthy,’ ‘strawberry 
leaf scorch,’ ‘peach bacterial spot,’ and ‘peach healthy.’

Figure 14 and Fig. 15 depict the iteration count needed to attain specific accuracy or loss thresholds for the 
YOLOv4 model. The YOLOv4 model rapidly ascends to its peak accuracy with only a handful of iterations and 
then exhibits stable convergence for subsequent batches. A similar intuition can be drawn for the loss function 
as shown in Fig. 14, as the loss is incredibly low. The loss rate of the model reduces as the accuracy of the model 
increases and vice versa.

Comparison of YOLOv3 and YOLOv4 model
The results of this research highlight the exceptional performance of both models, characterized by remarkably 
high accuracy and impressively low loss rates. Specifically, YOLOv3 attains an impressive 97% accuracy with 
a loss of 0.075, while the suggested YOLOv4 further elevates the bar with a striking 98% accuracy and a mere 

References Accuracy F-Measure Precision Recall mAP
45 x x 86.5 x YOLOv5 = 70

46
DBA_SSD = 91
Faster RCNN = 89
YOLOv4 = 92

x x x
DBA_SSD = 92.20
Faster RCNN = 90.10
YOLOv4 = 87.57

47 Resenet-50 = 97.84 x x x YOLOv5 = 95.17

Optimized YOLOv548 x 92.97 93.73 92.94 x

YOLOv3 (Our) 97 96 97 97 92

YOLOv4 (Our) 98 99 98 99 98

Table 6.  Results comparison of YOLOv3 and YOLOv4 basis on various parameters with different studies.

 

Classes FP TP AP

Strawberry_healthy 09 980 98.89

Strawberry_leaf_scorch 11 640 98.73

Peach_healthy 07 865 98.93

Peach_bacterial_spot 10 795 98.88

Table 5.  Performance Evaluation of the different classes for YOLOv4.

 

Fig. 12.  Numerical results in terms of a confusion matrix for the YOLOv4.
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0.00534 loss. This stark contrast underscores YOLOv4’s supremacy, showcasing not only a higher precision rate 
but also superior accuracy coupled with minimal loss.

Moreover, YOLOv4 excels in recall, boasting an impressive 99% rate, and delivers an F-Measure of 98%. In 
comparison, YOLOv3 records a respectable 97% recall and a 96% F-Measure. These metrics affirm YOLOv4’s 
dominance across various parameters, reinforcing its superior performance. Crucially, YOLOv4’s mean Average 
Precision (mAP) shines at an astounding 98%, while YOLOv3 lags at 92%. This substantial difference underscores 
YOLOv4’s significant superiority in precision.

In addition, when it comes to overall detection time, YOLOv4 proves its mettle, requiring a mere 29 seconds, 
compared to YOLOv3’s 105 seconds.

Table 6presents a comparative analysis of various object detection models based on Accuracy, F-Measure, 
Precision, Recall, and mAP. Reference45reports a precision of 86.5% and a mAP of 70% for YOLOv5. In46, DBA_
SSD, Faster R-CNN, and YOLOv4 achieve accuracy of 91%, 89%, and 92%, respectively, with corresponding 
mAP values of 92.20, 90.10, and 87.57. Similarly47, highlights ResNet-50 with 97.84% accuracy and YOLOv5 
with a mAP of 95.17%. Optimized YOLOv548 demonstrates an accuracy of 92.97%, along with precision and 
recall values of 93.73% and 92.94%, respectively. In comparison, our proposed models, YOLOv3 and YOLOv4, 
outperform the existing approaches. YOLOv3 achieves 97% accuracy with an F-Measure of 96%, Precision 
and Recall of 97%, and a mAP of 92%. Meanwhile, YOLOv4 further improves performance, achieving 98% 
across Accuracy, F-Measure, and Recall, along with 96% Precision and an outstanding mAP of 98%. As all these 

Fig. 14.  The number of iterations required to achieve accuracy for the YOLOv4 model.

 

Fig. 13.  Bounding box Prediction of strawberry and peach leaf detection using YOLOv4.
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studies use the same dataset but with varying numbers of classes, the results provide a fair comparison of model 
performance. These findings underscore the superiority of our YOLO-based models, particularly YOLOv4, 
which outperforms all other methods across key metrics. The high accuracy, recall, and mAP values reinforce 
YOLOv4’s effectiveness, making it a robust choice for real-world object detection applications.

Our research will focus on expanding the applications of the YOLOv4 model applications. We aim to leverage 
its capabilities for the comprehensive detection and classification of various diseases across multiple fruit leaf 
types, for example, Tomato leaf detection and classification49. As part of our innovative efforts, we plan to develop 
a user-friendly Android/iOS mobile application. This app will serve as a valuable tool, empowering farmers with 
swift and accurate disease identification, thereby enhancing their agricultural practices.

Furthermore, our research has a vision that extends to the realm of hardware integration using deep learning 
approaches that can provide better accuracy with lower computational complexity42,50. Our collective pursuit is 
anchored in the mission to advance disease control strategies and contribute to the sustainability of agriculture.

Conclusions
Agriculture remains a cornerstone for developing nations, yet it faces growing threats from plant diseases that 
can severely impact crop health and yield. The early detection of these diseases is crucial but traditional methods 
often lack precision and scalability. To address these challenges, this study introduces the application of deep 
learning models, specifically YOLOv3 and YOLOv4, for accurate and efficient detection of diseases in fruit plants. 
This work provides a more rigorous performance evaluation of each class, ensuring a fair comparison by utilizing 
the same dataset. Our research demonstrates that these models, particularly YOLOv4, significantly enhance 
detection accuracy and mean average precision, outperforming previous methodologies. YOLOv4 achieved an 
impressive 98% accuracy with a minimal loss rate of 0.00534, compared to YOLOv3’s 97% accuracy and 0.075 
loss rate. Additionally, YOLOv4 excels in mean average precision (mAP), achieving 98% versus YOLOv3’s 92%, 
and operates with remarkable efficiency, reducing detection time to 29 seconds from YOLOv3’s 105 seconds.

These results highlight the potential of deep learning in revolutionizing agricultural disease detection, 
offering faster, more precise, and scalable solutions. Future work will focus on expanding the assessment of the 
YOLOv4 model and newer YOLO variants to multiple classes, automating disease detection, and classifying 
various fruit leaves and disease localization. Additionally, we plan to integrate these models into an embedded 
platform to further advance agricultural practices and disease control in real-time models.

Ethical and informed consent
The datasets used have been publicly approved by physicians and experts and are freely accessible to the research 
community without requiring consent.

Data availability
The dataset employed in this study will be provided upon reasonable request to the corresponding author.
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Fig. 15.  Loss curve in terms number of iterations for the YOLOv4 model.
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