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A B S T R A C T

Tomato is a key crop in global agriculture, yet it faces yield and quality challenges due to various diseases. 
Traditional disease identification methods are slow and require expertise, limiting their practicality in large-scale 
farming. Integrating automated disease detection with precision agriculture provides a timely, accurate diag
nosis, promoting sustainable practices. However, the scarcity of real-world data hampers effectiveness. To 
address this issue, data augmentation techniques simulate variations in farm images, enriching datasets for 
improved detection of diseases. This investigation aims to identify seven different tomato diseases, such as 
bacterial spot, early blight, late blight, and others, while also detecting healthy plant leaves. Unlike previous 
studies that relied on the controlled PlantVillage dataset, this study utilizes the real-world PlantDoc dataset. The 
study addresses different challenges faced throughout the model development process, like data scarcity and 
imbalances. A hybrid data augmentation technique is introduced to increase the dataset size from 737 images to 
6696 images, which improves the accuracy and robustness of the computer vision model. The study employs the 
YOLOv8n deep convolutional neural network, achieving 96.5 % mAP, 97 % precision, 93.8 % recall, and 95 % F1 
score. The results demonstrate a significant improvement in disease detection, addressing challenges from 
inadequate datasets and advancing AI-driven precision agriculture. The proposed YOLOv8n model has the po
tential to be applied beyond its current scope by training it on datasets of other crops. The model can learn and 
generalize the unique image features associated with various crop types, expanding its utility in agricultural 
applications. This flexibility allows the model to detect and classify plant characteristics, diseases, or pests across 
different crops, enabling its use in diverse agricultural environments. As a result, the YOLOv8n model could serve 
as a robust tool for precision farming, helping to optimize crop management and enhance productivity on a 
broader scale.

1. Introduction

Frequently changing global climatic conditions coupled with the 
onset of a variety of biotic stress factors in the form of bacterial, fungal, 
viral and insect pest-related challenges posed a serious threat to global 
agriculture [1,2]. It has been observed that losses due to diseases are one 
of the most significant constraints on global food security [3]. Plant 
diseases alone incur an estimated annual loss of US$220 billion in the 
global economy [4], https://www.fao.org/plant-production-pro 
tection/about/en]. Timely disease detection remains challenging, 

often relying on limited options such as consulting peers or agricultural 
helplines [5,6]. Early identification of diseased plants requires special
ized knowledge and often necessitates access to laboratory facilities. 
Over the last decade, computer vision has emerged as the most advanced 
tool for recognizing plant diseases. It is crucial for assessing both biotic 
and abiotic stress in tomato plants, since it analyzes photos to identify 
indicators such as alterations in fruit or leaf color, shape, or texture. By 
recognizing unique visual patterns, it enables the automatic detection of 
illnesses, pests, and environmental stressors. This facilitates real-time 
monitoring and differentiates between biotic stresses such as diseases 
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and pests, and abiotic stressors like drought and nutrient deficiency. 
Recent advancements in CNN have revolutionized computer vision, 
enabling rapid image classification and object detection even on per
sonal devices like smartphones. Applying computer vision to plant dis
ease detection integrates deep learning expertise with real-world 
agricultural challenges, potentially enhancing crop yield and disease 
management [7]. Unlike existing computer vision-based solutions that 
typically require high-resolution images with controlled backgrounds, 
the present research focuses on images captured under natural habitats 
with complex backgrounds and lighting variations. This approach will 
be helpful, particularly for small and marginal farmers who predomi
nantly use low-end mobile devices [7].

Tomatoes thrive in well-drained soils, and they are extensively 

Fig. 1. Illustration of a highly effective combination of data augmentation techniques for advanced image transformation. The images are annotated examples from 
the original PlantDoc dataset (available at https://public.roboflow.com/object-detection/plantdoc).

Table 1 
List of tomato diseases and their extracted images with their respective 
instances.

Tomato disease Extracted image count Instance count

Tomato early blight 86 210
Tomato healthy 73 400
Tomato bacterial spot 111 263
Tomato late blight 110 218
Tomato mosaic virus 55 261
Tomato yellow virus 74 801
Tomato mold 92 295
Tomato septoria leaf spot 148 426

Fig. 2. Distribution of data set with different visualization tools like data distribution, histogram and heatmap: Data distribution (left), histogram (middle) and 
heatmap (left) of the dataset.
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cultivated worldwide in open agriculture fields as well as in greenhouses 
under protected environments [8]. Diseases predominantly occur under 
both conditions, which causes significant losses [9]. Effective control 
measures of the disease need precise identification of the causal path
ogen and stage of the disease. Identifying tomato plant diseases involves 
diagnosing areas of infection, observing symptoms like brown or black 
patches and holes, and examining for the presence of insects [10]. To
mato diseases can generally be categorized into two types: those caused 
by bacteria or fungi due to poor cultivation practices and those caused 
by insects. For instance, the bacterium Ralstonia solanacearum causes a 

severe form of bacterial wilt, surviving in soil for extended periods and 
entering plants through natural or man-made wounds during cultiva
tion, transplanting, or even via insect vectors. Optimal conditions for 
disease development include high moisture and temperature, leading to 
bacterial proliferation within the water-conducting tissues of plants, 
disrupting the vascular system, whereas leaves may still appear healthy 
and green. Infected tomato stems show a characteristic cross-section 
appearance of brown with yellowish exudate.

The present research article proposes a novel method for identifying 
tomato crop diseases by analyzing leaf images. This approach aims to 

Fig. 3. Architecture of Yolo model that integrates state-of-the-art techniques in deep learning and computer vision, including advanced feature extraction layers, 
fully connected layers optimized anchor box clustering, and improved training strategies.

Fig. 4. Label plots related to the labels of the augmented dataset represent the top left plot shows the label distributions of different classes, the top right shows the 
size distribution of the labels, the bottom left is the plot of horizontal and vertical coordinates of the labels, and the bottom right plot is the height and width of 
the labels.
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alleviate farmers’ challenges in disease identification, providing timely 
solutions without dependence on others. By improving the efficacy of 
disease management practices, our method will be helpful in improving 
both the quality and quantity of crop yields, thereby increasing the in
come of the farmer community. A dataset of tomato leaf images from 
PlantDoc [11] is used to conduct the experiments, and a Yolov8n model 
is employed for disease detection. The present investigation evaluated 
the performance of the model based on various attributes such as pre
cision, recall, F1 curve, mAP50, mAP50–95, loss of function, precision 
confidence, precision-recall curve, and recall confidence.

2. Recent developments in DL-assisted disease diagnosis

A comprehensive search was conducted across various databases - 
Web of Science (WoS), SpringerLink, Frontiers, ScienceDirect, and 
IEEEXplore - using keywords such as "tomato disease," "deep learning," 
"data augmentation," "object detection," and "machine learning." The 
initial findings revealed limited publications related to disease detection 
in tomato leaves. ML algorithms are widely employed across diverse 
fields, but traditional feature engineering poses significant challenges. 
However, with the rise of DNNs, promising advancements have been 
made in plant pathology. DNNs have notably increased the accuracy of 
image classification in this domain. This part explores various DL 
techniques employed by researchers to identify plant diseases. Mohanty 
et al. [12] utilized AlexNet [13] to classify previously unseen plant 
diseases. However, they noted a significant decrease in model accuracy 
when testing images differed in conditions from those used in training. 

Rangarajan et al. [14] trained AlexNet and VGG16net, experimenting 
with hyper-parameters like minimum batch size and learning rates for 
weights and biases. They observed a negative correlation between ac
curacy and minimum batch size in the case of VGG16net. In another 
approach, convolutional and pooling layers were stacked in modules 
and applied to the GoogleNet architecture, known as Inception V4, for 
dimension reduction [15]. Too et al. [16] fine-tuned this architecture 
with weights pre-trained on ImageNet, utilizing an average pooling 
layer of 8 × 8 for further refinement. DenseNets [17] with 122 layers 
were fine-tuned for recognizing plant diseases.The [18,19] compared 
ResNet50 and Xception architectures using three optimizers: Adam, 
Nadam, and RMSProp, with learning rates of 0.0001, 0.002, and 0.04, 
on publicly available data. Data augmentation techniques such as 
rotation, zooming, and shifting were applied. Xception with the Adam 
optimizer and a 0.0001 learning rate achieved good accuracy, recall, 
precision, and F-score. CNN with a local contrast normalization layer 
and ReLU activation function was used for binary disease classification 
[20]. Furthermore, AlexNet and GoogleNet were trained and fine-tuned 
specifically for classifying disease regions and symptoms [21]. DeChant 
et al. [22] proposed a three-stage CNN training approach: the first stage 
detects lesions, the second produces heatmaps for infection identifica
tion, and the third classifies features based on these heatmaps. Li et al. 
[23] proposed FWDGAN-based data augmentation for tomato leaf dis
ease identification, which uses a WDBlock in the generator to enhance 
image quality and a DSC-Discriminator to reduce model parameters. The 
SeLU activation function improves training stability. FWDGAN gener
ates higher-quality images with better FID scores and has one-third 
fewer parameters than DCGAN. Ahmed et al. [24] compare YOLOv5 
and YOLOv8 for detecting tomato diseases. After initial training, data 
augmentation from Roboflow was used to enhance the dataset. 
Retraining with this augmented data improved accuracy, with YOLOv8l 
performing slightly better than YOLOv5l, especially without back
ground images [46]. Wang et al. [25] explored the impact of network 
depth on classification accuracy, finding that even with transfer 
learning, fewer convolutional layers can achieve high accuracy. Tan 
et al. [26] applied a variable momentum rule to CNNs for parameter 
learning from lesion images, resulting in quick convergence and good 
accuracy comparisons.The performance of various CNN architectures in 
plant disease identification depends on several factors: the availability 
of annotated data, the representation of disease symptoms, image 
background and capturing conditions, and the variability in disease 
symptoms [27]. Pattnaik et al. [28] focused on pest detection in tomato 

Fig. 5. Three Kernel-based layered augmentations scheme in a layered approach.

Table 2 
Effect of various augmentations on mAP50.

S. 
No.

Augmentation applied New image 
count

Epochs mAP50 in 
%

1. NA 737 30 37.55
2. Resize (400 ×400) 737 30 34.23
3. Flip 1247 30 37.83
4. Rotate by 90 1247 30 42.26
5. Saturation (− 25 % to 

+25 %)
1247 30 38.48

6. Gaussian Blur (up to 2px) 1247 30 39.79
7. Noise (up to 0.5 %) 1247 30 39.64
8. Proposed Approach 6696 100 96.57
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plants, creating a dataset of 859 images categorized into ten classes. 
They tested their approach using 15 pre-trained CNN models. Turkoglu 
et al.[29] proposed models using deep features from pre-trained CNNs to 
detect plant diseases, achieving high accuracies with different ensemble 

techniques. Kalaivaniet al. [30] use machine learning and deep learning 
to detect tomato and potato leaf diseases, comparing SVM and ResNet 
algorithms. ResNet achieves 94 % accuracy, outperforming SVM’s 88 %, 
making it suitable for real-time implementation. Kasinathan and Uyyala 
[31] explored various image feature extraction techniques and classi
fiers, demonstrating significant impacts on performance, particularly 
with the Random Forest classifier achieving accuracies up to 95.89 %. 
Sankaran et al. [32] proposed using reliable sensors to monitor plant 
health and diseases under field conditions. However, widespread 
sensor-based plant disease detection adoption is limited due to high 
hardware costs and the expertise required to operate such systems 
effectively [33]. Recent research has explored neural networks for 
identifying three legume species based on leaf vein morphological pat
terns. Feature extraction and Neural Network Ensemble (NNE) were 
employed to achieve 91 % testing accuracy in recognizing tea leaf dis
eases [34]. Several recent studies have also investigated convolutional 
neural network (CNN) variants for detecting diseases using plant leaf 
images [35]. However, these studies often focus on specific crops, 
limiting their generalizability. Moreover, the lack of publicly available 
datasets in these studies hinders reproducibility and broader adoption of 
the proposed methods.

This research aims to achieve the following objectives: 1. Develop
ment of a framework for data augmentation using various manipulation- 
based transformation techniques. 2. Creating a deep learning model 
utilizing Yolov8n object detection with enhanced, fully connected 
layers. 3. Assessing the impact of data augmentation on model evalua
tion. The study evaluates the effectiveness of data augmentation tech
niques in a machine vision system designed to detect tomato diseases. 
The developed system aims to help farmers quickly identify and manage 
crop diseases, ultimately improving crop yield management.

Fig. 6. Bottleneck in the case of the bacterial spot disease.

Fig. 7. Scematic augmentation pipeline.

K. Joshi et al.                                                                                                                                                                                                                                    



Current Plant Biology 41 (2025) 100437

6

3. Materials and methods

3.1. Dataset collection and preprocessing

The PlantVillage [36] dataset comprises images captured under 
controlled conditions. This setup limits the dataset’s effectiveness in 
real-world disease detection, as plant images often include multiple 
leaves with diverse backgrounds and varying lighting conditions. In real 
situations, a camera may capture images of multiple diseases on the 
plant. To address these limitations, we utilized the PlantDoc dataset [37, 
38]. To our knowledge, PlantDoc is the first dataset collected from 
non-controlled settings with annotation (see Fig. 1). It contains 27 
classes of labelled data spanning over 13 species with 2598 images. The 
tomato data set was extracted from the plantDoc dataset and a total of 
737 images across eight classes of diseases, which are tomato bacterial 
spot, tomato early blight, tomato healthy, tomato late blight, tomato 
mold, tomato mosaic virus, tomato septoria leaf spot, and tomato yellow 
virus were extracted. Table 1 shows the extracted images and their 
respective instances.

Researchers have introduced a manipulation-based data augmenta
tion framework to tackle the issue of limited data in automated tomato 
disease detection. This study focuses on enhancing the diversity of image 
data to boost the learning capabilities of machine vision systems. These 
techniques involve applying mathematical transformations to generate 
new images while retaining important features. This approach di
versifies the dataset, enhancing its randomness and thereby boosting the 
effectiveness of machine learning model training for accurate tomato 
disease detection (Fig. 2).

Despite the utility of the available image dataset, the limited dataset 
presents a significant challenge in developing a machine vision model 
for tomato disease detection. Additionally, the subtle differences be
tween disease categories render techniques like image mixing, colour 

conversion, and random pixel erasing unsuitable for model training. An 
effective combination of data augmentation techniques for high-level 
image transformation is demonstrated in Fig. 1. Each sample of to
mato disease images undergoes multiple operations, including filter and 
geometric-based transformations, such as rotation, noise addition, 
image enhancement, and scaling. The innovative aspect of the proposed 
method is its sequential pipeline, which applies multiple operations to 
each sample, thereby increasing the variability in the training dataset.

3.2. Experiment setup

This section focuses on the experimental investigation of the pro
posed methodology. The experiments carried out in this research were 
conducted on the Jupiter Notebook environment, and a GeForce RTX 
3050 Ti (Laptop) GPU was used for training. Python and Ultralytics 
modules were used, which contain YOLO (You Only Look Once) models 
for implementation. The Nano version of Yolov8 with AdamW as the 
optimizer was trained. It was initialized with a momentum of 0.9 and a 
learning rate of 0.000833. Moreover, 225 layers, 3012408 parameters, 
3012392 gradients, 8.2 GFLOPs, and 319/355 pre-trained weights were 
transferred.

3.2.1. Yolov8
In recent years, YOLO has emerged as a powerful and efficient object 

detection algorithm in computer vision. YOLOv8, an evolution in this 
series, represents a significant advancement with improvements in ac
curacy and speed over its predecessors. YOLOv8 builds on its pre
decessors, offering enhanced real-time detection accuracy. It leverages a 
single CNN to directly predict bounding boxes and class probabilities 
from full images in a single evaluation, distinguishing it from traditional 
two-stage detectors. The architecture of YOLOv8 integrates state-of-the- 
art techniques in deep learning and computer vision, including 

Fig. 8. Results of the proposed model indicate the performance and stability. All the training and validation loss functions decrease as the epochs increase. The 
mAP50 metric crossed 0.9 in the first 20 epochs, increased constantly, and finally reached 0.965.
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advanced feature extraction layers, optimized anchor box clustering, 
and improved training strategies (Fig. 3). These enhancements enable 
YOLOv8 to excel in detecting and localizing objects across various scales 
and categories, making it suitable for various applications in research 
and industry.

3.3. Data augmentation

When a dataset is insufficient or unbalanced for model training, data 
augmentation is the most effective approach to achieve accurate pre
diction results [39]. This technique enhances data diversity during the 
training process for machine vision algorithms, improving overall model 
performance and preventing overfitting. Researchers have developed 
various data augmentation techniques over the past few decades, 
generally categorized into operation-based manipulation approaches, 
synthetic data generator approaches, and hybrid techniques [40,41]. 
Operation-based manipulation is a straightforward data augmentation 
approach that enhances datasets by applying mathematical trans
formations to real-input images. Techniques such as rotation, flipping, 
cropping, edge enhancement, noise addition, and jittering are 
commonly used to generate new images with variations in orientation, 
perspective, composition, edge clarity, imperfections, and object posi
tioning. These methods are crucial in improving the robustness and 
performance of machine learning models by exposing them to a diverse 
set of data conditions encountered in real-world applications [42]. 
Synthetic data generation methods like Generative Adversarial Net
works (GANs), image registration, and PCA (Principal Component 
Analysis) create new images by altering existing ones, aiming to diver
sify data distributions. GANs generate artificial samples to enhance 
training data quality for CNN models with limited datasets in agriculture 
and other fields [43]. These approaches are pivotal for improving model 

accuracy in scenarios where traditional augmentation techniques may 
not suffice. Geometric-based transformations are popular in data 
augmentation due to their simplicity and ability to preserve the original 
characteristics of images. Techniques like scaling, rotation, translation, 
and flipping adjust image coordinates without altering the inherent 
content, making them effective for enhancing datasets. Kernel filtering 
uses effects such as blur, sharpening, and contrast enhancement to im
ages. Blurring and sharpening are common techniques in the data 
augmentation process [44] introduced a patch shuffle regularization 
technique, using a filter that randomly swaps adjacent pixels to create a 
sharper image, achieving a better error ratio than traditional filters on 
the CIFAR dataset.

4. Results and discussion

4.1. Comparison and evaluation of various data augmentations

PlantDoc data set contains 2569 images of 13 plant species in 30 
classes (diseased and healthy) with 8851 labels (https://public. 
roboflow.com/object-detection/plantdoc).

The diseased and healthy leaves of tomato species were extracted 
from the dataset (Fig. 4). The Yolov8 object detection model was then 
employed, which resulted in a Mean Average Precision (mAP) of 
37.55 % on the unaugmented dataset. We observed that it decreased the 
mAP (37.55 %) and the performance when compared with the unaug
mented data set shown in Table 1. As shown in Fig. 5, several 
augmentation techniques were applied to the training set to see their 
effect on the mAP, shown in Table 2. For the initial processing, we 
resized all the images into 400 x 400px dimensions. For the next step, we 
applied our first augmentation, rotating the training images to 90 de
grees left and 90 degrees in the right direction. Thus, after removing 

Fig. 9. Confusion matrix. The principle diagonal represents all the true predictions and contains most of the values. A small number of false positives and false 
negatives do not require much attention.
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duplicity, the image dataset is increased from 737 to 1594 images, 
including the original dataset. It resulted in a significant increase in the 
mAP (42.26 %) from 37.55 %. The model is now enriched and contains 
various versions of the original images. As shown in Fig. 5, we have used 
this augmentation as the first layer in our proposed framework.

The three Kernel-based augmentations were applied to the dataset, 
and their effects on the dataset and their results were evaluated. These 
filters increased the mAP graph’s slope, indicating a potential increase in 
mAP if the training epochs were increased. These schemes will be very 
effective with new variations of training images with small adjustments. 
For the first filter, we applied random saturation adjustments from 
− 25 % to + 25 % on training images after removing duplicity and 
increased the dataset images to 1247. As a result, we observed an in
crease in mAP (38.48 %) and performance of training graphs. However, 
the loss functions plot for the validation set is not normal and indicates 
overfitting on the training set. In the next filter, we applied salt and 
pepper noise in random proportions up to 0.5 % of the pixels. In this 
way, we doubled the training images and increased the dataset to 1247 
images. It significantly increased the mAP to (39.64 %), and the training 
graphs also indicated better performance except for the loss functions. 
As indicated in Fig. 5, we have used this augmentation scheme as the 
second layer in our proposed augmentation framework.

The Gaussian Blur up to 2px was applied for the last augmentation 
and increased the dataset to 1247 images. This experiment resulted in 
mAP increment (39.79) and improved training graphs & loss function. 
We have used Gaussian Blur as the biggest layer in our proposed 
framework. We have used this augmentation scheme as the third layer in 
our proposed augmentation framework, as indicated in Fig. 5. 
Throughout all these experiments, we identified a bottleneck in the case 
of the bacterial spot disease, as shown in Fig. 6. It was constantly 
underperforming under all the augmentations. To optimize it, we 
rebalanced the class balances and increased the validation set to avoid 
overfitting. After this adjustment, the bacterial spot disease performed 
well. Two strategies were used to assess the effectiveness of the data 
augmentation process: (i) The original image dataset was split into 
training and validation sets in an 85:15 ratio to evaluate baseline per
formance. (ii) The augmented dataset, created using the proposed 
methods, was used for training, while the unmodified original dataset 
was used for validation. Table 2 shows the distribution of the original 
and augmented datasets with the corresponding mAP on different 
epochs using yolov8.

Fig. 10. The training graphs display the F1 confidence curve, precision-recall curve, precision confidence curve, and recall confidence curve.
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4.2. Proposed data augmentation framework

After carefully observing the effects and results of all the augmen
tations on our dataset, we calculated the betterment of all the aug
mentations. We combined the goodness of these experiments in one 
manual to create the proposed manual augmentation approach. Our 
proposed augmentation framework aims to increase input images 
without losing useful features while maintaining the randomness of the 
data. Each image from the dataset is passed through 3 layers of 
augmentation, and a sequential pipeline is followed, including multiple 
operations to be performed, as shown in Fig. 7. The augmentation layers 
in the framework were very carefully selected after doing proper anal
ysis & evaluation in the first layer. The image is rotated to 90◦ left and 
90◦ right to produce two new images. One set of both transformed and 
original images is stored in the augmented data, and two sets are passed 
to saturation (-10 % to + 10x) adjustments and Noise (up to 0.4 %) 
augmentation, respectively. After this, all the transformed images are 
stored in the augmented data. All the images are passed to the final layer 
of Gaussian Blur (up to 2px) augmentation to generate the complete 
augmented data set for the proposed model. The motivation behind 
selecting these manipulation techniques stems from a farmer’s 
perspective, as farmers encounter various image conditions involving 
rotation, blurring, and changes in illumination. Thus, the initial dataset 
of 737 images is increased to 6696 images in the augmented set. Finally, 
this augmented dataset trains the Yolov8 model for the final experiment.
(Fig. 8)

True Positives (TP): TP are the correct predictions where the actual 
class matches the predicted class (diagonal elements). For example, 
"tomato early blight leaf," 173 samples were correctly predicted as "to
mato early blight leaf" (Fig. 9).

True Negatives (TN): TN are the correct predictions where the 
model correctly predicted other classes, but the true class was not pre
dicted (all values outside the row and column of the class being 

Fig. 11. Actual vs predicted labels: The left image contains the labels from the dataset, and the right image shows the predicted labels for the corresponding image.

Table 3 
Outcomes of the proposed model on different 
parameters like mAP50, mAP50-95, precision, 
recall and F1 score.

Parameters Values

mAP50 96.57
mAP50–95 86.92
Precision 97.75
Recall 93.84
F1 0.95
Boxloss 0.45
Class loss 0.26
Dfl loss 0.86

Table 4 
Mean Average Precision (mAP) based comparison of leaf disease detection using 
different related deep learning models.

Model Pretrained 
weights

mAP 50 in %

MobileNet COCO 32.8
MobileNet COCO + PVD 22.4
Fater-RCNN-Inception-resnet iNaturalists 36.1
Fater-RCNN-Inception-resnet iNaturalist 36.1
Yolov5l without data Augmentation [24] Yolov5 67.9
Yolov8l without data Augmentation Yolov8 78.9
Yolov5l with data augmentation [24] Yolov5 85.2
Yolov8l with data augmentation [24] Yolov8 85.2
Faster RCNN model with augmentation 

[24]
COCO 82.08

Faster RCNN with SGD optimizer [38] COCO 91.33
Proposed approach Yolov8 96.5
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considered). Example: For "tomato early blight leaf," all predictions that 
are not in the "tomato early blight leaf" row or column and are correct 
predictions fall under true negatives.

False Positives (FP): FP are the incorrect predictions where the 
model predicted a class, but the true class was something else (off-di
agonal values in the row for the predicted class)

False Negatives (FN): FN are the missed predictions where the model 
failed to predict the true class and instead predicted something else (off- 
diagonal values in the column for the true class).

Figs. 9 and 10 exhibit various simulation results from the model in 
terms of F1 confidence, precision-recall curves, etc. All graphs indicate 
strong overall performance, with individual classes also showing 
favourable results.

From Fig. 11, it can be seen that there is almost no difference be
tween the actual and predicted labels. The confidence scores corre
sponding to each predicted label are also shown in the right image with 
good confidence. Table 3 exhibits the outcomes of the proposed model 
on different parameters like mAP50, mAP50–95, precision, recall and F1 
score. Table 4 shows the promising results when compared with the 
previous study based on the mAP50 parameter.

5. Conclusion and future perspective

The present study used the yolov8 model and investigated the effi
ciency of the proposed data augmentation scheme to detect tomato 
diseases. An evaluation was conducted across the PlantDoc dataset by 
extracting the tomato leaves datasets. Results demonstrated that the 
proposed data augmentation method improved mAP to 96.5 %, with 
97 % precision, 93.8 % recall, and a 95 % F1 score. The study concludes 
that this approach enhances model performance in predicting tomato 
disease detection. This work highlighted challenges in deep learning 
tasks, particularly data imbalance, and proposed future research to 
optimize these techniques using genetic algorithms. Tomato disease 
detection will benefit from the ongoing integration of AI-driven tech
nologies with precision agriculture. As automated systems like 
YOLOv8n become more sophisticated, they will play an increasingly 
vital role in enhancing crop yield and quality on a global scale. The use 
of real-world datasets like PlantDoc, coupled with advanced data 
augmentation techniques, will further refine these models, making them 
more robust against the variability of actual farming conditions. Future 
research may focus on expanding these methods to other crops and 
diseases, creating a more comprehensive and adaptable agricultural 
framework. Additionally, advancements in sensor technology and ML 
algorithms could lead to real-time disease monitoring, enabling farmers 
to take proactive measures, ultimately contributing to more sustainable 
and resilient agricultural practices.
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