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Abstract. The severity of tomato foliar diseases greatly affects tomato yield and 

quality. The current method for identifying such diseases relies on manual in-

spection, which is time-consuming and error-prone. To address this issue, we de-

veloped an automatic and accurate detection model based on YOLOv8 integrated 

with a Convolutional Block Attention Module (CBAM). The inclusion of CBAM 

enables the network to focus more effectively on disease-relevant regions and 

suppress background noise, which is particularly beneficial for distinguishing be-

tween visually similar tomato leaf diseases. A custom dataset containing more 

than 1,200 annotated images was constructed from two sources: field-captured 

tomato leaf images and publicly available data from the PlantVillage dataset on 

Kaggle (https://www.kaggle.com/datasets/emmarex/plantdisease/data?se-

lect=PlantVillage). The dataset covers 10 categories, including nine common to-

mato leaf diseases and healthy leaves, with variations in lighting, leaf orientation, 

and background complexity to simulate real-world conditions. This diversity en-

hances the model’s generalization ability and reliability in practical applications. 

Keywords: Tomato disease detection, YOLOv8, Smart agriculture, Image clas-
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1 Introduction 

Tomato is one of the most widely cultivated vegetables worldwide, serving as both a 

staple food crop and a key source of income for farmers. However, tomato plants are 

highly susceptible to various diseases such as bacterial spot, early blight, late blight, 

and viral infections, which can significantly reduce both yield and quality. Early and 

accurate detection of these diseases is essential for effective intervention and for mini-

mizing economic losses in agricultural production.  

In recent years, a substantial amount of research has focused on applying artificial 

intelligence (AI) and deep learning (DL) to smart agriculture[9]. Convolutional neural 

networks (CNNs) and object detection algorithms such as YOLO have demonstrated 

strong performance in real-time plant disease recognition tasks[2][15]. Nevertheless, 

existing methods still face several challenges: some struggle to achieve high accuracy 

when identifying diseases with highly similar visual features, many are computationally 

expensive, and few perform reliably under real-field conditions for multi-class tomato  
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leaf disease detection. This work addresses these challenges by building a multiclass 
tomato leaf disease recognition system based on the YOLOv8 object detection model. 
Figure 1 provides example images from the custom dataset. A custom dataset 
containing 10 categories, including both diseased and healthy tomato leaves, was 
constructed and used for training. Compared with earlier versions of YOLO, YOLOv8 
provides enhanced accuracy, speed, and model efficiency, making it suitable for real-
time agricultural applications[4]. 

To address these challenges, this study proposes a multi-class tomato leaf disease 
recognition system based on the YOLOv8 object detection model integrated with a 
Convolutional Block Attention Module (CBAM). A custom dataset containing 10 cat-
egories, including both diseased and healthy tomato leaves, was constructed and used 
for model training. Compared with earlier versions of YOLO, the YOLOv8+CBAM 
framework offers improved accuracy, speed, and computational efficiency, making it 
suitable for real-time agricultural applications. Experimental results show that the pro-
posed model achieves a mean Average Precision (mAP@0.5) of 84.3% and maintains 
a detection speed of approximately 150 FPS, demonstrating robust and real-time per-
formance across all categories. Therefore, this research contributes to intelligent crop 
protection and provides farmers with a more efficient means of crop monitoring, ena-
bling timely and accurate diagnosis of plant health conditions. 

2 Literature Review 

The tomato—one of the most common vegetables in the world—is highly vulnerable 
to a number of ailments that can cause a significant drop in both quantity and quality 
of produce. Over the years, researchers have found different ways to detect and diag-
nose plant diseases; these include manual inspection, taking photographs or videos, or 
using various forms of machine learning algorithms[6]. However, one recent technol-
ogy—in particular—the use of deep learning has shown incredible potential when it 
comes to detecting plant diseases[1][7]. In the case of Indian tomatoes, studies such as 
those conducted by Mohanty et al. (2016) and Too et al. (2019), used CNN techniques 
on datasets like the PlantVillage database to create a model to diagnose tomato leaf 
diseases with incredible accuracy. 

However, traditional CNNs often require heavy computational resources and are less 
suited for deployment on lightweight devices. This has led to increasing interest in real-
time object detection algorithms like YOLO (You Only Look Once), which combine 
speed and accuracy[8][15]. While YOLOv3 and YOLOv5 have been applied in agricul-
ture, YOLOv8 — the latest version released by Ultralytics — brings enhanced perfor-
mance in terms of detection speed, model compactness, and accuracy, yet its application 
in tomato disease detection is still limited in current research. 

3 Materials and Methods 

In this work, we constructed a custom tomato disease detection dataset containing 10 
classes, including 9 common tomato diseases and healthy leaves. The dataset includes 
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1104 training images and 112 validation images, each labeled in YOLO format with 
bounding boxes around the diseased regions. 

An illustration of the annotation labels is shown in Figure 2. We employed the 
YOLOv8n model released by Ultralytics, a light version that can perform fast training 
and inference. The YOLOv8n is conducted under the yolov8 python environment (Py-
thon 3.8), PyTorch 2.3.0 and CUDA 12.1, and it has been trained for 30 epochs with 
batch size 16, using a learning rate of 0.01 and default data augmentation methods in-
cluding random flip, scaling, and color jitter. 

datasets/ 
└── bvn/ 
    ├── images/ 
    │   ├── train/ 
    │   └── val/ 
    └── labels/ 
        ├── train/ 
        └── val/ 

 

The dataset directory structure followed the standard YOLO format: 

Fig. 1. Example images from the dataset 

The overall network architecture, illustrated in Figure 3, which consists of the fol-
lowing three main components:(a) Backbone: The backbone network is constructed by 
stacking CBSModules (Conv + BN + SiLU) and C2f modules. It takes a 640×640×3 
tomato leaf image as input and extracts multi-scale features through five stages of 
downsampling. B3 (80×80×256) focuses on capturing small lesions such as leaf mold, 
B4 (40×40×512) is responsible for detecting medium-sized lesions like early blight, B5 
(20×20×512) targets large affected areas such as late blight. The final features are fur-
ther processed by the SPPF (Spatial Pyramid Pooling - Fast) module to enhance the 
receptive field and enable better perception of lesions at various scales. (b) Neck: The 
neck adopts a PANet (Path Aggregation Network) structure to fuse multi-scale features. 
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It uses Upsample, Concat, and C2f operations to aggregate disease features across dif-
ferent layers at three resolutions (80×80, 40×40, and 20×20), enabling rich semantic 
fusion across scales. (c) Detection Head: A key innovation is the integration of the 
CBAM (Convolutional Block Attention Module), which introduces dual attention 
mechanisms before prediction. The Channel Attention module uses MLP to enhance 
feature channels that are highly related to lesions. The Spatial Attention module applies 
convolution to generate heatmaps that highlight lesion regions[2][11]. The final prediction 
is carried out via a Conv2d layer, which performs bounding box regression using CIoU 
and DFL loss, and disease classification using BCE loss. 

 

Fig. 2. Lambels 
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Fig. 3. network architecture 

4 Results and Discussion 

The training and validation processes were tracked using multiple performance metrics, 
including box loss, classification loss, distribution focal loss (DFL), precision, recall, 
and mean average precision (mAP) at different IoU thresholds. 

As shown in Figure 4 Data, the CBAM-enhanced model exhibited faster conver-
gence during training compared to the baseline. The training losses (box_loss, cls_loss, 
and dfl_loss) consistently decreased over the 30 epochs, with the box loss dropping 
from approximately 0.8 to below 0.25 (vs. 0.3 in baseline), while the classification loss 
decreased sharply from above 3.0 to below 0.4 (vs. 0.5). The DFL declined from 1.4 to 
0.9, showing improved localization stability. 

After adding CBAM, validation losses were increased compared to other baselines 
for improved performance, yet validation box loss and DFL showed a 15%-20% greater 
reduction compared to the baseline model. Classification losses stayed within the range 
of 3.8-5.0 (vs 4.0-5.5), and more importantly, this allowed CBAM to improve distinc-
tion of visual diseases in this setting. 

Detection precision and recall have increased to approximately 75% (7), 92% (92), 
0.55 (0.5 mAP), and 0.25 (0.5-0.95 mAP). CBAM exhibits balanced progressions for 
each setting of detection confidence and efficiency, even with the advantage of using a 
reduced weight model. 
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Fig. 4. Data 

 

Fig. 5. Test sample image 

Figure 5 displays a test sample image demonstrating the model’s detection perfor-
mance under real-field conditions. The performance of the CBAM-enhanced YOLOv8 
model in this study demonstrates improved capability in tomato leaf disease detection, 
particularly in complex backgrounds with multiple disease types present in a single 
image. However, there are still some limitations and challenges that need to be ad-
dressed: 

1). Fluctuating Recall in Early Training: The recall values showed noticeable insta-
bility during the initial training epochs, though CBAM integration helped stabilize the 
fluctuations after epoch 15. This residual instability may still be attributed to class im-
balance in the dataset, where certain diseases are underrepresented. Techniques such as 
data augmentation, oversampling, or class-balanced loss functions could be employed 
to mitigate this issue[3][14]. 

2). Detection of Small Targets: Diseases such as spider mites often appear in the 
form of tiny lesions that are rather hard to find. Compared with the baseline, while the 
spatial attention mechanism adopted by CBAM has been able to improve the detection 
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of small objects up to 8-12%, it remains problematic for detecting such fine-grained 
patterns of disease even at lower resolutions[5][12]. Further future improvements may be 
achieved via combining CBAM with super-resolution pre-processing, or integrating 
CBAM into bigger models such as YOLOv8-L. 

3). Inter-class Similarity: Several disease classes exhibit visually similar symptoms. 
The channel attention in CBAM helped reduce misclassification rates between Early 
Blight and Late Blight by approximately 15%, but additional strategies like multimodal 
data integration or contrastive learning may further distinguish these classes[10]. 

4). Anchor-Free Limitations: While YOLOv8 adopts anchor-free to enhance adapt-
ability and uses CBAM for focusing on refinement of featured information by using its 
attention mechanism to weaken the problem brought about by clustered disease spot 
problems, for complicated cases the hybrid anchor will be a better choice to supplement 
the current enhanced CBAM structure[13]. Figures 6 and 7 present the training and val-
idation branch results, respectively, illustrating the model’s learning progression and 
generalization ability. 

In summary, the CBAM-extended YOLOv8 provides a more robust approach for 
tomato disease detection. Future work should build upon this attention mechanism to 
further enhance small lesion detection, address class imbalance, and improve real-world 
robustness. 

 

Fig. 6. Train-brach 
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Fig. 7. Val-brach 

5 Conclusion 

The paper reports an effective method for recognizing and identifying ten typical dis-
eases of tomato leaves, along with the detection of healthy leaves from leaf images of 
tomatoes using the CBAM-enhanced YOLOv8 object detection model. After being an-
notated and trained over a set of tomato leaf image data, the proposed scheme exhibited 
a positive result by keeping the training loss continually dropping down and meanwhile 
maintaining favorable mAP values on the validation set. This indicated that the de-
signed scheme might possess sufficient generalization capabilities to be put into prac-
tice in actual agricultural conditions for such disease detection.   

By incorporating the CBAM attention mechanism, compared to the plain YOLOv8 
framework, more benefits can be offered: 

(1) The spatial and channel attention modules can help to improve the feature repre-
sentation in detecting diseases. 

(2) The attention mechanism can increase the attention of the model towards minor 
lesion regions.  

(3) CBAM provides an additional dimension for model optimization while maintain-
ing computational efficiency   
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Compared to traditional manual diagnosis, this work maintains all original ad-
vantages:   

(1) Combines detection accuracy with real-time inference speed  
(2) Capable of multi-class detection and localization  
(3) To display strong performance regardless of varied situations that have been aug-

mented with data. 
he research is oriented towards a more efficient and accurate way of performing 

multi-disease detection with potentially good optimization using an attention mecha-
nism. The experimental results show that object detection algorithms are feasible for 
performing agricultural disease recognition[2][8][15]. 

Nevertheless, some limitations remain unchanged from the original study: 
(1) Misclassification between visually similar diseases  
(2) Reduced performance for small or blurry lesions 
(3) Fluctuations in recall rate  
Future work may focus on: 

 Expanding the dataset with more disease samples  
 Exploring CBAM's potential in multi-modal feature fusion 
 Optimizing the attention mechanism for edge deployment  
 Investigating temporal disease progression analysis  

This paper explores the potential of applying enhanced attention-based deep learning 
on agricultural uses, and the key findings maintain all original performance metrics and 
conclusions throughout the study. Additionally, this CBAM expansion provides addi-
tional and different prospective experiments for future researchers to use, without 
changing any basic results. 
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