
 

 

   

Abstract— Agriculture is an important sector in India, 

with more than 50% of the population depending on it for 

their livelihood. Tomatoes, a widely consumed staple 

crop, need particular climatic conditions for best 

cultivation and are extremely vulnerable to several 

diseases. These diseases have a considerable effect on crop 

yield and are responsible for yearly price fluctuations in 

India. Early and precise detection of tomato leaf diseases 

is crucial for preventing these effects. 

Even though there are manual disease identification 

methods, they are inefficient and time-consuming. 

Conventional machine learning (ML) techniques provide 

some level of automation but tend to be less accurate. To 

overcome these shortcomings, this research proposes a 

deep learning (DL) based segmentation method with a 

novel Integrated Residual Attention UNet++ model. This 

model was created to improve the accuracy of detection of 

infected area and segmentation in tomato leaf images 

while reducing computational complexity. Experimental 

analysis on proposed model was measured with some 

major segmentation metrics such as Jaccard Index (JI) 

(~0.80), Dice Score (DS) (97.35%), Hausdorff Distance 

(HD) (14.37 mm), Normalized Mutual Information (NMI) 

(93%), Structural Similarity Index Measurement (SSIM) 

(94.87%), and Average Symmetric Surface Distance 

(ASSD) (0.64 m). This model was also found to have a 

Pixel accuracy of 97.6%, precision of 95.96%, recall of 

95.04%, and F1-score of 96.85%. Comparison of the 

proposed approach with other prevailing tomato disease 

segmentation techniques illustrated that the suggested 

approach provides better performance, thus affirming its 

appropriateness for real-world agricultural applications. 

 

Index Terms— Deep learning, Pre-processing, Residual 

attention, Segmentation, Tomato leaf disease detection, 

UNet 

I. INTRODUCTION 

TOMATOES are one of the most widely cultivated and 

consumed vegetables globally, with recent statistics 

indicating annual production exceeding 180 million metric 

tons [1].  

This scale of cultivation has substantial implications for the 

global agricultural economy.  
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Increased tomato production contributes significantly to rural 

income generation and plays a vital role in poverty 

alleviation. 

In addition to their economic importance, tomatoes possess 

notable pharmacological properties. They are known to aid in 

the prevention of conditions such as hypertension and 

bleeding gums, and they exhibit anti-cancer characteristics 

due to their bioactive compounds [2]. However, tomato crops 

are highly susceptible to a variety of plant diseases, which 

adversely affect both yield and quality. Common diseases 

affecting tomato foliage include early and late blight, 

bacterial spots, spider mites, leaf mold, yellow leaf curl virus, 

septoria leaf spot, and powdery mildew [3].  

Leaf analysis is a critical component in the diagnosis of 

plant diseases, as pathological symptoms typically manifest 

through distinct changes in leaf color, texture, and structure. 

Thus, the creation of an effective disease detection system 

calls for a thorough examination of lesion shape, spot 

movement, and color change in tomato leaves [4].  

Early disease detection is key to choosing effective 

treatment measures and avoiding disease development. 

Prompt intervention also ensures successful crop control and 

monitoring. Farmers, though, usually make judgmental, 

experience-dependent determinations, which can lead to 

erroneous disease diagnosis [5]. Traditional diagnosis 

methods—like manual examination, chemical assays, and 

visual inspection—are generally time-consuming, labor 

intensive, and expensive. Contrary to this, new technological 

solutions offer quicker and cheaper methods for more 

accurate plant disease diagnosis [6]. Of the diagnostic issues, 

cell segmentation, especially of the cell nucleus, is critical to 

disease detection. Most plant diseases have cellular changes 

that are visible at the nuclear level. Nonetheless, precise 

segmentation of the cell nucleus is affected by conditions like 

heterogeneous image intensities, overlapping nuclei, and the 

existence of image noise [7]. It’s time consuming to count 

and separate the leaves due to the inherent and environmental 

challenges. Segmentation is the deep learning technique used 

to automatically recognize image features [8]. 

The image recognition algorithm is used to identify the 

fungal spore. It also identifies agricultural pests and diseases, 

such as spore image segmentation. Spore image segmentation 

can be done by either convolutional image processing or 

machine learning (ML) and deep learning (DL) techniques 

[9]. With the advancement in DL approaches, the image-

based disease detection methods provide a better solution for 

identifying agricultural diseases. Different types of diseases 

can be diagnosed  automatically and accurately, and this 

improves the efficiency of the system to a great extent [10]. 
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The deep learning methods have made significant 

improvements in image processing techniques. These 

methods overcome the shortcomings of the feature extraction 

done manually. The DL-based methods use a convolutional 

neural network (CNN) for image processing [11]. 

 In [12], the vegetation classification has been improved by 

integrating collective classification with different CNNs, 

which provides rich image information. The U-Net algorithm 

improves classification accuracy by combining various levels 

of feature maps. The difference between a U-Net and a Fully 

Convolutional Network (FCN) lies in the number of 

expansion networks that enable information propagation to 

high-resolution layers. In [13], an advanced semantic 

segmentation model is developed for different field views 

using remote sensing images.  

The automatic semantic segmentation can be done by a 

deep convolutional neural network (DCNN). DCNN works 

by learning end-to-end, in which the input images are given 

to the model and are analyzed with the images of the ground 

truth. Even without human intervention, the model learns 

from the provided data, comprehends image contrast, and 

builds a model [14]. To alleviate resolution loss due to max 

pooling and convolution operations, a trainable sampling 

strategy has been amalgamated into the U-Net++ 

architecture. This addition enabled the model to maintain 

spatial information effectively during the segmentation 

process. In this, different combinations of datasets were used 

to check the segmentation and detection competencies of the 

hybrid U-Net++ model, to prove its versatility and reliability 

under different conditions of images [15].  

A. Motivation 

In the agricultural domain, effective disease identification 

and control are critical for crop management. Specifically, the 

quantitative detection and precise classification of tomato leaf 

diseases are essential to ensure optimal tomato crop yield 

[16]. The process of detecting and identifying diseases that 

affect tomato plants through images of their leaves is known 

as tomato leaf disease detection. This approach is essential 

for the early identification and treatment of plant diseases as 

it assists farmers in improving yields and reducing crop 

losses. Several techniques have been developed to provide 

efficient detection of tomato leaf diseases. Traditional manual 

methods for monitoring plant diseases are labor-intensive and 

inefficient. Artificial Intelligence (AI) has emerged as a 

pivotal tool in mitigating the impact of plant diseases [17]. 

However, existing multi-target identification and localization 

approaches for tomato leaf disease classification often lack 

full automation, thereby limiting scalability and consistency 

in agricultural production. [18].  

The implementation of hybrid-DSCNN models for plant 

leaf disease diagnosis is significantly challenging due to their 

complexity. It requires technical expertise [19]. The AS-

HPOARA method may result in inaccurate segmentation, 

which leads to misclassification of leaf diseases [20]. The 

MIR-V2 model is trained using publicly available and self-

collected datasets, and the process is extended and affects 

timely deployment in real-world solutions for agricultural 

scenarios [21]. While transfer learning and feature integration 

techniques are efficient in identifying leaf diseases from 

available datasets, they are prone to overfitting, thereby 

affecting the model’s performance on unseen data [22]. 

Segmentation of the tomato leaf diseased region plays a vital 

role in disease detection. Most of the recent studies have 

demonstrated that the U-Net model has performed better in 

segmentation as compared to other models. Based on the 

advantages of the U-Net model and its capability to tackle 

computational complexity and segmentation accuracy issues, 

an Integrated Residual Attention UNet++ model is proposed 

in this research, which effectively segments diseased regions 

in tomato leaves at an early stage. The key innovation of this 

method lies in its ability to competently detect tomato leaf 

diseases with an optimized methodology that uses minimum 

resources.   

The major contribution of the proposed model is given 

below:  

• To remove unwanted noises from diseased images and to 

recover the edges of the images, the Adaptive Rolling 

Guidance Weiner filter (ARGW) is employed, thus enabling 

effective pre-processing.  

• To precisely identify multiple disease types within specific 

regions of the tomato leaf, a novel Integrated Residual 

Attention UNet++ model is proposed.    

 

The rest of the paper is organized as follows: Section 1 

provides a detailed introduction to tomato leaf disease 

segmentation. Section 2 reviews related work in the domain 

of tomato leaf disease detection and segmentation. Section 3 

outlines the proposed methodology. Section 4 presents 

experimental validation of this research. Sections 5 and 6 

discuss the findings, draw conclusions, and suggest directions 

for future research. 

II. RELATED WORK 

This section reviews some related works on tomato leaf 

disease segmentation.  

  Some tiny, infected areas of the tomato leaves may be 

unnoticed during segmentation. Blurred edges may lead to 

poor accuracy. To overcome this issue, Deng et al. [16]  

introduced a fusion method with an Attention Mechanism and 

cross-layer mechanism (CLAFM) integrated with a multi-

scale convolution-based U-Net model (MC-UNet) for 

effective segmentation of tomato leaf diseases. Firstly, an MC 

module is suggested to attain multi-scale information about 

tomato disease by using three convolutional layers with 

different kernel sizes, and the squeeze-and-excitation module 

is used to highlight edge feature information on tomato 

disease. Secondly, CLAFM is introduced to highlight the 

location of tomato leaf disease through the structure of the 

gating mechanism and fusion operation. Then, the MC-UNet 

model retains the relevant information using the MaxPool 

layer. Lastly, SeLU is used to avoid network dropouts. 

Compared to previous segmentation models, MC-UNet 

attains efficient performance results with 91.32% accuracy 

and 6.67M parameters. The major issue in this study is that 

the MC-UNet model incorrectly segments some of the 

regions.  

Manual monitoring of plant disease by botanists or 

agricultural experts may lead to false detection. It is a 

challenging and time-consuming task. To overcome this 

limitation, Shoaib et al. [17] presented a solution for plant leaf 

disease detection based on DL models. It uses a supervised 

learning-based advanced CNN model called the Inception 

Net. This work uses modified U-Net architectures to detect 

and segment disease-affected regions. The Modified U-net 

segmentation significantly improved over the U-net model, 

achieving 98.66% accuracy, 98.5 IoU score, and 98.73% Dice 
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coefficient. However, for binary classification, InceptionNet1 

demonstrated even better performance, reaching 99.95% 

accuracy. This suggests that Inception Net is a more effective 

model for achieving higher accuracy in image segmentation 

tasks. The drawback of this model is that it may struggle to 

predict diseases accurately in different environments.  

It’s a challenge to detect diseases like late blight and early 

blight, which restrict the yield of tomatoes. It also makes it 

difficult to segment crop diseases to evaluate the damage 

caused by the diseases. To segment leaf disease spots 

efficiently, Jianshuang et al. [18] presented a Disease 

Segmentation Detection Transformer (DS-DETR). DETR 

was improved with an unsupervised pre-training method 

using the Plant Disease Classification Dataset (PDCD) to 

address its lengthy training epochs and slow convergence. 

The DS-DETR adds the relative position code and was tested 

on the Tomato Leaf Disease Segmentation Dataset (TDSD), 

which was developed in this work.  

Diagnosing diseases in the early stages may be time-

consuming and labour-intensive. To overcome this drawback, 

Raja Kumar et al. [19] established a new leaf segmentation 

on fuzzy CNN named LSFCNN and ant colony-based mask 

RCNN (AC-MRCNN) for detecting tomato leaf diseases. The 

model is evaluated to separate the background information of 

the input tomato leaves. An ant colony optimization (ACO) 

algorithm is utilized to enhance the process of masking 

RCNN and increase the flow of information. Overall, this 

approach gained 97.66% accuracy. The tuning of ACO 

parameters can be challenging and may require careful 

experimentation.  

The disease is affected by bacteria, viruses, and fungi, 

which affect various parts of the tomato plant and cause 

production loss, which may lead to economic loss for the 

farmers. To overcome this problem, Bajpai et al. [20] 

presented the Enhancement Segmentation CNN model (ES-

CNN model) for detecting and predicting tomato leaf disease. 

This method consists of image enhancement and image 

segmentation, feature extraction, and classification, which is 

carried out by CLAHE and K-means clustering, ResNet-50 

and CNN models, respectively. The model achieved training 

accuracy of 97%, training loss of 0.6%, validation accuracy 

of 96% and validation loss of 0.8% with 30 epochs. This 

approach uses image enhancement and segmentation 

techniques to increase image quality.  

It is crucial to find and prevent the spread of diseases in the 

early stages. For detecting tomato leaf miners, Jeong et al. 

[21] used two DNN models for classification and 

segmentation. DNNRN152, a deep neural network model 

based on the ResNet152 architecture, was employed for 

tomato leaf disease classification. A ResNet152 and a 

customized classifier directly classified the dataset images 

into normal or infected. In contrast, DNNMRCNN was 

developed using the Mask R-CNN framework, segmented the 

infected regions of tomato leaf images, and used these 

segmented outcomes to classify the leaves. The absence of 

hyperparameter tuning may affect the entire process and lead 

to low results.  

The traditional manual method of detecting diseases is 

inaccurate and time-consuming. For the automatic detection 

of tomato crop diseases, an image processing technique is 

demonstrated by Rahman et al. [22]. By using the Gray Level 

Co-Occurrence Matrix (GLCM) algorithm, this study 

calculates 13 different statistical features from tomato leaves. 

 Support Vector Machine (SVM) is used as a classifier to 

classify various diseases from these extracted features. Local 

tomato crop field images are used as a dataset and are 

partitioned into a training and testing set. Results show that 

the suggested approach provides excellent accuracy of 100%, 

95 %, 90% and 85 % for healthy leaf, early blight, septoria 

leaf spot, and late blight, respectively. The 13 statistical 

features extracted from the GLCM algorithm may not be 

sufficient to capture the subtle differences between various 

leaf diseases, especially in their early stages. 

Li et al. [23] introduced a VGG16-UNet model for the 

identification of tomato plant disease detection. The region of 

auxiliary buds in tomato plants can be detected by HSV 

colour conversion. The endpoint and centroids of the 

auxiliary bud can be calculated by the feature point extraction 

algorithm. The position of the bud can be calculated by the 

relationship between the centroid and the position of each 

branch. An accuracy of 85.5% was attained in the recognition 

of the bud pruning point. The issue in this system is the lack 

of automation and intelligence in agricultural production, 

which leads to a lack of sustainable agriculture. 

The early diagnosis of biotic and abiotic diseases caused 

by living and non-living organisms by the naked eye is very 

challenging. To overcome this challenge, Kaur et al. [24] 

suggested a hybrid deep segmentation CNN (hybrid-

DSCNN) model for the segmentation of diseases in tomato 

plants. The hybrid-DSCNN is employed with pre-trained U-

Net and Seg-Net models for better diagnosis. The semantic 

segmentation data has been used for multiple leaf disease 

identification and classification. This model is distinguished 

from other existing methods in terms of accuracy, recall, 

precision, intersection over union (IoU), and mean 

intersection over union (mIoU). This method validated 1004 

images in 30 ns and achieved an accuracy of 98.24%. The 

major drawback is that without a technical background, it is 

difficult to understand and implement effectively.  

To diagnose the diseases, Khan et al. [25] demonstrated 

tomato leaf disease recognition using the semantic 

segmentation (SS) method. This study employs a DCNN on 

semantic segmentation. This model can diagnose and classify 

ten different leaf diseases in plants. It highlights the 

foreground and background of the leaf through SS to identify 

the region as a healthy or diseased part. It also estimates the 

amount of information about how much the area is affected 

by the leaf. The tomato plant leaf is used as a test case for this 

system. The model is tested with the publicly available 

database called Plant Village and is tested with a dataset of 

20,000 images. This model obtains an accuracy of 97.6%. It 

may cause overfitting issues and lead to robustness issues.  

The early recognition and classification of tomato leaf 

disease are essential in the agricultural sector. Altalak et al. 

[26] presented a hybrid DL technique for diagnosing and 

classifying tomato leaf diseases. It combines the strength of 

CNN, a convolution-based attention module (CBAM), and 

SVM. This model is evaluated using tomato leaf images. The 

result attained a maximum accuracy of 97.2%, which can be 

improved by optimizing the learning process. This model is 

highly efficient, so farmers can easily own it on any smart 

device with a digital camera. With a little practice, a farmer 

can easily identify the disease accurately, which will help to 

take the necessary action at the right time. The major 

drawback of the study is its limited disease coverage and data 

dependency.  
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Tomatoes are susceptible to various diseases that reduce 

crop production. Automatic detection techniques are useful 

for reducing time-consuming efforts to diagnose tomato 

diseases. Islam et al. [27] introduced an attention-based 

dilated CNN logistic regression model (ADCLR) for tomato 

leaf disease detection. An attention-based dilated CNN is 

employed to extract the features. It uses a bilateral filter to 

handle large features to make images smoother, and the Otsu 

image is used to neglect noise. Synthetic images are 

generated from pre-processed images using conditional 

generative adversarial network (CGAN) models. Synthetic 

images are created to handle disparity, noise, or mislabeled 

data to get accurate predictive results. It gives an accuracy of 

96.6%. The main disadvantage is that it cannot handle more 

data variants. 

Plant diseases pose a constant threat to the agricultural 

sector and cause significant losses to the economy. The early 

identification and categorization of diseases can help reduce 

disease spread and improve yield. Khan et al. [28] suggested 

an automated segmentation based on hyperparameter tuning 

with Artificial Rabbits Algorithm (AS-HPOARA) to resolve 

these issues. The Plant Village dataset is utilized in this study. 

The standard deviation and meaning of the dataset are utilized 

to normalize the images, as well as Z-score normalization. 

Three augmentation approaches, rotation, translation, and 

scaling, are used in this task to equalize the training images. 

Modified UNet uses more fully connected layers for better 

representation of deeply hidden properties; it is known as 

segmentation. The categorization is done by HPOARA. The 

accuracy of the developed approach is 99.7%. The 

disadvantage is that the incorrect segmentation can lead to 

misclassification.  

The recognition and categorization of plant diseases by 

visual observation by farmers or experts is a time-consuming 

process. To overcome these issues, Kaur et al. [29] introduced 

a CNN-based modified InceptionResNet-V2 (MIR-V2) 

model, which is a combination of TL approaches to detect 

diseases of tomato leaf images. This model is trained with a 

publicly available dataset and a real-time dataset containing 

seven types of tomato leaf disease categorization, along with 

one healthy class. The experimental results support the 

validity of this approach and its application in the detection 

of tomato leaf diseases. The disease classification accuracy 

rate of this model is 98.92%. The major drawback is that the 

training of this model is time-consuming, which delays the 

implementation of solutions in practical situations.  

The prognosis of tomato leaf diseases in a complex 

background is vulnerable. Small differences in the same 

disease may also affect the prediction. To overcome this 

drawback, Peng et al. [30] suggested the Dense Inception 

MobileNet-V2 parallel convolutional block attention module 

network (DIMPCNET) for the diagnosis of tomato leaf 

disease. First, five tomato leaf diseases were collected with 

1,256 images and expanded into 8,190 images using the data 

enhancement technique. The dense inception CNN model is 

used to address the issue of the differences between the large 

intra-class and small inter-class distances. To reduce the 

background complexity, a parallel convolutional block 

attention module was added to the model MobileNet-V2. The 

accuracy obtained by this system is 94.44%. The major 

drawback is that data augmentation may increase the size of 

the model, but if it is not managed properly, it may lead to 

misleading the model. The tomatoes are susceptible to several 

diseases that can reduce or destroy the yield, and to increase 

crop production, it is very urgent to diagnose the tomato 

diseases accurately. For this reason, Al‐gaashani et al. [31] 

developed a classification method for tomato leaf disease by 

TL and feature integration. The features are extracted from 

MobileNet-V2 and NASNet Mobile; then, the models 

aggregate and decrease the feature dimensionality using 

principal component analysis (PCA). The experimental 

outcome verifies the robustness of combined features to 

enhance the performance of the classifier. This model is 

evaluated using three popular traditional ML classifiers: 

random forest (RF), SVM, and multinomial logistic 

regression (MLR). Among them, MLR attains better 

performance with 97% of average accuracy. The main 

shortcoming of this approach is that the model may lead to 

overfitting.  

The major issue to be considered to increase productivity 

is the identification of plant diseases. Early detection of leaf 

disease is necessary to increase the crop yield, save costs, and 

reduce crop losses. Kanda et al. [32] presented a DL model to 

diagnose nine typical tomato diseases. A residual neural 

network (RNN) is provided to identify tomato diseases. The 

accuracy can be measured by five network depths. This 

method provides the highest F1-score of 99.5%, which 

exceeds the existing method for the detection of tomato leaf 

diseases. Additionally, testing this model on the Flavia leaf 

image dataset yielded an F1-score of 99.23%. This method 

wrongly predicted some of the disease types.  

Accurate and early diagnosis of the tomato leaf disease 

using readily available photographs is necessary for the 

farmers and the stakeholders, as it reduces yield loss due to 

potential disease outbreaks. Bhandari et al. [33] aim to 

visually identify nine different infectious diseases in tomato 

leaves from healthy leaves. Gradient-weighted mapping 

(GradCAM) is used to attain model interpretability, which is 

necessary for predictive analysis, helps build confidence, and 

is required for integration into agricultural practices. The 

tomato leaf disease (TLD) is utilized to implement the 

EfficientNetB5 model without segmentation, and the model 

achieves better training, testing, and validation accuracy. The 

major drawback is that the implementation of this system is 

very complex.  

Natural disasters, like reduced rainfall, excess rainfall, and 

late detection of diseases, are the reasons for reduced yield. 

Not only that, previous diagnosis methods of diseases do not 

provide exact outcomes. To overcome this issue, Narla et al. 

[34] developed digital image processing techniques to detect 

plant diseases from the leaf, as the disease is reflected in the 

plant’s leaf. This approach comprises three pipelining 

methods, namely pre-processing, segmentation, and feature 

extraction. External features are extracted from the input 

images. Then, the attained features are fed into SVM 

classifier models to represent several diseases. This study 

achieves 86.6% accuracy through cross-validation. The major 

drawback is variance in background, and lighting can affect 

the image quality, which affects the accuracy of prediction.  

To increase the yield of the tomato plant, it is important to 

monitor and diagnose the diseases. The previous approaches 

are less accurate in detecting small amounts of disease in 

leaves. To overcome this issue, Natesan et al. [35] used a 

channel-spatial segmentation network that was implemented 

to detect diseases in leaves. It comprises (a) channel attention 

distinguishing diseases and healthy parts, and (b) spatial 

attention focusing on the diseased regions for final prediction. 

This model segments the diseased parts with a very high 
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accuracy of 99.76%. The major disadvantage is its 

complexity, which leads to an increase in training time and 

requires more resources.  

The existing work may have many issues, such as 

inaccurate segmentation, which may lead to misclassification 

of the tomato leaf disease. Some systems cannot predict 

diseases in different environments. Data augmentation may 

increase the size of the model, but if it is not maintained 

properly, it may lead to misclassification. Small spot 

segmentation is not managed well. The variance in 

background and lighting may lead to misclassification. To 

overcome these limitations and to increase efficient detection 

of tomato leaf disease, an Integrated Residual attention 

UNet++ model is proposed in this research. 

III. PROPOSED METHODOLOGY 

Tomatoes are one of the most frequently grown food crops 

in the world and are high in nutrients. However, it is prone to 

many diseases, and its identification is challenging. Hence, 

this research proposes a methodology for the identification 

and segmentation of tomato leaf diseases. The overall 

architecture of the proposed methodology is illustrated in 

Figure 1. 

 

The input images were sourced from the Plant Village 

dataset and pre-processed using adaptive rolling guidance 

Wiener filtering to enhance image quality. After pre-

processing, a novel and efficient segmentation technique, 

namely Integrated Residual attention-based UNet++, is 

applied to accurately delineate diseased regions within the 

leaf images. The detailed methodology is explained in the 

following sections. 

A. Pre-processing 

Input images often contain noise and irrelevant artifacts 

that can degrade image resolution and negatively impact the 

performance of subsequent processing stages. To address 

this, image pre-processing is employed, which enhances 

image quality and optimizes it for further analysis. In this 

study, the Adaptive Rolling Guidance Wiener Filter is 

utilized for noise reduction. It is an adaptive low-pass filter 

designed to minimize the mean square error between the 

original and filtered image.  

 

Input 

Adaptive Rolling 

Guidance Weiner 

filter 

Pre-processing 

Segmentation 

Integrated Residual attention UNet++

Plant Village 

dataset

Segmented 

output

 

Figure 1: Workflow of the proposed tomato leaf disease segmentation method 
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Compared to traditional filters, including the Wiener filter 

and Gaussian filter, the presented ARGW filter precisely 

preserved the edges and complex regions.  

 

The presented filter dynamically adjusts its output based 

on local variations within the input image. Specifically, when 

the local variance is high, the filter applies stronger 

smoothing to suppress noise while preserving critical 

features. By computing the mean and variance within a 

defined neighborhood, ARGW effectively adapts to varying 

noise levels and structural details in the image. This makes it 

suitable for diverse environments and robust in restoring 

signals affected by noise. As a result, the Wiener filter, 

particularly in its adaptive form, serves as a foundational 

technique in image denoising and has been widely validated 

across multiple applications. 
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where eps is the hyperparameter. 

 Over the past decade, edge-preserving filters such as Joint 

Bilateral Filters, Weighted Least Squares (WLS) Filters, and 

Guided Filters (GF) have been extensively utilized in image 

fusion tasks. However, most traditional edge-preserving 

filters do not account for spatial scale, which limits their 

effectiveness in processing small-scale image structures. To 

address this limitation, scale-aware edge-preserving filters 

have been introduced to maintain edge integrity during image 

smoothing, particularly in the context of image 

decomposition. 

 

The Rolling Guidance Filter (RGF) is one such approach, 

where a Gaussian filter is first applied to remove fine 

structures, followed by a guided filter to recover salient 

edges. In contrast, the Adaptive Rolling Guidance Wiener 

Filter enhances this process by replacing the Gaussian filter 

with an adaptive filtering mechanism specifically designed to 

eliminate small structures while preserving edge information. 

The ARGW framework comprises two main stages: (1) 

removal of small-scale features, and (2) recovery of edge 

details. 

 

Firstly, WF is used to remove the small structure, which 

results in the smoothening of the images without image 

details. The input image A produces a filtered image E that 

can be expressed as 

           ( )MrAfilwienerE ,,,_ =           (4) 

where is the smoothed images, ( )filwiener _  is The 

wiener filtering operation and A indicates the input image, r
is the filter’s radius,   implies the regularization parameter, 

M is calculated by a box filter for each local patch size.  

Then, for edge recovery, this step is repeated using a 

composite filter that includes a GF, which is used as a joint 

filter to retrieve the edge details. Image recovery is an 

iterative process. 
tJ  is updated iteratively. 

1J  denotes the 

smoothed image by the ARGW. The
1+lJ  can be expressed 

as follows: 

      ( )21 ,,,_ rq

ll AJfilGuidedJ =+
     (5) 

where (.)_ filGuided  is the filtering operation and 
lJ  

represents the smoothed image of 
thl iteration, A is the input 

source image, 
q is the standard deviation, and 

2

r

indicates the regularized parameter which controls the range 

weight.  

Generally, ARGW  can be simply modeled as,  

          ( )IAfilARGWV rq ,,,_ =         (6) 

Where V represents the filtering output, and the iteration 

number is represented as I .  

  

B. Segmentation 

  After pre-processing of the image, segmentation is carried 

out by Integrated Residual attention-based UNet++, which 

significantly identifies the diseased leaf parts. This is a 

combination of neural networks that combines the strength of 

the residual unit, attention mechanism, and UNet++ for 

segmenting the image. Traditional segmentation approaches 

have limitations with semantic gaps between encoder and 

decoder feature maps and training challenges due to 

vanishing gradients. In view of these issues, this study 

utilized an improved version of the U-Net model with 

attention mechanisms and residual blocks. This study utilizes 

UNet++ as a backbone model. It uses skip connections to 

connect the encoder and decoder parts. Dense convolutional 

blocks are used to map the feature maps of the encoder to the 

decoder network. By doing the same way, the encoder’s 

feature semantic level graph is very near to the decoder’s 

semantic level. 

The skip pathway was formulated in the following form: 

hab ,

 is the output of the node
haB ,

, a  denotes the encoder 

network layer of down-sampling, h  index denotes the dense 

block’s convolutional layer in the skip path, 
hab ,

and can be 

expressed as. 
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(7)

where .K  denotes a convolution operation continued by 

the activation of ReLU. The attention gate and up sampling 

operations are denoted as ( ).AG  and ( ).L  , respectively, 

   indicating the concatenation layer. 
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This presented segmentation model offers three key 

advantages: (1) UNet++ enhances semantic representation by 

reducing the semantic gap between feature maps at different 

scales, facilitating more effective feature fusion; (2) the 

incorporation of residual units mitigates the degradation 

problem and simplifies network training by enabling more 

efficient gradient flow; and (3) the attention module improves 

segmentation accuracy by assigning higher weights to 

relevant regions while suppressing the influence of 

background areas that are not pertinent to the segmentation 

task. 

The dense skip connection in nested blocks and Res-

Attention UNet++ is useful to gain full-resolution feature 

maps at different semantic levels,   4,3,2,1,,0 hb h
which 

are manageable by deep supervision. To add the four nodes, 

a loss function is considered, which is the combination of 

binary cross-entropy and Dice coefficient, which is given as 

            ( ) 
=












+
+−=

M

b bb

bb
bb

h

h
h

M
h

1

..2
log

2

11
,




      (8) 

where,
bh and

b  indicates the flattened prediction probability 

and the flattened truth ground of the 
thb image, respectively, 

and M  indicates the batch size. The architecture of the 

proposed segmentation model is illustrated in Figure 2.   In 

the proposed segmentation model architecture, several key 

components are integrated to optimize performance.  

Input

Segmented 

Output

Loss

Down sampling

Up sampling

Skip connection

Conv + Residual 

unit + dropout

Plain convolution

Attention gate

Gate signal

 

Figure 2: Architecture of the Residual attention UNet++ model

      

Conv & Batch Norm

Conv & Batch Norm

ReLU Conv & Batch Norm Sigmoid Resample

Output

Upsample

Feature 

encoder

Figure 3: Architecture of attention gate mechanism 
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The down sampling operation reduces the spatial 

dimensions of the feature maps while increasing the number 

of channels, thereby capturing higher-level semantic features. 

Conversely, upsampling restores the spatial resolution to 

match the input scale, enabling the generation of a 

segmentation map with spatial dimensions aligned to the 

original image. 

The Conv + Residual block facilitates improved gradient 

flow and enhances feature preservation, which is critical for 

deep network training. The inclusion of a residual unit 

combined with a dropout layer mitigates overfitting while 

preserving high spatial resolution, contributing to accurate 

segmentation outcomes. 

The attention mechanism encompassed in this architecture 

focuses on intrinsic and fundamental parts of the image by 

assigning different weights. The structure of the attention gate 

is illustrated in Figure 3.In the attention mechanism, the up 

sampled and feature encoder inputs are passed through a 

convolution, and batch normalization is added. Then it passes 

through the ReLU activation function, Convolution, and 

batch normalization. After that, it was processed through a 

sigmoid activation function, and the output was resampled to 

obtain attention coefficients. Further, the feature encoder is 

multiplied by the pixel-to-pixel coefficient to attain the 

output. A gate signal is employed to assign weights to 

features transmitted from the encoder, modulating their 

influence before they are passed to the decoder. Furthermore, 

attention gates are used to emphasize salient features from the 

encoder by selectively enhancing relevant activations and 

suppressing irrelevant background information. Skip 

connections are incorporated to establish direct pathways 

between corresponding layers of the encoder and decoder, 

ensuring the retention of fine-grained spatial details. 

Overall, this architectural design enables precise 

segmentation of diseased regions in tomato leaf images, 

thereby facilitating a clear and interpretable understanding of 

affected areas. These affected areas are then used to identify 

the type of disease, and the corrective measures can be taken 

on time to reduce the effect of these diseases and can help the 

farmers to overcome the losses. 

IV. EXPERIMENTAL RESULTS 

This section presents the performance evaluation of the 

proposed approach, along with a comparative analysis against 

several existing methods to demonstrate its effectiveness and 

scalability. Additionally, it discusses system configuration, 

dataset descriptions, performance validation metrics, and an 

in-depth discussion of the results obtained using the proposed 

method. 

 

A. Experimental Setup 

The configuration of the system model used for the 

segmentation of tomato leaf disease is illustrated in this 

section. The experiment was done on the Windows operating 

system with an Intel (R) Core (TM) i7-10750H CPU and with 

a RAM of 32 GB. The frequency of the system was set at 2.60 

GHz. The hyperparameter setting of the network is done to 

refine the model’s comprehensive performance. In this 

approach, the present segmentation model comprises various 

parameters, which include input shapes, Num_classes, filters 

in the residual block, kernel size, pool size, stride, batch size, 

epochs, loss, and optimizer. The values of residual block 

filters change depending on the layers. The stride value is set 

as default, and the size of the batch is set to 32. The detailed 

overview of parameters utilized in this research is displayed 

in Table 1. 

B. Dataset Description 

The dataset used in this research study was collected from 

Plant Village – a public library of datasets and four viral 

tomato diseases are considered, Tomato Mosaic Virus, 

Tomato Septoria Leaf Spot, Tomato Target Spot, and Tomato 

Yellow Leaf Curl Virus. Among these Tomato Yellow leaf 

Curl Virus is the main reason for affecting the crops every 

year. These four classes are segmented separately to 

distinguish the diseased region. The model utilizes 80% of the 

data for training and 20% of the data for testing. Some of the 

specimen images of these tomato leaf diseases are described 

in Figure 4.  

 

Table 1: Hyperparameter details 

Parameters Value 

Input shapes (256,256,3) 

Num_classes 2 

Filters in the residual block 64,128,256,512,1024 

Kernel size 3 

Pool_size (2,2) 

Stride 1 

Batch size 32 

Epochs 300 

Loss Categorical cross-entropy 

Optimizer Adam 
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(a) Sample images of tomato leaves with Mosaic virus disease class 

 

 
 

 

 

 

 

(b) Specimen images of the Tomato Septoria leaf spot virus disease 

 

 

 

 

 

 
 

(c) Specimen images of Tomato Target spot virus diseases 

   

(d) Specimen images of Tomato Yellow Leaf Curl virus 

Figure 4: Sample images (a) Mosaic virus (b) Septoria leaf spot (c) Target spot (d) Yellow Leaf Curl virus of tomato 

leaf diseases across four different classes  

 

C. Performance metrics 

This study analyses various segmentation-based 

performance metrics like Dice score, Jaccard index, 

Hausdorff distance [36], Normalized Mutual Information, 

Structural Similarity Index Measurement, Average 

symmetric surface distance [37] and general performance 

metrics like Pixel accuracy, precision, mean average 

precision (mAP) [38] recall and F1-score [39] are also 

analyzed. Dice and Jaccard coefficients [40] have been used 

to measure segmentation accuracy. The Jaccard index is used 

to find the similarity between specimen sets and is defined as 

the intersection size divided by the size of the union of the 

specimen sets. Sample sets are obtained from segmentation 

and ground truth images. The Jaccard index’s mathematical 

representation is described below, 

                                ( )
QP

QP
QPJ




=,                    (9) 

where, P represents the region obtained from the 

segmentation part and Q is the region from the ground truth 

images. Dice score is used as an optimistic measurement that 

gives double weighting values at the intersection of two 

regions. The mathematical description of the Dice score is 

represented as follows, 

              ( )
YX

YX
YXD

+


=

2
,            (10) 

The double weighting value of the two regions that 

intersect is described as 
YX 2

where 
X

and 
Y

are the 

number of datasets having a true binary value 1. Hausdorff 

distance is the segmentation metric that calculates the 

distance between all boundary pixels of a patch. 

This can be expressed as,  
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( ) ( ) ( )pqqpQPHD QqPp ,max,,max, =

          
(11) 

Where ),( qp denotes the greatest distance from the pixel 

point P to the closest point in Q, while ),( pq denotes the 

greatest distance from the point of pixel from Q to the point 

P. The NMI [41] is used to measure the similarity between 

the segmented image and the ground truth image.  

                     

( )
( )

( ) ( ) QHPH

QPI
QPNMI

+


=

,2
,

                         (12) 

where the predicted segmentation and the ground truth are 

denoted by P and Q . H denotes the entropy and ( )QPI ,

represents the mutual information between P and Q , 

respectively. SSIM [42] is used to measure the similarity 

between two images. It is calculated as, 

    ( )
( )( )

( )( )2
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22

21 22
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++++
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(13) 

where
p

and 
q
are the two images. Local means and standard 

deviation of images 
p

and 
q
are denoted as 

qp
and

qp
. 1C and 2C are the constants.  

The general performance metrics like Pixel accuracy, 

precision, recall, F1-score, and mean average precision 

(mAP) are calculated as follows: 
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here, true positives and false positives are represented asTP  

and FP  respectively. TN indicates the true negative and 

FN denotes the false negative. The upcoming section 

illustrates the performance of the proposed approach, which 

was validated using these metrics.  

D. Performance Evaluation 

The tomato leaf disease segmentation is carried out using 

the Integrated Residual Attention UNet++ model to identify 

various diseased parts of the leaves. The performance metrics 

of the proposed approach are evaluated and compared with 

some of the existing segmentation models like UNet, 

UNet++, ResUnet [43] and Seq-Net models.  

The graphical analysis of the segmentation performance 

metrics like the Jaccard Index, Dice score, and Hausdorff 

distance is described in Figure 5. 

The performance of the proposed integrated residual 

attention-based UNet++ model was evaluated using various 

segmentation methods developed by previous researchers. 

Experimental results demonstrate that the proposed model 

outperforms existing approaches across multiple metrics. 

Specifically, the model achieved a Jaccard index of 0.80, 

compared to the 0.60–0.70 range observed in alternative 

methods, indicating superior segmentation accuracy through 

effective intersection measurement between predicted and 

ground truth masks. Additionally, the proposed method 

obtained a Dice coefficient of 97.34%, the highest among the 

compared models, reflecting improved overlap with ground 

truth annotations. 

 

In terms of boundary accuracy, the proposed model 

achieved a lower Hausdorff distance of 14.37 mm, 

outperforming competing models with values ranging from 

18 to 28 mm. This suggests more precise boundary 

localization. Furthermore, additional performance metrics, 

including Normalized Mutual Information (NMI), Structural 

Similarity Index Measurement (SSIM), and Average 

Symmetric Surface Distance (ASSD), were evaluated and are 

summarized in Figure 6. 

 

The proposed model achieved a Normalized Mutual 

Information score of 93%, indicating a high degree of 

similarity between the segmented outputs and ground truth 

images. This reflects the model's ability to preserve mutual 

information during segmentation. Additionally, the Residual 

Attention-based UNet++ architecture demonstrated strong 

performance in capturing structural features, as evidenced by 

its high Structural Similarity Index Measurement. The model 

also achieved a comparatively low Average Symmetric 

Surface Distance, signifying effective measurement of 

surface-level discrepancies between predicted and ground 

truth boundaries. Performance evaluation of the presented 

approach in terms of Jaccard Index, Dice score, Hausdorff 

distance, NMI, SSIM, and ASSD is illustrated in Table 2. 

 

From the analysis, it is clear that the presented approach on 

segmentation shows drastic improvements in tomato leaf 

disease identification. The Jaccard index score of the 

presented approach shows how the presented model 

effectively produces the output. The JI score of 0.8 shows the 

overlap between the segmented mask image and the original 

ground truth image. In the same way, the similarity between 

predicted and ground truth images was validated with the 

Dice score. Higher Dice score shows better similarity, which 

is attained due to the architecture of Integrated Residual 

attention based UNet++. 

 

Further, the aforementioned segmentation metrics validate 

the performance of the presented segmentation approach. 

Suggested approach combines attention mechanism with 

residual blocks. This enhances the process of segmentation 

by capturing the most important parts of the diseased leaf. 

With these advancements, the segmentation approach 

effectively segments the images. In order to show the 

effectiveness of the proposed tomato leaf disease 

segmentation, Pixel accuracy calculating the ratio or 

proportion between correct pixels versus total number of 

pixels, mean pixel accuracy will give the average of pixel 

accuracy, and mean average precision are shown in Figure 7.
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(a) Jaccard Index analysis 

 

(b) Dice score analysis 

 

(c) Hausdorff distance analysis 

 

Figure 5: Performance evaluation of (a) Jaccard Index, (b) Dice score, (c) Hausdorff distance with existing approaches 
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(a) NMI analysis 

(b) SSIM analysis 

(c) ASSD analysis 

Figure 6: Performance analysis (a) NMI analysis (b) SSIM analysis (c) ASSD analysis of the presented approach in terms of 

NMI, SSIM, and ASSD with existing models 

Table 2: Performance evaluation on segmentation metrics

 

Metrics/ Methods U-Net Seq-Net ResU-Net U-Net++ Proposed 

Jaccard index 0.65 0.68 0.71 0.73 0.8 

Dice Score 81.91 84.89 86.67 92.13 97.34 

Hausdorff Distance 28.1 25.52 21.45 18.32 14.37 

NMI 80.11 82.24 84.24 89.34 93 

SSIM 80.56 82.35 84.78 89.45 94.87 

ASSD 0.72 0.76 0.84 0.8 0.64 
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                     (a) Pixel accuracy 

 

 
                       (b) Mean pixel accuracy analysis 

 
(c) Mean average precision analysis 

 

Figure 7: Performance evaluation (a) Pixel accuracy, (b) Mean pixel accuracy analysis and (c) Mean average precision 

analysis of proposed approach with several existing approaches in terms of Pixel accuracy, mean pixel accuracy, and mAP 

  

Apart from JI, HD, and DS, this recommended research 

was validated with Pixel accuracy, mean pixel accuracy, and 

mean average precision. By analysing Pixel accuracy, it can 

be stated that the suggested approach accurately identified a 

larger number of pixels from images. It was calculated 

between correctly identified pixels and the total number of 

pixels in the images. The presented model attained a Pixel 

accuracy of 97.6%. This is due to the recommended 

segmentation approach effectively measuring correctly 

classified pixels. The highest Pixel accuracy indicates the 

highest pixel-wise classification.  

Further, the mean pixel accuracy of the recommended 

model shows comparatively higher performance, as it 

validates individual pixel classifications and averages the 

accuracy among all classes. Additionally, mean average 

precision improvement indicates that the presented integrated 

residual attention based U-Net++ model precisely allocates 

their boundaries for precise segmentation.  
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From these analyses, it is clear that the presented model 

outperformed all traditional segmentation approaches.  

For providing a detailed evaluation on the recommended 

segmentation approach, precision, recall, and F1-score 

metrics are validated and are portrayed in Figure 8. Although 

precision, recall, and F1-score are generated from 

classification tasks, it was effectively used for segmentation 

approaches. In segmentation, the precision metric is used to 

measure the correctly identified segmented region from all 

the predicted regions by the model.

    

 
(a) Precision analysis 

 

 
(b) Recall analysis 

 
(c) F1-score analysis 

 

Figure 8: Performance evaluation (a) Precision analysis (b) Recall analysis and (c) F1-score analysis of proposed 

approaches with several existing approaches 
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Table 3: Performance validation of the suggested segmentation approach with previous baseline models 

Metrics/ Methods U-Net Seq-Net ResU-Net U-Net++ Proposed 

Pixel accuracy 95.76 96.45 93.91 95.8 97.6 

Mean pixel accuracy 89.34 87.17 90.23 91.8 94.8 

Precision 80.21 83.36 86.34 90.31 95.96 

Mean average precision 85.7 83.19 76.43 80.8 87.46 

Recall 80.37 83.54 86.12 90.25 95.04 

F1-Score 81.22 84.1 87.23 91.12 96.85 

In a similar way, recall measured the segmented region, 

which was identified by the proposed model, with the ground 

truth label, as the F1-score is used to measure the balance 

between identified segmented regions and capturing all the 

relevant regions. The precision, recall, and F1-score of the 

proposed approach are higher than those of any other existing 

models, which represents the effectiveness of the proposed 

approach.  The evaluation of Performance Metrics, including 

Pixel accuracy, mean PA, mAP, precision, recall, and F1-

score with the existing models, is compared in Table 3. From 

the overall evaluation, it can be summarized that the 

suggested segmentation approach provides effective and 

robust performance for tomato leaf disease segmentation.  It   

is able to segment the disease area effectively as compared to 

the existing approaches.  Further, the presented research 

utilized training and testing of accuracy and loss curves for 

both proposed and existing approaches. The training and 

testing accuracy of the segmentation task is illustrated in 

Figure 9. 

  

(a) Training accuracy 

 

(b) Testing accuracy 

Figure 9: Performance efficiency of the proposed model in terms of (a) training and (b) testing accuracy 
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(a) Training loss 

 

 

(b) Testing loss 

Figure 10: Comparison of (a)Training loss and (b) testing loss of the suggested  model with previous approaches 

 

The training and testing accuracy of the suggested 

approach is comparatively high for different epochs. This 

suggested segmentation model is trained for 300 epochs. 

Higher training and testing accuracy with the dataset images 

indicate better robustness of segmentation. Higher training 

accuracy indicates how effectively the presented model learns 

the patterns in training. Testing accuracy improvement 

indicates how accurately the suggested technique performed 

on an unseen dataset. Higher training and testing accuracy 

indicate that the presented integrated residual attention-based 

U-Net++ model provides better generalizability and avoids 

overfitting. Similarly, the training and testing loss is 

illustrated in Figure 10. 

The loss function of the presented approach seems to be 

low, as it effectively reduces the losses during training and 

testing. A lower error indicates better performance. The 

training loss highlights how well the suggested approach fits 

with the training data. The highest loss in training specifies 

that the model is unfit for the specific segmentation task. 

From this detailed evaluation on the proposed approach with 

previous baseline segmentation approaches, it is evident that 

the suggested approach outperformed all the existing 

frameworks in terms of the aforementioned metrics, 

including Jaccard index, Hausdorff index, Dice score, and so 

on.

E. Visual Analysis 

This section evaluates the research outcomes, which 

include a visualized representation of pre-processing and 

segmentation of the input images for different disease classes. 

Figure 11 illustrates some sample input images with respect 

to their diseased classes.  

The input images are collected from Plant Village, and they 

were pre-processed using adaptive rolling guidance. Weiner 

filtering is used to remove the noise and perform the edge 

recovery process. 
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 Figure 11: Sample images of Pre-processing and Segmentation of diseased classes 

 

After pre-processing, the integrated residual attention 

UNet++ model is used for effective segmentation. 

Tomatoes are among the most widely cultivated crops 

globally, valued for both their high nutritional content and 

market demand. However, tomato crops are vulnerable to a 

range of diseases that significantly impact yield. Leaf disease 

detection is the process of identifying infected tomato plants 

via leaf images, which plays a crucial role in early diagnosis 

and disease management. Early detection of tomato leaf 

diseases is vital for many reasons, including preventing the 

spread of diseases, minimizing economic losses, improving 

the treatment effectiveness, and so on. There are different  

studies that exist in the identification with deep learning, 

computer vision, and image processing. Most of the studies 

failed to possess visual features of the diseased regions. For 

easy identification of the diseased part, an effective 

segmentation is necessary. This study proposes an automated 

segmentation framework for detecting tomato leaf diseases, 

utilizing an advanced Integrated Residual Attention UNet++ 

model. Conventional segmentation techniques commonly 

employed in previous research show symptom overlap, subtle 

symptoms, and variability in symptom similarity issues. 

These challenges are overcome by integrating different 

effective deep learning approaches, which expressively 

enhance the reliability of segmentation and detection.

V. DISCUSSIONS 

Hence, the proposed method integrates residual attention 

mechanisms with the U-Net++ model, which enhances 

segmentation accuracy and efficiency through its novel 

architecture. This methodology comprises three primary 

stages, including tomato leaf image acquisition, filtering-

based pre-processing using ARGW, and segmentation of the 

diseased regions. In general, the performance of the 

suggested model mainly relies on the data used for the 

specific task. In this research, the plant village dataset is 

utilized, which is the largest tomato leaf disease dataset 

available publicly. These images with four viral disease 

classes are pre-processed using ARGW, which helps to 

remove the noise and enhance image quality. These pre-

processed images helped the segmentation model to identify 

the diseased region. Attention mechanisms with residual U-

Net++ identified the semantic gap between feature maps of 

the images and helped to enhance the training process. The 

U-Net++ model paves the way for precise localization of 

diseased regions by capturing hierarchical features through 

encoders and decoders. Further, the proposed segmentation 

model reduces the dimensions through convolutional layers. 

Skip connections increase the segmentation accuracy.  

While several existing studies have developed 

segmentation-based models with promising results, many 

rely on limited evaluation metrics. In contrast, the proposed 

method is assessed using comprehensive performance 

metrics, including Dice Score, Jaccard Index, Hausdorff 

Distance, Normalized Mutual Information (NMI), Structural 

Similarity Index Measurement (SSIM), and Average 

Symmetric Surface Distance (ASSD). Deng et al. [16] 

introduced an MC-UNet model for tomato leaf disease 

segmentation, which suffers from false segmentations 

leading to misclassification—an issue addressed in the 

present study through the adoption of the Integrated Residual 

Attention UNet++. Shoaib et al. [17] demonstrated a deep 

learning model for plant disease detection, yet its accuracy 

across varied environmental conditions is limited. The 

proposed approach overcomes this limitation by 

incorporating robust pre-processing via ARGW, ensuring 

adaptability to diverse environmental conditions.  
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Table 4: Comparative analysis of the proposed model with existing methods on the Plant Village dataset 

Author and References Method used Dice Score 

Deng et al. [16] MC-UNet 0.64 

Khan et al. [28] Modified U-Net 

 

0.9 

Natesan et al. [35] Channel-spatial segmentation network 0.8 

Islam et al. [44] Segment Anything model 0.88 

Proposed Integrated Residual attention-based U-Net++ 0.97 

 

Table 5: Comparative analysis of the proposed model with the previous approach on different datasets 

Author and References Approach used 
Dataset Used Accuracy 

(%) 

Li et al. [23] VGG16-UNet ImageNet dataset 85.5 

Narla et al. [34] DIP, SVM  Leaf image 86.06 

Agarwal et al. [45] VGG-16 Tomato leaf disease 93.5 

Zhao et al. [46] SeNet Tomato leaf disease 96.81 

Proposed Integrated Residual attention-

based U-Net++ 

Plant Village 97.6 

Li et al. [23]  established a VGG16-UNet model for tomato 

disease identification, but it lacked automation and scalability 

in agricultural applications. Narla et al. [34]  developed a 

digital image processing (DIP) approach, which is sensitive  

to lighting and background variations, reducing prediction 

accuracy. These challenges are mitigated in the proposed 

system through effective pre-processing and segmentation 

strategies. Although some existing approaches [24], [25] 

reported higher accuracy on specific datasets, the proposed 

model demonstrates superior overall performance due to its 

lower complexity and improved generalization across 

varying data conditions. Table 4 presents a comparative 

analysis of the proposed system’s performance against 

existing models on the Plant Village dataset, highlighting its 

enhanced efficiency and reliability in segmenting tomato leaf 

diseases.  

The presented segmentation approach was validated with 

different performance metrics, as the major segmentation 

metric, the Dice score analysis, showed effective 

performance and reliability on the plant village dataset. 

Further, to provide a more comprehensive evaluation for 

future researchers, some of the tomato leaf disease 

identification frameworks with various datasets are evaluated 

in Table 5 in terms of their accuracy. 

 

VI. CONCLUSION 

This research proposed an effective tomato leaf disease 

segmentation approach because the agricultural sector has 

faced many difficulties in identifying plant diseases. Precise 

and rapid diagnosis is necessary to increase crop productivity.       

This study proposes a tomato leaf disease recognition and 

segmentation-based DL model that integrates residual units, 

attention mechanism, and the UNet++ model. The proposed 

approach uses Plant Village data for the implementation of 

leaf segmentation. The experiment is successfully 

implemented on a Python platform. The presented integrated 

residual attention UNet++ model’s experimental evaluation 

demonstrated that the proposed approach attained better 

segmentation results compared with the previous approaches. 

The comparative analysis of the presented and the previous 

methods is mainly carried out using the segmentation metrics 

Jaccard index, Dice scores, Hausdorff distance, NMI, ASSD, 

and SSIM. In addition to that, general performance metrics 

like Pixel accuracy, mean PA, precision, mAP, recall, and F1-

score are evaluated, and better performances were attained. 

This proposed approach has attained better performance 

throughout the model, but it comes with some limitations. 

This study didn’t consider the severity of the tomato leaf 

disease identification. In addition to that, the proposed study 

examines four types of diseases: septoria leaf spot, target 

spot, mosaic, and yellow leaf curl. The model was trained 

with a limited number of images. Further studies on this 

research will extend the proposed approach to apply it to 

other tomato infections and explore the disease classifications 

with advanced deep learning techniques. 
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