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Abstract— Tomato leaf diseases are very critical to the
agricultural production, quality of the crop and global food
security. Thus, prompt and precise disease identification is
crucial for sustainable farming methods. Manual inspection is
labour-intensive, subjective and often ineffective and is the
major drawback for large-scale agriculture, where intelligent
automated diagnosis is needed. The proposed approach is based
on the publicly available PlantVillage tomato leaf disease 1
dataset, which consists of labeled images of healthy and diseased
tomato leaves collected under controlled conditions, spanning
various categories of diseases. The image scaling, normalisation,
data augmentation, one-hot encoding and train-validation-test
partitioning are part of the processing pipeline to enhance the
representation of the features, model generalisation and reduce
the over-fitting effect. Implementations of different DL
architectures such as Custom CNN, ResNet50, DenseNetl21,
MobileNetV2, Xception, NASNetLarge, and Hybrid Ensemble
of Xception and NASNetLarge are done for benchmarking. The
modified MobileNetV3, incorporating Inverted Residual Blocks
and Efficient Channel Attention mechanisms, on the other hand,
improves the efficiency of lightweight feature extraction. The
accuracy, precision, recall, F1 score, confusion matrix, ROC
analysis and learning curves of training-validation are used to
assess the performance. The experimental results revealed that
the best performance in terms of accuracy, precision, recall and
F1-score was obtained by the Hybrid Ensemble with 99.9%,
99.9%, 99.9% and 99.9% respectively. The interpretability and
usefulness of the visualisation was enhanced by the GradCAM
visualisation, while the diagnosis interface and treatment
suggestions along with the GTTS voice assistance were rendered
more useful and practical through Flask. Finally, the proposed
framework provides the intelligent agriculture applications with
high accuracy, efficiency and interpretability of tomato leaf
diseases detection.

“Keywords— Tomato Leaf Disease Detection, Deep Learning,
MobileNetV3, Efficient Channel Attention (ECA), Hybrid
Ensemble Learning, Explainable Artificial Intelligence (XAI).”

I. INTRODUCTION

Tomato is one of the most extensively produced vegetable
crops and is an important source of nourishment and revenue
for millions of people throughout the world. Thus, it is
essential to promote the healthy tomato production for
sustainable agriculture, food security and economic stability.
Tomato plants can, however, suffer from several diseases
which are easily spread on the leaves and if not treated early
can result in poor yield and poor fruit quality. As digital
imaging technology and intelligent agricultural platforms
continue to become more available, automated crop
monitoring systems are becoming more popular that can
facilitate early disease detection and decision-making. The
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technologies have been part of the precision farming and have
given the opportunity to evaluate the field at any time, reduce
manual evaluation, and increase the operational efficiency and
uniformity [1][2] [3].

Several efforts have been made for the automated
identification of plant diseases, but numerous limitations
prevent its use at a wider scale. The traditional approach to
diagnosis is mainly carried out by the visual recognition of
competent agricultural experts and uses a lot of labour, is
subjective and can be hard to access in many rural agricultural
settings. In addition, the like appearance of the illnesses, shifts
in lighting, backgrounds, and the angle of the leaves, and
disease intensity can reduce diagnostic accuracy. In addition,
the use of existing intelligent solutions is often constrained in
terms of categorisation accuracy, and interpretability, and is
not accompanied by decision assistance and usability for
farmers with limited technical skills. This limitation indicates
the critical need for effective and user-friendly systems of
disease diagnosis that could offer a reliable prognosis that
would give substantial guidance for effective agricultural
management [4] [5] [6].

The primary goal is to develop an intelligent framework
for the diagnosis of tomato leaf diseases, capable of accurately
and reliably diagnosing multiple disease categories from
digital leaf images, along with an environment for an
agricultural application of the system which is practical and
user friendly. Beyond predicting diseases, the framework will
be aimed to provide descriptive information on diseases,
potential causes, suggested treatment and helpful advice to
assist the user in making informed crop management
decisions. Also, the framework allows for a visual
interpretation of the results and provide visualisation of areas
of the image that have the greatest impact on the diagnostic
conclusion, which enhances the confidence in prediction
results. Integrated functions are intended to enhance
transparency, accessibility and usefulness without increasing
the burden on end users in terms of operation complexity [7]
[8].

The proposed framework combines the accurate disease
detection with practical decision support in one system, which
is suitable for real world application and promotes the concept
of intelligent agriculture. Early and reliable diagnosis of
disease allows for timely intervention, reduction in use of
unneeded pesticides, minimisation of crop loss and
sustainable methods in agriculture. Intelligent diagnostic
systems can be more widely adopted and trusted by farmers
and agricultural extension and service providers if they are
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accompanied by explanatory visualisation and user-friendly
interaction. This work has the potential to enhance monitoring
of crop health, agricultural productivity and to facilitate the
greater adoption of digital technologies to precision farming
and sustainable food production in various farming
environments [9] [10].

II. RELATED WORK

In recent years, the use of AI, Computer vision and
automation in smart agriculture has proven to be of growing
relevance in crop monitoring and disease management.
Chittoor et al. presented a ML and GAI based design
framework for an autonomous urban landscape fumigation
service robot and showcased the feasibility of intelligent
robotic systems in agricultural and environmental
applications, specifically the support system in the design and
deployment phase [11]. Kong et al. introduced a node re-
recognition technique using a homography transformation for
the detection of the site where the pruning was carried out for
a winter grapevine in the field, proving the effectiveness of
vision-based localization strategies in various field conditions.
The method improved recognition robustness but primarily
was used for crop management, not for disease detection, and
thus mostly limited to use for plant health assessment [12].

The performance of visual identification using DL
techniques has been significantly improved and suitable for
agricultural applications. To showcase the continuous
improvements in terms of detection speed, localisation
accuracy, and computational efficiency, Hasan et al. examined
the progression of the YOLO family of object detection
models. Lightweight deployment and generalisation in a wide
variety of agricultural contexts were also problems captured
by the poll [13]. Ujai et al. proposed a DL based IoT enabled
plant disease detection framework for plant condition
automated monitoring. Although the IoT integration enabled
the remote access, the framework was not very interpretable
or decision-supportive other than disease prediction [14].
Islam et al. created a DL based rose disease detection system
utilising YOLO which detects diseases accurately from plant
photos. However, the application is restricted to the
identification performance without any diagnostic support and
interpretability for the end users [15].

With improved neural network architecture, several
approaches have been proposed for classification-based
disease recognition with higher accuracy.There are several
approaches that have been proposed to improve the accuracy
of disease recognition in terms of using classification such as
a better neural network architecture. To improve the accuracy
of plant leaf disease classification, Pandian et al. introduced a
deep residual convolutional neural network that boosts the
extraction of the features and reduces the classification error.
But, all these developments [16] did not make the model yet
cost-effective for implementation on resource-limited
platforms. To tackle this limitation, Garg et al. [97] designed
the optimised CNN models for resource-constrained settings
and proved that efficient CNN models can perform on par with
the resource-heavy CNN counterparts with reduced
computation requirements. However, the realisation of
lightweight deployment with stable performance on various
illness categories is still a tough goal [17]. Rajmohan et al.
showed that the traditional image analysis methods are
effective in groundnut leaf disease detection. These systems,
however, were based on handcrafted features, and were
therefore not very adaptable to more complex disease patterns
and variable environmental conditions [18].
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Recently, studies have been suggested to explore the
improved learning paradigms of recognition by limited data
availability. In order to provide a good generalisation
capability when only a few images are labeled, Zhou et al.
proposed a vision-language model for few-shot crop disease
picture classification. The method described will reduce the
burden of annotation, but its implementation could require
significant computing resources and a specific training
procedure [19]. The effectiveness of enhanced deep residual
convolutional networks for detecting plant leaf diseases has
been demonstrated by Pandian et al. [20] which highlights the
importance of strong feature learning in accurate plant disease
classification and suggests the direction for improving the
efficiency and applicability of the model. These works
collectively indicate some promising steps towards automated
plant disease diagnosis, but still pose the challenges of
achieving high classification accuracy while maintaining
computational efficiency, explainable prediction, and ease of
user interaction and practical decision support simultaneously.
These are overcome by the current design, which combines
the ability to accurately categorize the illnesses,
interpretability of the visualisation, valuable diagnosis and
treatment recommendations, and a fully interactive
application environment for in-farm use.

III. MATERIALS AND METHODS

The proposed approach will help in the accurate and
intelligent diagnosis of the tomato leaf diseases using the
publicly available PlantVillage dataset and a DL pipeline for
image classification. The whole process, from the
standardized data preparation to data partitioning, model
training, validation and performance assessment, is conducted
within a single learning framework. This is achieved by
comparing the performance with Custom CNN, ResNet50,
DenseNet121, MobileNetV2, Xception, NASNetLarge,
Hybrid Ensemble of Xception and NASNetLarge, and the
improved MobileNetV3 which includes Inverted Residual
Blocks and Efficient Channel Attention mechanisms to boost
discriminative feature extraction without sacrificing speed.
We have added explainable Al to the model, with GradCAM
visualizing the regions affected by the disease to make the
model more transparent, and better understand the prediction
results. The entire framework is built as a flask based web
application with user authentication secured by SQLite which
supports secure image upload, automatic disease recognition,
disease description, therapy suggestions and GTTS (voice
assisted) instructions. The integrated technique provides
accurate disease detection, with interpretability and user-
friendliness for practical applications in smart agriculture.

Visualized class distributions and
sample images. resized. normalized.
shuffled. batched, and encoded tomato

leaf datasets. !—o - —I?
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“Fig. 1. System Architecture”
The proposed system design offers a comprehensive
solution for automated detection of tomato leaf diseases.
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Visualisation, resizing, normalisation, shuffling, batching
and label encoding are implemented to first collect and
preprocess the PlantVillage dataset to ensure the model
receives standardised inputs. The accuracy, precision, recall
and F1-score are used to train and compare the performance
of several DL architectures. The best model is presented in an
online application for disease prediction in a flask providing
an intelligent farmers decision supporting and voice-assisted
guiding features, where the user is able to log in to the
application and upload an image, and store and access the
image in the database.

A) Dataset Collection

It is implemented wusing the publicly available
PlantVillage dataset, obtained from the PlantVillage
repository . There are labelled RGB images of the tomato
leaves for wvarious disease categories. This dataset is
comprised of good quality images of leaves in folders, with
each image representing an input feature and the disease class
as a class label. It has a wide spectrum of disease symptoms
gathered under standardized imaging conditions, allowing for
uniform visualisation for the development of models and
comparison assessments. The PlantVillage dataset is well
annotated, balanced and has been extensively used for plant
disease classification making it a good standard for
developing a reliable and accurate automated tomato leaf
disease detection system.

B) Pre-Processing

Extensive and meticulous preparation step, including
careful exploration, visualization, normalization, validation,
splitting and evaluation of the tomato leaf image dataset
prepares it for efficient DL classification, and produces
robust, precise and effective disease prediction.

1. Data Exploration: Before building the model, the data
set was explored to get an overview of the structure of the
data, distribution of images and arrangement of the disease
categories. The analysis included checking photos
availability for various classes, as well as analysing the
samples to find out the representativeness for visual diversity
and consistency of the labels. This exploration was a full
understanding of the features of the datasets that enabled
sound decisions to be made in the subsequent stages of the
processing. It was also used to identify any class imbalance
issues and to check the suitability of the dataset for accurate
classification of tomato leaf diseases.

2. Data Visualization: The distribution of disease classes
was analysed by using typical pictures of tomato leaves of
each class. Class frequencies and visual differences between
healthy and sick leaves were represented graphically. This
enabled us to grasp the composition of the dataset and
ailments features prior to training the algorithm. Visual
inspection also proved helpful in quality checking the dataset
for quality, inconsistencies and sufficient variance for
optimal classification performance.

3. Image Data Pre-processing: The input data was
standardised and the learning ability of DL models was
improved by doing image preprocessing. The photos of
tomato leaves had been reduced to the same dimensions,
processed into the same colour space, normalised, shuffled
and structured into numerical formats that can be used to train
the model. The class labels were encoded into a machine-
readable format to allow classification of more than one class.
These pre-processing methods contribute to higher reliability
in terms of disease recognition, better consistency of data,
elimination of unnecessary variations and faster convergence
of the model.
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4. Dataset Partitioning: The prepared data set was
divided into multiple parts for training and validating the
model which would give an unbiased performance
evaluation. By segmenting the image, the salient features of
the disease could be learnt from one part of the image and the
evaluation could be done on unseen images which are part of
the test set. This was done to prevent over-fitting and to get a
reasonable approximation of the model's generalisation. The
data set was accurately split to be able to utilise these models
in reality and construct robust and accurate algorithms to
classify tomato leaf diseases.

5. Model Training Preparation: Preprocessed picture data
was put in an optimal layout for training multiple DL
architectures. To enable a fair comparison, the evaluation was
performed using a standardised representation of the images
in the format and the class labels encoded in the same format
that were presented to all the classification models. This
preparation ensured efficient use of computational resources
and ensured data integrity during learning. A well-designed
training set helped to learn the features, provided stability in
the classification and allowed to fairly compare the
performance of various DL architectures.

6. Performance Evaluation Preparation: The dataset was
processed and then subjected to the normal performance
evaluation procedures of the classification models. This
assessment allowed for a detailed analysis of the accuracy,
reliability and consistency of categorisation across different
disease categories and quantitative assessment measures
were obtained by comparing the predictions made by each
model to the ground-truth labels. The performance measures
derived from these were used to provide objective evidence
to determine the most effective model and to confirm the
overall effectiveness of the illness diagnosis framework.

7. User Authentication Preparation: Securely prepared
user authentication information for the controlled access to
the illness diagnosis platform. The registration information
was checked and stored in a structured database for enabling
personalised prediction services to be accessed by
authenticated users. Authentication management enhanced
the security of the program and also helped stop unauthorized
people from accessing into the system resources and
forecasting functions. This preparation created a solid basis
for a safe interaction with the user while keeping the data
integrity and preserving sensitive user data in web
application.

8. Input Image Validation: The photos of tomato leaves
were cross-checked with the tomato leaf categorisation
system to guarantee the compatibility of the images used for
prediction of the disease. The given photographs were pre-
processed to check the propriety of the content and their
applicability and then handed on to the trained classification
models. The advantage of this validation approach is that a
high level of findings was preserved, because false and/or
inconsistent inputs did not disturb the accuracy of the
prediction and the stability of the system. The framework
only permitted including acceptable photographs in the
diagnostic process which resulted in better dependability of
predictions and a more holistic user experience.

9. Result Generation and Post-processing: The prediction
outputs were categorised and translated to relevant diagnostic
information to the end users. The framework provides
integrated results of disease diagnosis with visualisation of
infected areas, descriptions of the diseases, suggestions for
treatment, and voice actuated information. This post-
processing step made the outcome of this categorisation more
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usable and understandable as agricultural information, and
thus made the numerical predictions more useful. The
technology therefore provided good decision assistance for
precision farming applications and management of tomato
diseases.

C) Algorithms

Custom CNN: The custom CNN is trained to learn the
features of the input images, which includes the texture,
edges and the structure. The layered architecture provides
visual representation learning with reliable classification
accuracy and architectural flexibility of meeting the various
computational and application requirements.

ResNet50: ResNet50 utilises residual learning to enable
the effective training of deep neural networks, and to
maintain key feature information over several layers. The
architecture is able to capture complex visual information
successfully, thus reducing the optimisation problem and
improving the accuracy of the classification, stability and
resilience of the learning.

DenseNet121: To make the feature propagation more
powerful, DenseNetl121 uses dense connection: every layer
can access the information from all the previous layers. This
technique achieves better feature reusability, gradient flow,
redundancy reduction and classification accuracy with
maintaining the computational efficiency and good visual
representation learning.

MobileNetV2: MobileNetV2 is a light-weight DL
architecture to do picture categorisation with low computing
complexity. The optimised convolutional structure preserves
important visual properties with minimal resource usage,
allowing for fast inference and a real-time deployment with
only a modest reduction in predictive performance.

Xception:  Xception uses depthwise  separable
convolutions in an efficient way to extract discriminative
spatial and channel-wise data. Such architecture enhances the
feature learning as well as decreases the computing burden,
thereby elevating the classification accuracy, stabilising the
optimisation and making it possible to reliably recognise
complex visual patterns in multiple classes.

NASNetLarge: NASNetLarge is an auto-optimized neural
network to efficiently learn hierarchical visual representation.
The search-based structural design enhances the feature
extraction ability, improves the classification performance
and promotes the robust recognition by properly modelling
the complicated spatial relationships in the input images.

Hybrid Ensemble: Prediction using multiple DL
architectures are used to gain from their complementing
capabilities in the Hybrid Ensemble. By combining the
various feature representations and decision patterns, it can
enhance the classification accuracy, reduce the uncertainty of
prediction, enhance the generalisation ability, and give more
reliable recognition results.

Proposed MobileNetV3 with ECA and IRB: The
MOBILENETV3 integrates Inverted Residual Blocks and
Efficient Channel Attention to further enhance lightweight
feature extraction and attention to useful feature channels.
Such design can improve computing efficiency, boost
discriminative representation learning, and achieve accurate,
robust and efficient picture classification for real-time
applications.
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IV. EXPERIMENTAL RESULTS

Accuracy: The percentage of correct classification of
healthy and patient cases by a test. The percentage of correct
positive and correct negative results when all instances
analyzed should be determined to assess accuracy of a test.
Mathematically:

” _ TP + TN e
COUracy = p 1 FP 1 TN  FN

Precision: Precision is the number of correctly
categorised occurrences or samples divided by the number of
instances or samples classified as positives. Thus, the formula
to get the precision is:

"precisi True Positive 2"
recision =

True Positive + False Positive( )
Recall: Recall is an evaluation metric in ML which

assesses the model’s ability to find all the actual instances of
a given class. It is the proportion of correctly classified
positive examples to the number of positive examples and it
is a good indicator of the completeness of the model's ability
to capture positive examples.

"Recall = — 0 (4)"
ecall = 35— @

F1-Score: F1 Score is a ML evaluation metric which
calculate the accuracy of a model. This is a combination of
the precision score and recall score of a model. Accuracy
statistic: The proportion of correct predictions a model made
for the entire data set.

Recall X Precision

"F1 =2 1 "
Score * Recall + Precision 00(5)
“Table. 1. Performance Evaluation”
Model Accur | Precis | Rec | F1_sc
acy ion all ore
Custom CNN 0.974 | 0970 | 0.9 | 0.967
65
ResNet50 0.999 | 0999 | 09 | 0.999
99
DenseNet121 0.994 | 0994 | 0.9 | 0.994
95
MobileNetV2 0.996 | 0.996 | 0.9 | 0.996
96
Xception 0.997 | 0997 | 09 | 0.997
97
NASNetLarge 0.998 | 0998 | 0.9 | 0.998
97
Hybrid-Ensemble 0.999 | 0.999 | 09 | 0.999
99
Proposed MobileNetV | 0.994 | 0.993 | 0.9 | 0.993
3 ECA IRB 94

A comparative performance evaluation of eight DL
models has been performed using accuracy, precision, recall
and fl-score, as presented in Table 1. The best performance
was obtained by the ResNet50 and Hybrid-Ensemble models

and were demonstrated to be accurate and reliable classifiers.
“Fig. 3. Comparison Graph”
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The results of the DL models are compared in terms of
accuracy, precision, recall and F1-score as depicted in Figure
3. The results show that ResNet50 and Hybrid-Ensemble
achieved the best scores consistently indicating the efficacy
and robustness of the categorisation.

o

Upload Leaf Image

5 (ca)

Click to browse or drop Image here

Analyze Your Tomato Leaf

“Fig.2 Upload the Image”

Figure 2. Uploading tomato leaf images: user interface.
The user can either browse or drag and drop the leaf image
for analysis. Thus providing automatic illness prediction
using an easy and user-friendly web application.

ol
100.00% o

Early Blight
‘ ;
o ik i s o

“Fig.3 Predicted Result”

Fig. 3 depicts the result of illness prediction for Early
Blight, the system has a confidence value of 100.00%
regarding the detection of Early Blight. The interface also
provides disease details, which helps users to make a correct
diagnosis and treatment decisions.

&

Upload Leaf Image

; Ga)

Click to browse or drop image here

Analyze Your Tomato Leaf

“Fig.4 Upload the Image”

The tomato leaf picture upload page is displayed with
selected tomato leaf image for analysis is shown in figure 4.
The intelligent prediction framework verifies and processes
the image sent to perform an automatic disease classification.
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“Fig.5 Predicted Result”

Fig. 5 shows the output of disease prediction for Mosaic
Virus. The algorithm is 100.00% confident in its prediction
of the disease. The interface also presents disease information
which can be used to make an accurate diagnosis and an
effective disease management decision.

V. CONCLUSION

To summarise, the main aim was to design an intelligent
and reliable framework for disease detection in tomato leaves
that might help in early and precise detection of plant
illnesses, and thereby promote precision agriculture and
improve crop management. The framework is based on
PlantVillage tomato leaf disease dataset and consists of
various DL architectures such as Custom CNN, ResNet50,
DenseNet121, MobileNetV2, Xception, NASNetLarge,
Hybrid Ensemble model and modified MobileNetV3 with
Inverted Residual Blocks and Efficient Channel Attention
mechanisms for full comparative classification. The
developed framework also includes the use of explainable Al
using GradCAM for enhanced transparency in the
predictions, and a Flask based web application backed by a
sqlite database for user authentication, disease descriptions,
treatment recommendations, and GTTS voice-assisted
guidance for improved user interaction. The experimental
evaluation showed the wusefulness of the suggested
framework. Overall, the accuracy of the classification of the
Hybrid Ensemble model was 99.9%, which confirms the
potential of the model for a very accurate diagnosis of tomato
leaf disease. Explainable visualisation, lightweight
architectural changes and smart deployment environment
result in higher prediction confidence and usability. Overall,
the proposed framework offers an accurate, efficient,
interpretable and user-friendly approach to facilitate
automated disease detection, knowledgeable agricultural
decision making and real-world smart farming applications.

Expansion of the framework to other crop species and
broader variety of plant diseases using other real field data
acquired in various environmental conditions can be a future
challenge. Mobile and edge computing systems can be
integrated to enable real-time diagnosis of diseases in the
fields of agriculture. Weather and soil data could be used in
conjunction with other multimodal data to enhance diagnosis.
The precision agriculture is more accessible, scalable and
practically adopted by the use of cloud-based monitoring,
multilingual user support and enhanced decision-support
capabilities.
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  " A c c u r a c y =   TP + TN  TP + FP + TN + FN ( 1 ) "


  " P r e c i s i o n =   True   Positive  True   Positive   + False   Positive ( 2 ) "


  " R e c a l l =  TP  TP   +   FN ( 4 ) "


  " F 1   S c o r e = 2 ∗   R e c a l l   X   P r e c i s i o n  R e c a l l + P r e c i s i o n ∗ 100 ( 5 ) "

