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1.INTRODUCTION

Agriculture is the foundation of food security but plant diseases caused by fungi, bacteria and viruses still put crop
production at risk especially when they are not caught early [3] [6]. Checking for these diseases by hand is not reliable
takes a lot of work and is hard to do on a scale especially because there are not enough trained experts in rural areas

(11 (31 7] [8].

Deep learning has made it easier to detect plant Diseases automatically. Convolutional Neural Networks or CNNs can
learn features directly from pictures of leaves and are better than old methods that rely on manually created features
[1] [2]. Using -trained networks to learn from new data lowers the need for large amounts of data and powerful
computers [2] [8]. EfficientNet-B0 [10] uses a way of scaling to balance how deep, wide and detailed the model is. It
performs with fewer parameters than other larger CNNs. This makes it good for use in real-time situations where
resourcesre limited which is why it is used in this work.

While the prediction accuracy of a model matters, being able to know how it can achieve certain predictions is
problematic. Disease label information does not provide farmers information on how to locate the area affected by the
disease or its severity. Existing methods for explaining the model workings are aimed mainly at Al researchers rather
than actual users and many works deal with the model evaluation rather than working on real life systems that farmers
could actually use [4], [6].
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To overcome the mentioned drawbacks, the given paper builds the system for identifying plant diseases: an
EfficientNet-BO based classification will be complemented by an image-based method for lesion annotation. The
following objectives are to be accomplished: (i) create a classification model based on EfficientNet-BO, (ii) design a
rule-based lesion annotation method and thus enable the infection localization, (iii) combine the two components into
a system.

2. LITERATURE REVIEW
A.Deep Learning for Plant Disease Detection

Early disease identification used image processing methods. These methods included color-space transforms,
thresholding and handcrafted features. They were used with classifiers like SVM. All of these methods were sensitive
to lighting and background variation [3]. CNNs replaced these methods. They used end-to-end feature learning. This
approach consistently improved accuracy. It captured spatial patterns [1] [2] [5]. However deeper networks needed
computation. They often did not generalize beyond their training crops [1]. Public datasets such as PlantVillage [11]
were important, for this research direction.

B. Transfer Learning Approaches

Transfer learning using -trained models is now common to cut down on training time [2] [8]. Deep transfer learning
methods give results when using multiple crops but have a lot of parameters and need a lot of computing power [2].
Methods that combine models improve reliability but make the process more complicated, during testing, which stops
them from being used in real time [8].

C. Lightweight CNN Models

Lightweight architectures using depthwise separable convolutions and multi-scale feature aggregation achieve
accuracy competitive with much larger networks while remaining efficient [4]; similar results hold for models fusing
compact deep features with texture descriptors [5] and multi-scale residual designs [6]. EfficientNet-B0O [10] extends
this direction through compound scaling, offering a favorable accuracy-efficiency trade-off relative to conventional
and earlier lightweight CNNS.

D.Explainability and Disease Localization

Most disease classifiers remain black boxes, offering a predicted label without visual justification. Gradient- and
activation-based visualization techniques improve transparency by highlighting influential regions [4], [6], but these
remain internal to the model and are rarely translated into an independent, farmer-interpretable annotation of infected
tissue. This is an underexplored direction, one that the present work addresses through rule-based image analysis.

E. Cloud-based Agricultural Platforms

Few studies extend beyond model evaluation into deployable systems. Field-oriented datasets and mobile applications
have improved real-world applicability in select cases [9], but most works lack a user-facing interface, backend service
layer, or persistent storage [8], [9], limiting practical, multi-user adoption.

Comparative Analysis

TABLE I. Comparative Analysis of Existing Studies

Ref. | Model Acc. Strength Limitation
[1] | Patch CNN 94-97% | Cross-crop Pigmentation errors
[2] | TL CNN 96-98% | Multi-crop High cost
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[3] | CNN+SVM 96-97% | Severity Image sensitive
[4] | MS-CNN 97-99% | Real-time Limited crops

[5] | LW CNN 97-99% | Texture fusion | Limited validation
[6] | Res-CNN 94-98% | Generalization | Similar diseases
[8] | Ensemble CNN | 97-98% | Robust Heavy model

[9] | Seg.+CNN 34% Field support | Accuracy drop

As Table I shows, deep transfer learning and ensemble methods get the results but need a lot of computing power [2]
[8]. Architectures that are light and use scales on the other hand give a better balance, between how well they work
and how much resources they use [4] [5]. The ability to explain what the models do is still part of the model itself of
being a separate visual note and systems that can be fully used in the cloud are still not common [4] [6] [8] [9]. These
missing parts push the research direction that comes next.

3. RESEARCH GAP

The literature identifies a number of problems that can be linked to each other. In particular, training models with
laboratory datasets results in poor performance in real-world circumstances. Moreover, deep transfer learning methods
and ensemble techniques require high computational power, which affects the scalability and cloud usage. Most of the
systems are designed to work offline; do not support multiple users; offer limited explanation for farmers; and do not
provide secure features for the authentication or data management of the solution.

The proposed solution gives answers to those problems through the use of EfficientNet-B0, which allows performing
successfully with low computational costs. Moreover, an algorithm for identification of diseases through colors is
developed which certainly increases clarity of results for the farmers. The system also offers secure authentication,
history of predictions, and cloud access.

4. PROPOSED METHODOLOGY

The proposed platform integrates dataset preparation, an EfficientNet-BO classification model, a rule-based lesion
annotation module, and a full-stack web platform with secure access and persistent storage.

A. Overall Workflow
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Figurel.Experimental Workflow of the Proposed Multi-Crop Disease Detection System

Figure 1 shows the process starting from getting an image all the way, to predicting a disease marking lesions and
saving the prediction. Leaf images are. Sorted using EfficientNet-B0. This gives a Disease Label and a Confidence
Score. These results are sent to the lesion annotation part to find the infection and create an Image. The results are sent
through the Flask REST API to the React dashboard. Saved in MySQL.

B. Dataset Preparation

The system only uses the PlantVillage dataset. We make all the images the same size, which is 224 by 224 pixels. We
also make sure the images are normalized using the settings as ImageNet so we can use transfer learning. To make the
training data better we do things like rotate the images flip them and change how bright they are. We split the
PlantVillage dataset into three parts: 80 percent is for training 10 percent is for validation and 10 percent is, for testing
the PlantVillage dataset.

C. EfficientNet-B0 Classification Model

The classifier is based on EfficientNet-BO [10] and utilizes compound scaling for the purpose of optimizing its depth,
width and resolution so that a significantly less quantity of parameters is needed while still achieving a high accuracy
in comparison with CNN's. The model itself has been initialized with the weights from ImageNet and then proceeded
to the process of transfer learning. The last layer of the model is replaced with a dense one based on the number of
classes. The implementation is made in PyTorch using AdamW [13] optimizer and Cross-Entropy loss as a loss
function with 0.001 of learning rate, 32 of batch size and 20 epochs..

D. Color-Based Lesion Annotation

A custom rule-based lesion annotation algorithm has been created using Pillow (PIL) and NumPy. This algorithm
relies on color tracking to identify the infection. This is done through calculating the amount of green for each pixel.
Pixels with very little green are flagged as candidates. The algorithm is able to detect both very dark necrotic regions
as well as very bright chlorotic/fungal segments and combines this information into one binary mask. Subsequently,
the flagged pixels are analyzed based on their density and only those areas above a certain threshold are used in an
output bounding box which generates the Annotated Image as well as an associated Lesion Percentage figure. Both of
these outputs will come with the expected Disease Label attached.

E. Web Platform

The frontend part of the application is made using React.js with Vite and utilizes TypeScript for uploading images,
displaying results, and reviewing history. The backend is built as a Flask REST API and runs the EfficientNet-BO
inference stream and the module for annotating lesions, which generates combined results. Authentication is done via
Flask-JWT while Flask-SQLAIchemy is responsible for communicating with MySQL to save user accounts, images
data, disease labels, confidence scores, percentage of lesions and references to annotated images. The system was
designed to run in the cloud allowing users to access it from multiple devices without the need to install anything
locally.

5. SYSTEM ARCHITECTURE
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Figure 2. System Architecture of the Proposed Platform

In diagram 2 we can see how the general design looks: it consists of a client layer, a server application layer, a module
for inference and lesion annotation, and a database layer that can be accessed via cloud technology.

A.Frontend

The combination of React.js with Vite and TypeScript is capable of uploads of images, secure authentication of users,
and monitoring Disease Labels, Confidence Scores, and Annotated Images with the help of authenticated HTTP
requests to the backend.

B. Backend

The authentication of requests on the side of the back end is achieved by Flask-JWT authentication, with routing of
images done by the pipeline of inference and creation of predictions being made with the use of Flask-SQLAlchemy.

IJWOS | Volume 3 Issue 8, August 2026 | https://ijjwos.com 182



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

C. Inference Module

The EfficientNet-B0 model based on PyTorch [12] performs forwarding of the processed images for the creation of
disease labels and percentages with the help of a service that can be independently updated.

D. Lesion Annotation Module

This module includes performing evaluations of images on the pixel level, the grid-based behavior, and creating of
bounding-boxes (see Section IV-D) so that Annotated Image and Lesion Percentage could be produced

E. Database:

User accounts, image metadata, Disease Labels, Confidence Scores, Lesion Percentages, and Annotated Image
references are kept by MySQL, which is connected through Flask-SQLAlIchemy, while allowing many users to use it
at the same time.

F. Cloud Deployment:

The whole platform is launched in a cloud, which enables users to access it remotely and maintain it in one place, as
well as to carry out operations such as model updates and migration of databases.

G. Overall Data Flow:

An authenticated user uploads an image from the React front-end to the Flask REST API, which sends the uploaded
image to EffectiveNet-B0 for classification and annotation. Then, the obtained Disease Label, Confidence Score,
Lesion Percentage, and Annotated Image are saved in MySQL and sent back to the client’s computer. The system has
a modular design, allowing maintenance and scalability, and facilitating the inclusion of new crops or diagnostic
modules without system modifications.

6. EXPERIMENTAL SETUP

The description of the dataset, software and hardware environment, training configuration, evaluation metrics, and
overall workflow of the experiment as a part of the execution and assessment of the proposed system is given below.

A.Dataset

In the proposed system, the PlantVillage dataset is used, which is a publicly available dataset containing labeled leaf
images of different crop species and diseases. All images in PlantVillage dataset were resized to 224x224 pixels in
order to meet the requirements of EfficientNet-B0. Data augmentation techniques such as random rotation, flipping,
and brightness adjustment were applied on the training set to enhance generalization. The dataset was divided into
training, validation, and testing data sets using 80/10/10 ratio.

D. Training Configuration

The EfficientNet-B0O method was developed using transfer learning, with the backbone taken from a model trained on
ImageNet and a new classification layer connected at the end to carry out this work. The techniques were executed
using an optimizer called AdamW and a cross-entropy loss function with a learning rate of 0.001, a batch size of 32,
and 20 epochs. The learning rate was adjusted by a learning rate schedule called ReduceLROnPlateau whenever
performance stagnated because validation results did not change.

E. Performance Metrics

Estimating how well the model behaves was accomplished by using accuracy, precision, recall, and F1-measures
determined based on the conventional definitions for multi-class classification. A confusion matrix has been used to
display how correctly or incorrectly the model has classified a particular case in all classes.
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F. Experimental Workflow
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Figure 3. Experimental Workflow of the Proposed System

As shown in Figure 3, the procedures utilized in the experimental process include the preliminary step of using the
PlantVillage dataset for preprocessing the information before using the data to train the model. Then the EfficientNet-
B0 model in question is trained and validated, in order to be able to track the performance in terms of generalization
and test the system on another set of data for the objective of obtaining accurate performance indication. Then for all
the images used for testing the annotation tool processes the given image and computes the expected percentage, after
which the information is recorded in the database and shown to the user via the React website.

VII. RESULTS AND DISCUSSION

The section explains the experimental findings of the proposed CropCare Al technology and talks about the results of
EfficientNet-BO classification model, rule-based lesion annotation system, and the entire cloud-implemented platform.

A.Classification Performance
95.00% -
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94.00%

H Value
93.50% -
= I I
92.50% -+ T T

Accuracy Precision Recall F1-Score

Figure 4. Overall Performance Metrics

The new EfficientNet-B0O model attained an overall classification accuracy of 93.44% on the PlantVillage dataset's
test subset, which includes weighted precision of 94.70%, weighted recall of 93.40%, and weighted F1l-score of
93.80%, as presented in Table 1 and illustrated in Figure 4. The comparable value of the precision and the recall shows
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that the model does a fair prediction of the disease occurrence, thereby ruling out the possibility of any over-prediction
or under-prediction of diseases. The results indicate transfer learning with EfficientNet-B0 is effective for multi-crop
disease classification since it does not compromise on the efficiency of the compound-scaled architecture.

B.Class-wise Performance Analysis

Figure 5. Class-wise F1-Score

In this figure, the F1-score distribution of different classes is shown with respect to the various diseases. The F1-score
of many classes is very high which indicates that the disease has a good discriminative capability when there are
pronounced lesions or changes in color. A small number of classes have a lower F1-score value which implies that the
disease is visually confused with other diseases of the same crop, like early-stage fungal infection which could be
mistaken for bacterial spots. The above results also indicate that the errors are only concentrated on certain pairs of
diseases and this finding is consistent with the literature.

cision vs Recall Comparison by Disease Class

C.Precision vs Recall Analysis

Figure 6. Precision vs Recall Comparison by Disease Class

In Figure 6, the relationship between precision and recall by individual classes is shown. The precision and recall
figures remain fairly close for many of the classes indicating a decent amount of accuracy in identifying positive
disease cases and a low occurrence of false positive cases. The closeness of precision and recall suggests that the
model is able to generalize well. A high precision but low recall indicates that the model may either be overfitted on
the dominant classes or be too careful for minor classes. Only a few classes show noticeable divergence that occurs
because the recall is higher than precision, something that is likely experienced in diseases with highly similar
symptoms to other diseases.

D.Confusion Matrix Analysis

Confusion Matrix
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Figure 7. Confusion Matrix

Figure 7 shows the presence of a strong diagonal in the confusion matrix, implying that the model makes accurate
predictions due to its high ability to differentiate among the various crop-disease pairs. The few predictions that were
misclassified occurred between diseases that affected similar crops and showed similar symptoms as discussed earlier
in the classification section. Because these errors are minimal and arise from identifiable visual vagueness rather than
random misclassification, no major deficiencies in the product have been detected.

E.Prediction Dashboard

Maize: Common Rust

Figure 8. CropCare Al Prediction Dashboard

Figure 8 illustrates the prediction dashboard developed using React.js, which provides complete diagnostic
information in one platform, such as disease prediction, confidence score, associated symptoms, guidance for
treatment, and annotated image of lesion. By obtaining the outcomes of the diagnostic, right now, users can view the
final classification result along with specific recommendation, which is particularly useful for non-expert population
(e.g., farmers who need specific advice, not just the result).

F.Lesion Annotation Results

SCAN 22085-AX

Figure 9:Annotaed Image

The lesion annotation algorithm based on rules has been created using Pillow and NumPy so that it can accurately find
and display infected areas irrespective of the type of classification model. The combined use of green dominance
analysis, the detection of dark/bright regions, and the act of creating grid-based bounding boxes makes it possible to
obtain images with infected arecas marked in red boxes and giving the percentage of lesions, as shown in Figure 9.
Because of this, a user gets a complete explanation of the image he/she is interested in and can establish the correlation
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between the infection extent and the class label predicted by the model. Besides, this approach is beneficial for the
user since it does not require an understanding of the classification network logic behind predictions and yields
comprehensible results.

G. Cloud Deployment

The entire platform, consisting of Flask REST API backend, React.js frontend, and MySQL database, has been
launched in a cloud-based environment that allows remote multi-user access and does not require local resources.
Personal accounts and prediction history are protected with JWT authentication, while Flask-SQLAIchemy-MYSQL
integration allows safe and well-structured management of user data and predictions. The given solution supports
multiple users at the same time while ensuring equal fast response times and minimizes the burden of model
maintenance and updating for end-users. Overall, this deployment model deals with main obstacles of experimental
und deployed systems for detecting diseases.

H. Comparison with Previous Studies

The suggested system utilizes EfficientNet-B0 to provide excellent balance between accuracy and efficiency along
with complete end-to-end solution with secure

authentication and cloud storage. In contrast to previous studies that focus mainly on offline classification and model
evaluation tasks, this system has been designed to allow real-time data prediction and implementation. Moreover, the
proposed rule-based annotation module offers simple, image-level explanations which do not depend on the internal
functioning of the model.

I. Limitations

Although these contributions are acknowledged, the current system has its share of drawbacks. The classification
model has been trained and tested on PlantVillage dataset alone, which included the pictures of plants taken in a
laboratory setting with uniform background and fixed lighting. Thus, model performance may be substantially
different when applied to leaf images taken under real-life circumstances in the open air where clutter, different
lighting conditions, and overlapping leaves are observed.

J. Future Work

The future development directions are listed as follows: the development of an app to enable farmers perform in-field
diagnosis; validation and enhancement of the method with real photos taken at farmlands to strengthen the approach;
introduction of new crops and the disease categories; improvement of the algorithm for lesions annotation for better
segmentation; or integration of the system with the Internet of Things (IoT) sensor array to enable continuous crop
health monitoring using images as well as IoT data.

8. CONCLUSION

The paper describes the CropCare Al software, an online system for identifying diseases in multiple crops and marking
lesions. The implications of CropCare Al are twofold: it presents a model for classification and diagnosis based on
transfer learning, as well as a lesion identification algorithm for marking infected areas on plant leaves, independent
from the classification procedure. The proposed system thus makes it possible to overcome the issues related to the
lack of interpretability typical of most existing models. Additionally, it demonstrates how the integration of the
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solution into a complete and secure platform based on React.js, Flask REST API, and MySQL facilitates the
availability of such models as fully functioning software tools.

The experimental results validate this contribution indeed, as the proposed model achieves an accuracy level of 93.44%
in terms of overall accuracy, 94.70% in terms of weighted precision, 93.40% in terms of weighted recall, and 93.80%
in terms of weighted F1 score. The analysis at the class level shows an efficient operation for the majority of diseases,
with a relatively small number of errors in the classification being due to close similarities among pairs of diseases,
rather than randomly distributed, while the presence of the clear diagonal at the confusion matrix proving this strong
classification performance. The lesion identification module based on rules increased its diagnostic power, since it
provides an illustrative and easy-to-understand explanation for users at the image level.

The practical importance of this work pertains to its conversion from a standalone classification model to a full-fledged
accessible diagnostic device usable for agricultural purposes, closing the gap between deep learning experiments and
practical solutions intended for farmers. However, this significance has its drawbacks due to the scope of evaluation:
since the only source of information for the system was the PlantVillage dataset, real-world operational effectiveness
still needs to be established. Further work will include extending the detection process to natural images, other types
of crops, using mobile devices, improving lesion algorithms, and introducing IoT-based monitoring techniques.
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