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Abstract

The rice crop is one of the major food crops in India and around the world, which globally necessitates food security. However,
the productivity of rice is usually decreased due to various rice leaf diseases. Nowadays, the identification of such diseases has
become increasingly feasible through an automated process, which has been made possible due to various improvements and
advancements in deep learning technologies. Traditional deep learning methods are heavily reliant on centralized data collection,
thus causing significant issues regarding data privacy and ownership for the agricultural stakeholders. Centralized deep learning
models require a large memory space and high computation cost for datasets to be stored at a centralized location. Federated
learning solves these problems by allowing collaborative model training in a decentralized way, thus no data needs to be shared
with a centralized location. This research proposes FedLeaf, a collaborative federated deep learning model for the accurate
identification of rice leaf diseases. The FedLeaf design adopts a distributed learning method in which the global model is forwarded
to client nodes, and then clients apply local training using their respective datasets. In the proposed research, FedLeaf utilises two
deep learning architectures, MobileNetV2 and EfficientNet, in a federated environment, which are named as federated learning
based MobileNetV2 and federated learning based EfficientNet. The hyperparameter tuning has been performed to get the best
results, at a batch size of 32, learning rate of 0.001, Adam optimizer, seven communication rounds and five epochs per
communication round. The performance evaluation of the proposed FedLeaf, has been performed based on its round-wise global
and local performance parameters, including accuracy, precision, recall, F1-Score and AUC. In the proposed FedLeaf model,
federated learning based EfficientNet has emerged as the optimal model for rice leaf disease detection, exhibiting 96.19% highest
accuracy for IID distribution and 95.87% for non-IID data distribution. The results exhibit that the proposed model shows better
performance and offers a collaborative and efficient model for automated identification of rice leaf disease.
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1. Introduction

Advancements in deep learning have significantly influenced the paradigm shift in data analytics across
various industries and domains such as precision agriculture, healthcare, and autonomous systems (Fetzer
et al., 1990; Henry and Winston, 2004; Ongsulee, 2017). Rice serves as a dietary staple for more than half
of the global population. During rice cultivation, a wide range of pathogens, including bacteria, fungi, and
viruses, frequently invade rice plants and thus, make the yield and quality of the grain drop by a large
percentage. Various rice leaf diseases, namely bacterial leaf blight, brown spot, and leaf directly impact its
productivity worldwide (Jakhar and Kaur, 2020; Erickson et al., 2021). Further, the productivity and quality
of rice crops are closely linked to food security and the national economies of Asian countries
(Gnanamanickam, 2009; Laha et al., 2017; Fukagawa and Ziska, 2019).
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In modern agriculture, timely and accurate detection of leaf diseases remains one of the critical challenges.
Traditional manual inspection of leaf disease is quite time-consuming and susceptible to human error. In
recent years, deep learning models have shown good accuracy for automatic rice leaf disease detection.
However, these models generally depend on large, centralized datasets, which can be difficult to obtain due
to data privacy and ownership concerns (Pothen and Pai, 2020; Aggarwal et al., 2024).

On the contrary, federated learning architectures in comparison to deep learning are one of the new
techniques that have the potential of further improvements to these methods by facilitating collaborative
model training over distributed data sources and also providing data privacy (Aggarwal et al., 2024). This
privacy-preserving method provides scalable and efficient solutions for disease detection in agriculture.
Therefore, FL based rice leaf disease detection and classification models have become a powerful tool to
handle the heterogeneous datasets of rice leaf disease images using collaborative learning (Aggarwal et al.,
2023).

In precision agriculture, for automatic rice leaf disease detection the collaborative federated learning is
more suitable since it resembles the distributed computing architecture rather than centralized computing.
In modern agriculture, data is distributed across multiple farms, locations and sensors which makes
centralized learning quite challenging for data sharing due to bandwidth, computation cost and ownership
concerns. Whereas a collaborative federated learning based approach enables multiple stakeholders to
jointly train robust disease detection models without sharing raw data, thereby supporting better,
generalized, privacy-preserving, and real-time decision-making in precision agriculture environments.

In federated learning, the data is distributed across different locations and is often non-Independent and
Identically Distributed (Non-IID) in nature. In federated learning (FL) models, it is absolutely necessary
to understand different data distribution types. If the data is IID, then all clients will have datasets that are
similarly distributed and have the same proportion of disease classes, which makes model training and
aggregation less complex. On the other hand, non-IID data causes significant differences between clients
in aspects like the number of classes and local contexts. These differences, called statistical heterogeneity
can disrupt the process of model convergence and decrease the overall performance (Lu et al., 2024).

Creating models for rice leaf disease detection using federated learning (FL) is complicated by the data
variability and class imbalance in non-IID scenarios. In order to overcome these problems and to build
efficient models, different aggregation strategies, adaptive weighting mechanisms have been proposed. In
the existing studies, authors have shown that with the higher degree of data heterogeneity among the
clients, if the federated methods used are properly designed, FL could still attain a high level of
classification accuracy (Hsieh et al., 2020). Moreover, during local training, the use of data augmentation
and balanced sampling methods helps to neutralize the problem of class imbalance so that the minority
disease categories get enough attention in the learning process.

Following are the contributions of this work:

o This research proposes FedLeaf, a collaborative federated learning based model for rice leaf disease
detection using two deep learning architectures MobileNetV2, and EfficientNet named as Federated
MobileNetV2, Federated EfficientNet.

e In the proposed work, Independent and identically distributed (IID) and non-independent and identically
distributed (non-IID) distributions have been considered, and data augmentation has been applied. The
dataset used in this work has been taken from the open source repository Kaggle (Saputra, n.d.), wherein
2099 images are taken from this dataset, which are further augmented by applying different augmentation
functions and increased to 6297 images.
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o The FedLeaf architecture follows a distributed learning approach, where a global model is shared with
client nodes for local training on their respective datasets. The federated framework is implemented and
tested using base architectures: MobileNetV2 and EfficientNet. Key hyperparameters were adjusted for
optimal performance, including a batch size of 32, a learning rate of 0.001, the Adam optimizer, and
seven communication rounds and 5 epochs per communication round.

o The federated learning-based EfficientNet model shows better performance by achieving the highest
global accuracy, which proves to be an efficient model in a collaborative environment. In all the
communication rounds, federated learning based EfficientNet was able to maintain very good global
accuracy values, and finally, it exhibits 96.19% highest accuracy for IID distribution and 95.87% for non-
IID data distribution.

o The research provides a federated learning based collaborative learning model for automatic rice leaf
disease detection, in distributed scenario for early disease detection and multiclass classification
contributing to the field of precision agriculture.

The work introduces FedLeaf, a federated learning based framework for rice leaf disease detection. It
allows clients to train the model collaboratively at the local locations without sharing the raw data with a
centralized server. FedLeaf employs a decentralized architecture that collectively builds a global model
while preserving data confidentiality. The proposed framework is efficient and lightweight which is
suitable for deployment on resource-constrained edge devices. Further, client training has been performed
using MobileNetV2 and EfficientNet in the federated environment. Experiments were conducted on two
clients involving multiple communication rounds to assess the model’s performance. The results indicate
that the federated learning approach is capable of achieving high classification accuracy for rice leaf
disease in a distributed environment without sharing the data to the centralized server. Federated learning-
based EfficientNet model consistently delivers better performance, achieving the highest global accuracy
0f 96.19% at round 7 for IID data and 95.87% for non-IID data, which proves to be an efficient model in
a collaborative environment. In comparison, federated learning based MobileNetV2 shows an accuracy of
0.7672 under the same scenario. EfficientNet proves to be an effective model within the federated
framework in the two-client configuration. The paper is organized in five sections wherein the first section
covers introduction part of the paper and second section covers the literature review and existing
methodologies for rice leaf disease detection model. Material and proposed research methodology is
covered in the third section of this paper, and fourth section describes the results and discussion of the
proposed FedLeaf federated learning based model. Finally, the conclusion of this proposed FedLeaf
framework is presented in the fifth section.

2. Literature Review on Federated Learning Frameworks and Methodologies for Rice Leaf
Disease Detection

Federated learning (FL) framework typically involves a client-server architecture. Initially server shares
the global model with clients. In such a configuration, several client devices, like mobile or edge systems,
hold local rice leaf image datasets and independently carry out initial model training using their data.
Periodically, these clients send the learned model parameters or updates to a central server. The server
then combines the received parameters through the usage of federated averaging (FedAvg) or other similar
aggregation methods in order to create an improved global model. This updated model is thus returned to
the clients for the subsequent training round, enabling collective model refinement without exchanging
raw data (Aggarwal et al., 2024).

The federated architecture preserves the privacy and data integrity of edge devices which have limited

processing and communication capabilities. Privacy-centric approaches like secure aggregation are also
utilized to hinder data leakage or model inversion attacks during the parameter transmission. In the past,

1832 | Vol. 11, No. 4, 2026



Kaur & Guleria: FedLeaf: A Collaborative Federated Learning based Model for Rice Leaf ...

authors have tested federated learning frameworks and have achieved considerable performance showing
good trade-offs between accuracy, computational efficiency, and privacy preservation (Aggarwal et al.,
2023).

In Federated Transfer Learning (FTL), the feature space and sample space differ significantly, with
minimum and nothing in common, and it is achieved by utilising the transfer learning paradigm by applying
various CNN-based pretrained models in a distributed federated scenario. Authors (Fahim-Ul-Islam et al.,
2024) proposed a federated learning model to classify plant diseases using transfer learning model along
with attention mechanism and vision transformer in a distributed scenario. Besides, FL models can
generalize better across different clients, these are more flexible towards data heterogeneity without
requiring centralized data sharing, maintaining privacy principles, which make them feasible for real-world
plant leaf disease monitoring systems implementation (Shao et al., 2024).

In the existing works, Spotted Hyena Archimedes Optimizer (SHAO) features various mechanisms for
adaptive learning rate adjustment which are very suitable for situations with noisy gradients in federated
setups. The use of these optimizers leads to the improvement of different metrics which, include precision,
recall, and F-measure and also contributes to the faster convergence process along with the reduction of the
loss values (Elaraby et al., 2022). The authors, concluded that the usage of advanced optimization
algorithms, together with efficient neural architectures with federated framework, can achieve good
performance.

Centralized learning can face scalability challenges, as the central server needs high computational power
and storage capacity to handle large datasets and it do not comply with privacy regulations like GDPR due
to the centralized data storage. However, several devices or clients work together to cooperatively train a
common model using federated learning, a decentralized method that keeps client data local (Mohammed,
2025; Soni et al., 2025). Clients execute local model using their respective datasets and exchange only
model updates with a centralized server, which merges these updates to enhance the global model, as
opposed to providing raw data to a central server. This method enhances data privacy and security, as
sensitive data is not transferred to other locations, which helps to overcome the danger of data breaches,
and it complies with privacy regulations. Federated learning distributes the computational load across many
clients, enabling the system to handle diverse datasets without overwhelming a central server.

Figure 1 shows a difference between centralized and federated learning approach. Federated learning can be
categorized into three main types based on the distribution and organization of data among clients.
Horizontal federated learning (HFL) is known as a sample-based federated learning, it is relevant when
datasets across various clients share the same feature space but differ in samples. The second one is vertical
federated learning (VFL) is known as feature-based Federated Learning. Vertical federated learning is
applicable when datasets across different clients share the same samples but differ in feature space. This
means that each client has information about the same data points but with different features. For example,
a bank and an insurance company have data about the same set of customers. The bank has financial data,
while the insurance company has health-related data about these customers. Federated transfer learning
(FTL) federated transfer learning is suitable when both the feature spaces and samples are different across
clients, but there is a small overlap in the sample space that can be used for model transfer. This type
leverages transfer learning techniques to handle different feature spaces. For example, a mobile application
and a wearable device have completely different data, but there is a small subset of users who use both the
mobile application and the wearable device. This subset can be used to transfer knowledge between the two
datasets.
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Figure 1. Difference between centralized learning and federated learning.

Figure 2 shows a decentralized federated learning model for disease prediction. It shows in first step the
server shares the initial global model with the clients and clients updating the global model using private
data and generating new updates. The third step is to send the updates to the server and thereafter server
performs averaging on the updates and generates the new global model. This iterative process allows for
collaborative model training while ensuring that sensitive data is never shared by clients, thereby preserving
privacy. This proposed work introduces FedLeaf, a federated learning model designed specifically for the
early and automatic detection of rice leaf diseases. In this work, two different DL architectures evaluated
which are known as MobileNet and EfficientNet as base models within the federated framework to identify
the effective approach.
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Figure 2. Architecture of federated learning.

Figure 3 shows the standard steps that are typically present in the federated learning process. First step is
initializing the global model. Then next step after the client's selection is the distribution of the model in
which the server shares the current global model with the chosen clients. Then, each of these clients carries
out local training which is a training of the local model with their own local dataset. Every client, therefore,
generates its local model update that indicates the changed model parameters relative to the global model
they received. These updates, which are generally the changed weights, are then sent back to the server
during the update transmission phase. The server performs aggregation where it aggregates the updates
received from all the clients that participated. This can be achieved by different methods such as simple
averaging, weighted averaging, or the Federated Averaging (FedAvg) approach. The combined result is
then utilized to update the global model; hence, it keeps a record of the learning from all the clients. Steps
2 to 8 are repeated in a loop until the global model converges or the predetermined number of rounds is
reached. In the last phase, the refined model undergoes evaluation through a separate test dataset. The
performance and the ability to generalize the model are the major aspects to be measured in federated
learning.
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Figure 3. Steps of federated learning process.
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There are different techniques like machine learning, deep learning and transfer learning to generate
automated system for the rice leaf disease classification and several researches has been done on it. But it
has been observed that several researchers used very small dataset for building these models due to the less
availability of the datasets. Centralized models face challenges such as high storage space requirements,
communication costs and issues with unbalanced and insufficient data. Federated learning offers a solution
to these problems. Additionally, the lack of open-access datasets is a significant issue due to data privacy
concerns. Therefore, federated learning provides a solution to this problem. Data is not transferred from the
actual location as distributed model will be established or trained at the data-points and only updates will
be forwarded to the centralized server. Hence, collaborative federated learning is one of the best techniques
for the rice leaf disease classification (Chitta et al., 2024; Fu et al., 2024). Al techniques, particularly
machine learning, offer solutions for disease detection; however, the distributed nature of computing
resources necessitates strategies like FL for training models.

A detailed literature review of various federated learning based plant leaf disease detection models is
presented in the Table 1 below, which summarizes key aspects of the existing studies.

Table 1. Detailed literature review on federated deep learning based for plant leaf disease detection models.

Reference | Used technology Number of Number of Dataset size Focused area Summary
rounds diseases
Lightweight In this framework FL
Aggarwal | EfficientNetB3, 4 (Rice federated deep | outperformed conventional pre-
et al. | Dense Neural 10 Leaf 5932 images learning for rice leaf | trained models. Achieved 99%
(2023) Network Diseases) disease accuracy for IID data, and 95%
classification accuracy for non-1ID data.
Federated transfer
CNN, 8 transfer . learning for rice- | The federated learning
Aggarwal ) ; 1 4 (Rice leaf . f X hi
of al earning  models _ Leaf 5932 images ea disease | framewor] and  achieved
(2024) " | (MobileNet V2, Discases) classification across | accuracy of 99.1% on IID data
EfficientNetB3) multiclient  cross- | and 99.8% on Non-IID data.
silo datasets
Evaluation of | Federated Learning can
Antico et Maize Leaf . Federated Learning | potentially  enhance  data
al. (2024) 3 CNN'models >0 Diseases 3852 images for maize leaf | privacy in  heterogeneous
disease prediction domains.
Improved Faster 8 (Apple 15,522 Multiple ~ discases The Faster R-CNN ‘w1th
Dengetal. | R-CNN with . images . federated learning achieved
100 Diseases and pests detection o
(2022) ResNet-101, soft- and Pests) (expanded in orchards accuracy and a 59%
NMS from 445) improvement in training speed.
An improved The proposed Federated Deep
Hierarchical foderated P dee Learning with a lightweight H-
Hari et al. | Convolutional 4 Plant Leaf 46672 learnine for lanlz CNN addresses the limitations
(2024) Neural  Network Diseases & P of Centralized Learning (CL)
leaf disease .
(H-CNN) . . . for plant leaf  disease
identification . . .
identification.
Decentralized models achieve
Federated 3 Crop classification | faster convergence and higher
Idoje et al. | Averaging  with 100 epochs (Chickpea, Smart farm | in a smart farm | accuracy than centralized
(2023) SGD and Adam P Rice, dataset decentralized network models. The Adam
optimizers Maize) network optimizer performed better than
SGD.
Model performance is
CNNs (ResNet50, ‘ PlantVillage Image-based  crop mﬂuenced by the _number of
VGG-16, etc.), Multiple . . clients, communication rounds,
Kabala et .. 10, 30, 50, dataset (over | disease  detection . .
Vision (from 4 . local iterations, and data
al. (2023) 100 50,000 with federated .
Transformers plant types) images) learnin quality. ResNet50 performed
(ViT) g J better in federated learning
scenario.
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Table 1 continued...

i:ﬁ?ited for The models demonstrated
Fast R-CNN, a effectiveness in disease detection
Behera et Wheat collaborative . . o
al. (2025) Mask R-CNN, - Discases - crop discase and classification, contributing to
’ RetinaNet . . global  food  security and
monitoring n . .
. sustainable agriculture.
wheat production
1000
(FedAva), 50 Performance
Nilsson et | FedAvg, FSVRG, (FSVRG), 10 . MNIST evaluation of F‘edAvg aggregation achieved the
(Handwritte federated highest accuracy among the
al. (2018) | CO-OP Every 10th . dataset . .
n Digits) learning federated algorithms.
update (CO- algorithms
OP)
Improved  Faster 15,522 Detection of The improved Fasfer R_CNN. with
. 8 (Orchard | . . federated  learning  achieved
Tongetal. | R-CNN with images multiple  pests o
100 Pests  and . . 89.34% performance and the
(2022) ResNet-101  and . (expanded and diseases in .
Diseases) model training speed was
soft-NMS from 445) orchard - o
increased by 59%.
MNIST, ﬁigni(fiiit:r_lfll;airrlggrovitrtiteei/curzi;
Zhaoetal. | CNN with data- 10 (Image CIFAR-10, Fedefated . of federated learning on non-IID
. 500 Speech learning with .
(2018) sharing strategy Classes) commands non-TID data data. Accuracy can be increased by
datascts 30% on CIFAR-10 with only 5%
globally shared data.
The authors presented federated
learning framework with
Tripathy Optimization . 120 rice leaf | Federated SHAO_LeNet. T.'Accuracy value
3 (Rice leaf B . . has not been mentioned. This work

et al. | (Spotted  Hyena -- disease learning with 11D .

(2024) +Archimedes) classes) images data shows precision- 0.913, fecal_l-
0.922 and F measure- 0.917 in this
experiment, however the dataset is
considerably small.

Leema The authors worked on federated

and - 3 (Rice leaf | 120 rice leaf | Federated learning based rice leaf disease

. Vision . . R . . . ..
Balakrish T 100 disease disease learning with | detection model using vision
ransformer . .

nan classes) images non-IID data transformers and achieved

(2023) accuracy of 99%.

Authors worked on federated
learning with FedAvg, enhanced

Chorney _ 8_(7 rice leaf Federated by (q-F edAvg), pre-training

Federated learning disease . . strategies  (LF-FedAvg,  PT-
et al. . 650 10553 Learning  with . .
(2025) with ADSNN class and 1 non-IID data FedAvg). This work achle\{ed
healthy) accuracy of 83.14% using adaptive
deep spiking neural network with
bayesian optimization.

This section presents related works on various existing FL based models for disease detection in
agricultural. Table 1 provides a detailed summary of these models, highlighting their architecture,
performance, and research gaps or future scope. It has been observed through the literature review that
existing studies have explored various FL approaches for plant leaf disease detection in agriculture whereas
less works have been done in federated learning architectures for rice leaf disease detection. Further, in
federated learning, several limitations persist in terms of handling of non-IID data, comprehensive
evaluation, limited dataset size, limited work on rice leaf diseases using federated learning etc (Zhao et al.,
2018; Idoje et al., 2023; Kabala et al., 2023; Antico et al., 2024; Behera et al., 2025). In the existing works,
utilization of small datasets and a limited number of disease classes, may restrict model generalizability
(Tripathy et al., 2024). Furthermore, a significant portion of the existing research focuses on general
datasets, including maize, orchard crops, and benchmark datasets, rather than specifically addressing rice
leaf disease detection (Zhao et al., 2018; Deng et al., 2022; Idoje et al., 2023; Kabala et al., 2023; Antico et
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al., 2024). In the existing work, authors (Tripathy et al., 2024) presented a federated learning based model
that integrates hybrid meta-heuristic optimizer for rice leaf disease detection. Two optimizer spotted hyena
and Archimedes optimizer are combined with LeNet which is a CNN architecture. In this study, the authors
used a dataset of 120 images, which consists of three classes of rice leaf diseases known as brown spot,
bacterial blight and leaf smut. In this work, the authors work on IID data and achieved a recall of 0.922,
however the dataset considered in this research was very small. In Leema and Balakrishnan (2024), authors
presented a federated learning based framework using vision transformers CoAtNet and SwinTransformer
for the rice leaf disease classification. In this work authors used dataset which consists three rice leaf disease
classes named as bacterial blight, leaf smut and brown spot. The authors achieved an accuracy of 99%
however, the dataset size was limited to 120 images and only three disease classes were considered. Authors
(Chorney et al., 2025) proposed a multi-site rice leaf disease detection model in which heterogeneous non-
IID data distribution and 8 classes (7 rice leaf disease classes and 1 healthy) were considered. Federated
learning model was implemented using MobileNetV2 and ADSNN-BO (Adaptive Deep Spiking Neural
Network with Bayesian Optimization) however the achieved accuracy of the model was limited to 83.14%
The proposed work provides a federated learning based collaborative model for automatic rice leaf disease
detection, wherein 6 classes (five disease classes and a healthy rice leaf class) have been considered on a
large dataset with IID and non-IID data distribution for early disease detection and multiclass classification
contributing to the field of precision agriculture.

3. Materials and Methodology for FedLeaf: A Collaborative Federated Learning based
Model for Rice Leaf Disease Detection

This section describes materials and methodology used in the proposed FedLeaf, a federated learning based
model for rice leaf disease detection.

3.1 Dataset Description

The dataset used in this work is collected from the open source repository Kaggle (Saputra, n.d.), wherein
2099 images are taken from this dataset, which are further augmented by applying different augmentation
functions and increased to 6297 images. The dataset has five disease classes (narrow brown spot, leaf scald,
leaf blast, brown spot, and bacterial leaf blight and one healthy leaf class (Saputra, n.d.). All images of the
dataset are resized to 224x224 from 300x300, since EfficientNet and MobileNetV2 require an image size
of 224x224. This helps to reduce the computation cost of the model and maintains the sufficient feature
details for classification. To increase dataset diversity and improve model generalization, extensive data
augmentation was applied using rotation (image rotated randomly between -20° to +20°), zoom (zoom in
or out upto £25%), shift (image shift left/right up to 15% of width), and horizontal-flip (randomly flips the
image left <> right) transformations. These transformations are randomly combined, so that every generated
image is unique. For every original image, two new augmented images were generated using random
transformation with the above-mentioned functions for the 3x expansion of the dataset, resulting in a total
of 6297 images after augmentation. Each rice leaf disease class has been expanded from approximately 350
original images to around 1020-1050 images, providing a more balanced and enriched dataset. Further, the
augmented dataset is divided into a training and testing set of 80/20, which consists of 5037 training images
and 1260 testing images. This augmented dataset was later divided into IID (Independent and Identically
Distributed) splits for two clients, ensuring uniform class distribution of the images to form the federated
learning-based model. Each client consists of 2518-2519 images with an identical per-class count of around
420 samples per class. In case of non-I1ID data distribution client 1 has 3393 images and client 2 has 1644
images which are further divided into six classes for each client. Figures 4 to 9 presents a sample images
of rice leaf diseases known as leaf smut, brown spot, leaf blast, bacterial blight and healthy leaf.
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Figure 4.
Figure 5. Sample image of leaf blast.

Figure 7. Sample image of brown spot.

N

S

Figure 8. Sample image of leaf scald.
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Figure 9. Sample image of healthy leaf.

3.2 Proposed Methodology for FedLeaf Model for Rice Leaf Disease Detection
This section presents the description of the proposed methodology for FedLeaf, a federated learning based
model for rice leaf disease detection. This work integrating a deep learning architecture with federated
learning to create a system that can detect rice leaf diseases automatically from the images.

Figure 10 shows the general framework of how rice leaf disease classification can be carried out using
federated learning. The entire federated learning (FL) process for rice leaf disease classification begins with
collecting leaf images for disease classification. During data pre-processing various operations are applied
for compatibility with the model. Pre-processing is very important as it updates the raw images into an
understandable format that can be fed into the model by adjusting images to have the same size.
Implementing preprocessing strategies can improve classification accuracy as well as model performance.
Whereas, employing deep learning or convolutional neural networks on non-pre-processed images can
result in poor classification performance. Thereafter, a pre-processed portion of the dataset is given to each
client, and the data of each client is handled separately. This leads to a federated learning framework in
which each client uses its model locally with its own data subset. In the collaborative decentralized
approach, the models are trained locally and then aggregated on the central server. Federated learning (FL)
provides a way of addressing the problem of data distribution and decentralized computing by establishing
a firm foundation for the efficient training of model.

Once the local training is done, each client sends the changes made in its local model to a central server for
global aggregation. The server adopts the federated averaging algorithm to combine these changes into a
single global model, thus enabling the entire system to learn from the heterogeneous data distributed across
all the clients and thereafter update the global model that is shared with the clients so that local training can
proceed for another round. This establishes a continuous iterative process of local training, model update
exchange and global aggregation. The model is, therefore, subjected to several such rounds and at last, it is
tested on a different dataset to measure its accuracy as well as generalization ability. This iterative federated
learning approach enhances model robustness and ensures effective performance across varying data
distributions. The model makes use of the loss function, like categorical cross-entropy, to direct the training
as well as the evaluation metrics such as accuracy and F1-score to measure the performance. In the end all
these updates are aggregated by the central server to improve and refine the global model. This method
enhances data privacy as data remains on local devices and is not exposed to potential breaches during
transmission.
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Figure 10. General methodology of federated learning based rice leaf disease detection model.

The steps mentioned below show a numerical presentation of the federated learning framework.

k: Total number of clients.

¢ n;: Number of data points on £ clients.

o n: Total number of data points across all clients (n=ZkK:1 ny) (D)
wy: model parameter trained locally on client £.

w;: global model parameters at round ¢.

The global model parameters will be updated as: w,; ;=YX | %wk (2)

where, % is the weight proportional to the client’s dataset size.

Figure 11 depicts the entire workflow of the FedLeaf a federated learning based rice leaf disease detection
model, which is designed to be executed with two deep learning architectures MobileNetV2 and
EfficientNet in federated environment considering two local clients in each scenario. The process flow is
initiated by a central server distributing a preliminary global model to both clients. A client-side training of
the model is performed by each client with its private dataset, and new weights (W1 and W2) are generated.
Locally, the updates are forwarded to the server, where a federated averaging operation is performed on the
weights returned from the clients to obtain the aggregated global model. The FedAvg aggregation scheme
has been applied at the server side. The updated model is then shared with the clients once again, and the
procedure is carried out through several communication rounds. Furthermore, the figure indicates that
client-side data storage is independent of each other, implying that raw data is not shared with the server or
between the local locations. In essence, the workflow is a depiction of how federated learning is used to
train models collaboratively over distributed data sources while at the same time, data privacy is maintained.
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Figure 11. Proposed FedLeaf: a collaborative model for rice leaf disease detection (a) Federated learning based
MobileNetV2 (b) Federated learning based EfficientNet.

3.3 FedLeaf: Federated Learning Model Training and Evaluation
This section presents the results of the proposed FedLeaf model for predicting rice leaf diseases. The key
experimental parameters and their corresponding values used for implementing federated learning FedLeaf
model for rice leaf disease detection are summarized in Table 2. These parameters define the dataset
configuration, model training settings, optimization strategy, evaluation metrics, and overall experimental
setup, of the proposed FedLeaf model using MobileNetV2 and EfficientNet.
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Table 2. A detailed description of implementation hyperparameters and performance evaluation parameters for the
FedLeaf model.

Parameter

Value

Description

Deep learning architectures for

MobileNetV2, EfficientNet-BO

FedLeaf model has been constructed using two deep learning
architectures namely MobileNetV2 and EfficientNet-B0O as the base

building FedLeaf architecture in federated environment.
Clients 2 Two federated clients are simulated on a single machine (Google
Colab). Each client has its own training and validation dataset.
. Each batch contains 32 images. The model updates weights after
Batch size 32 . . .
processing each batch (mini-batch gradient descent).
Learning rate 0.001 The code uses the Adam optimizer with default learning rate 0.001.
L Federated Learning runs for 7 communication rounds. After each
Communication rounds 7 . . .
round, client weights are aggregated at the server using FedAvg.
Optimizer Adam The optimizer used is Adam, a popular adaptive learning rate

optimization algorithm.

Performance metric

Global and Local performance
evaluation for Accuracy,
Precision, Recall,

F1- Score, AUC

Metrics are computed using Precision, Recall, F1, Accuracy and AUC
for local and global performance evaluation of FedLeaf model.

Epochs per communication round | 5 Each client trains locally for 5 epochs per communication round.
No of classes 6 The dataset has 6 classes (5 rice leaf disease + 1 healthy).
Train: test ratio 80:20 When preparing the dataset, each client has train and test folders with

80% training and 20% validation images.

4. Results and Discussion
This section elaborates on performance evaluation of FedLeaf federated learning model for rice leaf disease
detection.

4.1 Performance Evaluation of Federated Model using MobileNetV2 for Rice Leaf Disease
Detection on Client 1, Client 2 from Round 1-7 on IID Data

Table 3 illustrates the results of FedLeaf Federated MobileNetV2 model for multiclass classification of rice
leaf disease detection. Across the seven rounds of communications, it indicates a consistent improvement
in accuracy of both client-side models and the global model. Client 1 and client 2 initially have accuracies
of 0.7245 and 0.7147 in Round 1, respectively. Model learns gradually and the performance eventually
reaches 0.8071 and 0.7990, respectively for client 1 and 2. The global model’s performance improved from
0.7196 to 0.7942 from round 1 to round. The model exhibits a slight decrease in global accuracy from
0.7942 in round 6 to 0.7925 in round 7 which shows a drop of 0.0017. In federated learning scenarios, it
happens due to the stochastic nature of local client training and global model aggregation wherein global
model outcome is not always improvise in a monotonic manner in all the communication rounds. Hence,
the model has achieved highest accuracy of 0.7942 in round 6.

Figure 12 is the graphical representation of the client-wise accuracy using federated MobileNetV2 model
over the 7 communication rounds. In the initial rounds both clients exhibit a consistent performance in
accuracy 0.7245 and 0.7147 respectively for client 1 and client 2. The highest accuracy achieved by the
client 1 is 0.8071 in round 6 and client 2 achieved highest accuracy of 0.7990 in round 7.

Figure 13 represents a precision graph which shows a client-wise precision value across the 7 federated
rounds. In round 1 both clients achieved 0.7334 and 0.7228 respectively. Further, improvement was
observed throughout the rounds and the highest precision of 0.8071 was achieved for client 1 in round 6
and 0.8004 for client 2 in round 7. The increasing precision values indicates that the model is more effective
in minimizing false positive and correctly identifying rice leaf disease classes.
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Table 3. Performance evaluation of FedLeaf, federated model using MobileNetV2 for rice leaf disease detection on
client 1, client 2 from round 1-7 on IID data.

Model Client Accuracy Precision Recall | F1 Score | AUC
. Client 1 0.7245 0.7334 0.7245 | 0.7266 | 0.9369
g‘;b‘})‘f;:;vz Round 1 Client 2 0.7147 0.7228 0.7147 | 0.7153 | 0.9418
P Global Metrics After Round 1 0.7196 0.7281 0.7196 0.7209 0.9394
Client 1 0.7504 0.7542 0.7504 | 0.7473 | 0.9508
MobileNetV2 Round 2 (10 epochs) | Client 2 0.7569 0.7643 0.7569 | 0.7528 | 0.9567
Global Metrics After Round 2 0.7536 0.7593 0.7536 0.7500 0.9537
. Client 1 0.7618 0.7694 0.7618 | 07612 | 0.9542
?’1[;’2‘121:}?3/2 Round 3 Client 2 0.7699 07772 | 07699 | 0.7680 | 0.9620
P Global Metrics After Round 3 0.7658 0.7733 0.7658 | 0.7646 | 0.9581
MobileNetV2 Round 4 Client 1 0.7666 0.7704 0.7666 | 0.7644 | 0.9572
(20 epochs) Client 2 0.7699 0.7732 0.7699 | 0.7672 | 0.9656
Global Metrics After Round 4 0.7682 0.7718 0.7682 | 0.7658 | 0.9614
MobileNetV2 Round 5 Client 1 0.7804 0.7806 0.7804 | 0.7771 | 0.9629
(25 epochs) Client 2 0.7909 0.7928 0.7909 | 0.7882 | 0.9662
Global Metrics After Round 5 0.7804 0.7806 0.7804 | 0.7771 | 0.9629
. Client 1 0.8071 0.8071 0.8071 | 0.8045 | 0.9685
ggbﬂeN}ft;/z Romnd 6 Client 2 0.7812 07776 | 0.7812 | 0.7772 | 0.9606
epochs Global Metrics After Round 6 0.7942 0.7924 0.7942 | 0.7908 | 0.9645
MobileNetV2 Round 7 Client 1 0.7861 0.7863 0.7861 | 0.7842 | 0.9619
(35 epochs) Client 2 0.7990 0.8004 0.7990 | 0.7968 | 0.9692
Global Metrics After Round 7 0.7925 0.7933 07925 | 0.7905 | 0.9656
o Client-wise Accuracy Across Federated Rounds ( v2)
—o— Client 1
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Aceuracy
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Figure 12. Client-wise accuracy of federated model using MobileNetV2 for rice leaf disease detection on round 1-7
on IID data.
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Figure 13. Client-wise precision of federated model using MobileNetV2 for rice leaf disease detection on round 1-7
on IID data.
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Figure 14 shows the recall performance of client 1 and client 2 using federated MobileNetV2 across all
federated rounds. In round 1 client 1 achieved recall value of 0.7245 and client 2 achieved 0.7147.
Subsequent rounds enhance recall performance. The highest recall value of 0.8071 was achieved by client
1 in round 6.

Client-wise Recall Across Federated Rounds (MobileNetv2)
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Figure 14. Client-wise recall of federated model using MobileNetV2 for rice leaf disease detection on round 1-7 on
11D data.

Figure 15 is graphical representation of the F1 score of federated MobileNetV2 for rice leaf disease
detection from round 1-7 on IID data. The F1-score increased from 0.7266 in round 1 to 0.8045 in round 6
for client 1. Client 1 achieved the highest individual F1-score of 0.8045 in round 6, while client 2 reached
0.7968 in the final round. These findings confirm that the federated model maintained a balanced
classification performance across all rounds.

Client-wise F1 Score Across Federated Rounds (MobileNetv2)
10

—e— Client 1
Client 2

091

081 ——

F1 Score

0.6 4

Rl R2 R3 R4 RS R6 R7
Federated Rounds

Figure 15. Client-wise F1 score of federated model using MobileNetV2 for rice leaf disease detection on round 1-7
on IID data.

Figure 16 represents a client-wise AUC of federated MobileNetV2 model for rice leaf disease detection on
round 1-7 on IID data. The Area Under the Curve (AUC) values remained consistently high throughout the
training process, indicating strong discriminative capability. The highest AUC for client 1 is 0.9685 in
round 6 while client 2 attained the highest AUC value of 0.9692 in round 7. These high AUC values
demonstrate the model's ability to distinguish between healthy and diseased rice leaf classes.
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Figure 16. Client-wise AUC of federated model using MobileNetV2 for rice leaf disease detection on round 1-7 on
IID data.

4.2 Performance Evaluation of Federated Model using EfficientNet for Rice Leaf Disease
detection for Client 1, Client 2 on IID Data Distribution

Table 4 shows the results of the federated learning model using EfficientNet for both clients 1 and 2 and
the global model through seven communication rounds. In round 1, client 1 and client 2 started with
accuracies of 0.9762 and 0.9617, respectively, and both performed very well throughout the rounds,
reaching the highest accuracies of 0.9964 and 0.9968 in round 6. The global model exhibits stable learning,
improving from 0.9238 in Round 1 to 0.9619 in round 5, with AUC values staying above 0.99 all the time,
which shows that the model is very good at distinguishing between classes. Precision, recall, and F1-score
are very close to each other in different rounds, which is a strong indication that classification behavior is
balanced for all clients. To sum up, EfficientNet demonstrated strong convergence in a federated setting,
keeping a high value of accuracy and AUC metrics on both clients and ensuring stable global performance
during all rounds.

Table 4. Performance evaluation of federated model using EfficientNet for rice leaf disease detection on client 1,
client 2 from round 1-7 on IID data.

Model Client Accuracy Precision Recall F1 Score AUC
) Client 1 0.9762 0.9763 0.9762 0.9760 0.9992
gﬁ‘;fc“l:get Round I =0 _ 0.9617 0.9633 0.9617 09613 0.9988
Global Metrics After Round 1 0.9238 0.9237 0.9238 0.9224 0.9948

) Client 1 0.9887 0.9890 0.9887 0.9887 0.9999
mﬁ:;f;‘cﬁ‘)’t Round 2 mrrc 2 _ 0.9855 0.9855 0.9855 0.9854 0.9997
Global Metrics After Round 2 0.9441 0.9469 0.9441 0.9438 0.9970

) Client 1 0.9919 0.9920 0.9919 0.9919 1.0000
gfsﬁ:;f;‘ctgit Round 3 =2 ' 0.9883 0.9885 0.9883 0.9882 0.9999
Global Metrics After Round 3 0.9457 0.9478 0.9457 0.9453 0.9971

EfficientNet Round 4 | Client | 0.9919 0.9920 0.9919 0.9919 0.9999
(20 epochs) Client 2 0.9895 0.9897 0.9895 0.9895 0.9999
Global Metrics After Round 4 0.9587 0.9598 0.9587 0.9583 0.9971

EfficientNet Round 5 | Client | 0.9611 0.9625 0.9611 0.9607 0.9969
(25 epochs) Client 2 0.9972 0.9972 0.9972 0.9972 1.0000
Global Metrics After Round 5 0.9619 0.9619 0.9619 0.9617 0.9979

) Client 1 0.9964 0.9964 0.9964 0.9964 1.0000
gfoﬁz;f;‘ctlﬁ‘)’t Round 6 =rro o 0.9963 0.9968 0.9968 0.9968 1.0000
Global Metrics After Round 6 0.9579 0.9579 0.9579 0.9576 0.9976

EfficientNet Round 7 | Client | 0.9611 0.9611 0.9611 0.9609 0.9976
(35 epochs) Client 2 0.9546 0.9548 0.9546 0.9542 0.9976
Global Metrics After Round 7 0.9457 0.9478 0.9457 0.9453 0.9971
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Figure 17 illustrates the client-wise accuracy of the federated EfficientNet model across seven
communication rounds. In round 1, client 1 achieved an accuracy of 0.9762, while client 2 achieved 0.9617.
As training progressed, both clients demonstrated continuous improvement in classification performance.
The highest accuracies were observed in round 6, where client 1 and client 2 achieved 0.9964 and 0.9968,
respectively.

Client-wise Accuracy Across Federated Rounds (EfficientNet)
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Figure 17. Client-wise accuracy of federated model using EfficientNet for rice leaf disease detection on client 1, 2
on round 1-7 on IID data.

Figure 18 represents a precision graph which shows a consistently high precision values for both clients
throughout the training process. In first round client 1 and client 2 achieved precision value of 0.9763 and
0.9633 respectively. Further client 1 and client 2 reached their highest levels in round 6, where both clients
achieved 0.9964, 0.9968 precision respectively.
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Figure 18. Client-wise precision of federated model using EfficientNet for rice leaf disease detection on client 1, 2
from round 1-7 on IID data.

Figure 19 presents the recall performance achieved by both clients over seven federated communication
rounds on IID data. Initially, client 1 and client 2 obtained recall values of 0.9762 and 0.9617, respectively,
in round 1. The highest recall values were achieved in round 6 wherein client 1 shows a recall of 0.9964
and client 2 exhibits a 0.9968 recall outcome.
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Figure 19. Client-wise recall of federated model using EfficientNet for rice leaf disease detection on client 1,2 from
round 1-7 on IID data.

In Figure 20 results of F1-score demonstrate balanced improvements in precision and recall throughout
federated process. In first round, client 1 achieved F1 score value of 0.9760 and client 2 achieved 0.9613.
These values increased to 0.9887 for client 1 and 0.9854 for client 2 in round 2 and further improved to
0.9919 and 0.9882 in round 3, while the highest F1-scores of 0.9964 achieved by client 1 and 0.9968 by
client 2 in round 6. The consistently high F1-scores indicate that the EfficientNet model maintained an
excellent balance between precision and recall throughout the federated learning process.
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Figure 20. Client-wise F1-score of federated model using EfficientNet for rice leaf disease detection on client 1, 2
from round 1-7 on IID data.

Figure 21 demonstrates that Area Under the Curve (AUC) values are high across all communication rounds
using federated EfficientNet for rice leaf disease detection. In round 1 client 1 and client 2 achieved AUC
values of 0.9992 and 0.9988 respectively. The AUC further improved in round 2 to 0.9999 and 0.9997
while client 1 and 2 achieved a perfect AUC value of 1.0000 in round 6.
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Client-wise AUC Across Federated Rounds (EfficientNet)
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Figure 21. Client-wise AUC of federated model using EfficientNet for rice leaf disease detection on client 1,2 from
round 1-7 on IID data.

Figure 22 represents the comparison of the global accuracy of federated MobileNetV2 and federated
EfficientNet models across seven communication rounds. MobileNetV2 achieved a global accuracy of
0.7196 in round 1 which increased to 0.7925 by round 7. In comparison, EfficientNet started with a
substantially higher global accuracy of 0.9238 in round 1 and reached to 0.9619 in round 5. Throughout,
all communication rounds, EfficientNet consistently outperformed MobileNetV2.

Performance Comparison of Global Accuracy of Federated EfficientNet and MobileNetv2 for Rice Leaf Disease Detection
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Figure 22. Performance comparison of global accuracy of federated EfficientNet and MobileNetV2 for rice leaf
disease detection on IID data.

Figure 23 represents the comparison of the global precision of federated MobileNetV2 and federated
EfficientNet models across seven communication rounds. MobileNetV2 achieved a global precision of
0.7281 in round 1 and 0.7933 by round 7. In comparison, EfficientNet achieved a higher global precision
0f 0.9237 in round 1 and 0.9619 in round 5.
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Figure 23. Performance comparison of global precision of federated EfficientNet and ederated MobileNetV2 for
rice leaf disease detection on 11D data.

Figure 24 illustrates the global recall comparison between federated MobileNetV2 and EfficientNet across
seven federated communication rounds. MobileNetV2 showed an improvement with recall increasing from
0.7196 in round 1 to 0.7925 in round 7. In contrast, EfficientNet achieved a recall of 0.9238 in round 1 and
attained highest value of 0.9619 in round 5. In all rounds EfficientNet maintained a higher recall values
than MobileNetV2, which demonstrate a stronger ability to correctly identify diseased rice leaf samples.

Performance Comparison of Global Recall of Federated EfficientNet and MobileNetV2 for Rice Leaf Disease Detection
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Figure 24. Performance comparison of global recall of federated EfficientNet and federated MobileNetV2 for rice
leaf disease detection on IID data.

Figure 25 compares the global F1-scores of federated MobileNetV2 and EfficientNet the federated learning
process. MobileNetV2 achieved F1 score value of 0.7209 in round 1 and 0.7905 in round 7, reflecting
balanced improvements in precision and recall. EfficientNet, however, achieved a much higher F1-score of
0.9224 in round 1 and reached a maximum of 0.9617 in round 5.
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Performance Comparison of Global F1-Score of Federated EfficientNet and MobileNetV2 for Rice Leaf Disease Detection
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Figure 25. Performance comparison of global F1 score of federated efficientnet and federated MobileNetV2 for rice
leaf disease detection on IID data.

Figure 26 presents the global AUC comparison between federated MobileNetV2 and EfficientNet for rice
leaf disease detection. Federated MobileNetV2 achieved an AUC of 0.9394 in round 1 and 0.9656 in round
7. Although these values indicate good classification capability, EfficientNet consistently achieved higher
AUC values, starting from 0.9948 in round 1 and 0.9979 in round 5. The AUC values obtained by
EfficientNet demonstrate its exceptional ability to distinguish between healthy and diseased rice leaf classes.

Performance Comparison of Global AUC of Federated EfficientNet and MobileNetv2 for Rice Leaf Disease Detection
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Figure 26. Performance comparison of global AUC of federated EfficientNet and federated MobileNetV2 for rice
leaf disease detection on IID data.

The comparison between federated learning based model using MobileNetV2 and EfficientNet reveals that
EfficientNet is the effective model in this scenario in terms of evaluation metrics. In all the rounds,
EfficientNet was able to maintain high global accuracy values of 0.9441 in round 2, and it was 0.9619 in
round 5. The global AUC value of EfficientNet was 0.997 in round 5, depicting that the separation of classes
was rightly made by the EfficientNet. MobileNetV2 was not perform well, though it had improvements
across rounds but it was able to reach a maximum global accuracy of 0.7942 in round 7. Moreover, its
precision, recall, F1-score, and AUC was also quite good but still, there exists significant performance gap
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between Federated EfficientNet and Federated MobileNetV2. Federated EfficientNet exhibits better
learning, good generalization, and faster convergence.

4.3 Global Performance Comparison of FedLeaf: Federated Learning Model using
MobileNetV2 and Federated Learning Model using EfficientNet on IID Data Distribution
Table 5 presents a global performance comparison of FedLeaf: federated learning model using
MobileNetv2 and federated learning model using EfficientNet on IID data distribution. The performance
parameters show that EfficientNet has achieved a very good global accuracy of 0.9619 for rice leaf disease
detection. The comparison based on performance metrics compares the best performances of the two
federated deep learning models, MobileNetV2 and EfficientNet, visually through five primary evaluation
metrics: accuracy, precision, recall, Fl1-score, and AUC. From the Table 5, it is seen that EfficientNet
obtains the highest scores in all the metrics, and thus, it proves to have the good ability to learn and
generalize the disease patterns from the rice leaf dataset. The results indicate that EfficientNet outperforms
MobileNet, delivering the highest accuracy between the two.

Table 5. Global performance comparison of FedLeaf: federated learning model using MobileNetv2 and federated
learning model using EfficientNet on IID data.

Model Accuracy Precision Recall F1 Score AUC
Federated Learning model using MobileNetV2 0.7942 0.7921 0.7942 0.7908 0.9648
Federated Learning Model using EfficientNet 0.9619 0.9620 0.9619 0.9617 1.0000

Figure 27 presents a comparative evaluation of Federated MobileNetV2 and Federated EfficientNet which
exhibits that Federated EfficientNet outperformed and achieved an accuracy of 0.9619 on IID distribution.
It also shows high precision, recall, F1-score, and a perfect AUC of 1.0000. Federated EfficientNet utilizes
the compound scaling method which harmonizes network depth, width, and resolution, and hence able to
extract more robust and discriminative features even from complex augmented datasets. Federated
MobileNetV2 achieves an accuracy of 0.7942. The comparison demonstrates that EfficientNet is the best
model for rice leaf disease classification in federated learning, thereby exhibiting better accuracy,
generalization, and stability across rounds.

Model-wise Highest Global Performance Comparison (Best Round)

—&— MobileNetV2
1.00 o— EfficientNet

0.95

o
©
S

o
®
o

Performance Score

Accuracy Precision Recall F1 Score AUC
Evaluation Metrics

Figure 27. Global performance comparison of federated learning based MobileNetV2 model and federated learning
based EfficientNet model.
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4.4 Performance Evaluation of Federated Model using EfficientNet for Rice Leaf Disease
detection on Client 1, Client 2 for Non-IID data Distribution

Federated learning Model using EfficientNet shows better performance for IID data distribution; hence,
this model has been further utilised for the rice leaf disease detection for the non-I1ID data distribution,
which is heterogeneous in nature. Non- IID data distribution refers to the heterogeneity of data distribution
between clients, hence the split among the classes is not the same. In the case of non-IID data distribution,
client 1 has 3393 images and client 2 has 1644 images, which have further varied class distribution in both
clients. Table 6 shows federated learning results with EfficientNet, which gives a strong and consistent
performance for both clients and the global model through seven communication rounds on non-IID
distribution. In the first round, the global model begins with an accuracy of 0.8667, indicating a good
learning performance. As training progresses through multiple communication rounds, both client models
achieve high local accuracies reaching up to 0.99 in later rounds, while the global model steadily improves,
reaching a final accuracy of 0.9587, with corresponding precision of 0.9587, recall 0.9587, F1-score 0.9585,
and AUC 0.9975. Overall, the results illustrate that Federated model using EfficientNet, achieves high
accuracy and robust generalization in decentralized and heterogeneous data environments.

Table 6. Performance evaluation of federated model using EfficientNet for rice leaf disease detection on client 1,
client 2 on non IID data distribution.

Model Client Accuracy Precision Recall F1 Score AUC
EfficientNet Client 1 0.8960 0.8968 0.8960 0.8923 0.9874
Round 1 Client 2 0.8822 0.8829 0.8822 0.8789 0.9840
(5 epochs) Global Metrics After Round 1 0.8667 0.8666 0.8667 0.8616 0.9807
EfficientNet Client 1 0.9527 0.9532 0.9527 0.9521 0.9971
Round 2 Client 2 0.9389 0.9394 0.9389 0.9380 0.9961
(10 epochs) Global Metrics After Round 2 0.9071 0.9062 0.9071 0.9054 0.9919
EfficientNet Client 1 0.9704 0.9706 0.9704 0.9702 0.9989
Round 3 Client 2 0.9609 0.9610 0.9609 0.9607 0.9984
(15 epochs) Global Metrics After Round 3 0.9278 0.9271 0.9278 0.9270 0.9947
EfficientNet Client 1 0.9805 0.9806 0.9805 0.9804 0.9995
Round 4 Client 2 0.9729 0.9730 0.9729 0.9728 0.9991
(20 epochs) Global Metrics After Round 4 0.9397 0.9395 0.9397 0.9392 0.9960
EfficientNet Client 1 0.9842 0.9843 0.9842 0.9842 0.9997
Round 5 Client 2 0.9817 0.9818 0.9817 0.9817 0.9995
(25 epochs) Global Metrics After Round 5 0.9524 0.9523 0.9524 0.9520 0.9967
EfficientNet Client 1 0.9874 0.9874 0.9874 0.9874 0.9998
Round 6 Client 2 0.9842 0.9843 0.9842 0.9842 0.9997
(30 epochs) Global Metrics After Round 6 0.9524 0.9524 0.9524 0.9520 0.9970
EfficientNet Client 1 0.9924 0.9924 0.9924 0.9924 0.9999
Round 7 Client 2 0.9905 0.9906 0.9905 0.9905 0.9998
(35 epochs) Global Metrics After Round 7 0.9587 0.9587 0.9587 0.9585 0.9975

Figure 28 illustrates the client-wise accuracy of the federated EfficientNet model across seven
communication rounds for rice leaf disease detection on non-IID data. In round 1, client 1 achieved an
accuracy of 0.8960 while client 2 achieved 0.8822. As training progressed, both clients showed a consistent
improvement in performance. The accuracy of client 1 increased to 0.9527 in round 2, 0.9704 in round 3
and 0.9805 in round 4. Similarly, client 2 improved from 0.9389 in round 2 to 0.9729 in round 4. The
highest accuracies were achieved by the federated model using EfficientNet in round 7, where client 1
achieved a value of 0.9924 and client 2 achieved 0.9905.

1853 | Vol. 11, No. 4, 2026



Kaur & Guleria: FedLeaf: A Collaborative Federated Learning based Model for Rice Leaf ...

Client-wise Accuracy across Federated Rounds (EfficientNet Non-IID)
1.00

—&- Client 1
Client 2

0.98

0.96

0.94 4

Accuracy

0.92 4

0.90 4§

0.88

T T T T T T T
R1 R2 R3 R4 R5 R& R7
Federated Rounds

Figure 28. Client-wise accuracy of federated model using EfficientNet for rice leaf disease detection on client 1,
client 2 for non-IID data distribution.

Figure 29 presents the precision values achieved by both clients throughout the federated learning process
using federated EfficientNet for rice leaf disease detection on non-IID data. In round 1, client 1 and client
2 obtained precision scores of 0.8968 and 0.8829, respectively. Further improvements were observed in
subsequent rounds, wherein client 1 achieved 0.9874 and client 2 achieved 0.9843 in round 6. The highest
precision values were achieved in round 7 by achieving 0.9924 for client 1 and 0.9906 for client 2.
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Figure 29. Client-wise precision of federated model using EfficientNet for rice leaf disease detection on client 1,
client 2 for non-IID data distribution.

Figure 30 shows the recall performance of both clients across seven communication rounds using federated
EfficientNet on non-IID data. Initially, client 1 and client 2 achieved recall values of 0.8960 and 0.8822,
respectively. The highest recall values were observed in round 7, where client 1 achieved 0.9924 and client
2 achieved 0.9905. The consistently increasing recall values indicate that the model became more effective
at correctly identifying rice leaf disease samples while reducing misclassification values.
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Figure 30. Client-wise recall of federated model using EfficientNet for rice leaf disease detection on client 1, client
2 for non-1ID data distribution.

Figure 31 shows Fl-score results, which demonstrate balanced improvements in precision and recall
throughout federated training using federated EfficientNet on non-IID data distribution. In round 1, client
1 achieved an F1-score of 0.8923 while client 2 achieved 0.8789. These values increased to 0.9521 and
0.9380 in round 2 and further improved to 0.9702 and 0.9607 in round 3 for client 1 and client 2 respectively.
By round 5 both clients achieved F1-scores of 0.9842, 0.9817 respectively and the highest values were
achieved in round 7 as 0.9924 for client 1 and 0.9905 for client 2.
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Figure 31. Client-wise F1-score of federated model using EfficientNet for rice leaf disease detection on client 1,
client 2 for non-1ID data distribution.

Figure 32 illustrates the Area Under the Curve (AUC) values obtained by both clients over seven
communication rounds using federated EfficientNet on non-IID data distribution. In round 1, client 1
achieved an AUC of 0.9874 and client 2 achieved 0.9840. Finally, an AUC value of 0.9999 was achieved
by client 1 in round 7, and client 2 achieved AUC of 0.9998 in the final round.
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Figure 32. Client-wise AUC of federated model using EfficientNet for rice leaf disease detection on client 1, client
2 for non-1ID data distribution.

The Figures 33 to 37 show a graphical representation of the global performance of the federated learning
model based model using EfficientNet on non-IID data distribution. Federated EfficientNet achieves global
accuracy of 0.8667 in round 1 due to its strong feature extraction capability and effective transfer learning.
Further, it exhibits a steady and consistent improvement in global accuracy eventually, reaching
approximately 95.87% in round 7 indicating efficient aggregation of clients through federated averaging.
The global performance metrics of the EfficientNet-based federated learning model demonstrated
substantial improvement throughout the federated rounds. Global precision increased from 0.8666 in round
1 to its highest value of 0.9587 in round 7, while global recall improved from 0.8667 in round 1 to 0.9587
in round 7, indicating enhanced disease detection capability. Similarly, the global F1-score increased from
0.8616 inround 1 to 0.9585 in round 7, reflecting a balanced improvement in both precision and recall. The
global AUC also increased from an already high value of 0.9807 in round 1 to 0.9975 in round 7,
demonstrating model’s strong ability to distinguish among different rice leaf disease categories.
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Figure 33. Global accuracy of federated EfficientNet for rice leaf disease detection on non-IID data distribution.

1856 | Vol. 11, No. 4, 2026



Kaur & Guleria: FedLeaf: A Collaborative Federated Learning based Model for Rice Leaf ...

Global Precision across Federated Rounds (EfficientNet Non-IiD)

1.00

=@~ Global Model

0.98 4

0.96 4

0.94 4

Precision

0.92 4

0.90 4

0.88

0.86 4

T
R2 R3 R4 R5 RE& R7
Federated Rounds

=
[+1

Figure 34. Global precision of federated EfficientNet for rice leaf disease detection on non-IID data.
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Figure 35. Global recall of federated EfficientNet for rice leaf disease detection on non-IID data.
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Figure 36. Global F1 score of federated EfficientNet for rice leaf disease detection on non-IID data.
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Figure 37. Global AUC of federated EfficientNet for rice leaf disease detection on non-IID data.

4.5 Performance Comparison with State-of-the-art Models

Table 7 summarizes the comparison of the proposed work along with the existing works for the detection
of rice leaf diseases using collaborative federated learning based models considering dataset size, number
of communication rounds, epochs per communication round, learning rate, achieved accuracy, strengths
and future scope.

Authors (Leema et al., 2023; Tripathy et al., 2024) considered only 120 images that have 3 rice leaf diseases,
trained for 100 epochs, used 2 clients and a batch size of 32 and yet, in these favorable conditions and small
datasets, the accuracy achieved by Leema et al. (2023) was 99% and Tripathy et al. (2024) has achieved
recall value of 0.922. It is due to the fact that the models were trained on a small and less complex dataset,
which may lead to a high risk of overfitting. In Chorney et al. (2025), authors considered large size dataset
of 10553 images with 8 rice leaf classes (7 disease and one healthy) however, the model’s accuracy was
limited to 83.14%. In Aggarwal et al. (2023), the authors have achieved good competitive accuracy of 95%
on Non-IID data distribution, though the dataset size is considerably good but it has comparatively small
dataset size and less number of disease classes as compared to the proposed work. The proposed work
demonstrates the federated learning performance on a comparatively large and complex dataset of 6297
images, 6 classes, including 5 disease categories and one healthy class. The model was implemented using
7 communication rounds with a batch size of 32 and 5 epochs per communication round across two client
scenarios. The proposed model, therefore, achieves a higher accuracy of 96.19% on IID data distribution
and 95.87% on non-1ID distribution under higher heterogeneity and more disease classes, which exhibits
its good robustness, and generalization ability. The comparison shows that the proposed method achieves
high accuracy on a significantly large, multi-class dataset in a federated learning environment that is more
appropriate for the real-world applications of precision agriculture for rice leaf disease detection.

Table 7. Performance comparison with state-of-the-art models.
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5. Conclusion

The overall experimental results exhibit that the proposed FedLeaf, a collaborative federated learning
system has promising classification performance for rice leaf disease detection, across different model
architectures for IID and non-IID data distributions. FedLeaf has been constructed using two deep learning
architectures, namely federated learning based MobileNetV2 and federated learning based EfficientNet.
Between the two proposed architectures of FedLeaf, findings consistently illustrate that EfficientNet,
achieves maximum global accuracy of 96.19% together with the highest values of precision, recall, F1-
score, and AUC for IID data distribution. MobileNetV2 demonstrates average yet consistent performance.
Though, existing works show good accuracy, most of the results are obtained using a comparatively small
dataset and a smaller number of classes. On the other hand, the proposed work is conducted on a
considerably large dataset of 6297 images for 6 classes (five rice leaf diseases and 1 healthy class). The
federated EfficientNet model shows an accuracy of 96.19% for IID distribution and 95.87% for non-I1ID
data distribution, proving that the proposed system exhibits high performance and is better suited for early
rice leaf disease detection. The performance comparison on IID and non-IID data distribution, and model-
wise comparisons exhibit that FedLeaf, a federated learning approach, can ensure a better collaborative
model that deals with heterogeneity of data and at the same time demonstrates a high predictive performance.
Specifically, federated learning based EfficientNet exhibits better performance for the multiclass rice leaf
disease detection because it is an efficient model with balanced depth-width-resolution scaling and good
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feature extraction capabilities. The proposed FedLeaf, collaborative federated learning model is more
appropriate for real-world precision agricultural scenarios for automatic rice leaf disease detection. In future
work, the research can consider multi-client setups with an increased number of clients to make the model
more scalable.
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