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Abstract 

Tea (Camellia sinensis) is the world’s second most consumed beverage, enjoyed 

daily by more than two billion people. In Bangladesh, it serves as a cornerstone agri-

cultural export and a major sector of the domestic economy. However, commercial 

tea cultivation remains highly vulnerable to fungal and pest-related diseases such as 

Blight, Red Rust, and Helopeltis which severely reduce crop yield and compromise 

leaf quality. While early detection is critical to preventing widespread outbreaks, tra-

ditional manual inspection is slow, subjective, and highly error-prone. Deep learning 

provides a scalable alternative, yet single-branch networks often struggle to capture 

both minute disease lesions and broader structural degradation simultaneously. To 

address this, we propose a Hybrid Feature Fusion architecture that runs two highly 

efficient feature extractors in parallel: EfficientNetV2-Small to isolate fine-grained 

local textures, and MobileNetV3-Small to capture the global structural context of 

the leaf. The models were trained and evaluated on a real-world dataset of 2,000 

annotated images, evenly distributed across the four target classes (Blight, Red 

Rust, Helopeltis, and Healthy). Before training, the images underwent a standard-

ized preprocessing pipeline including resizing to 224 × 224 pixels and normalization, 

supplemented by a dynamic augmentation strategy featuring random rotations, hori-

zontal flips, and brightness adjustments to improve model robustness. The proposed 

hybrid framework achieved an outstanding peak classification accuracy of 96.80% 

alongside a macro Area Under the Curve (AUC) of 0.9980. To rigorously validate its 

performance, the hybrid model was benchmarked against six diverse architectures: 

a Vision Transformer (ViT-B16 at 76.40%), a Custom CNN (89.60%), MobileNetV3 

(94.40%), ResNet50 (95.60%), DenseNet121 (96.40%), and EfficientNetV2-B3 

(97.60%). Although EfficientNetV2-B3 achieved a marginally higher raw accuracy, the 

proposed dual-branch framework delivered a superior precision-recall balance and 

faster convergence stability. These findings demonstrate that the proposed hybrid 
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methodology is highly reliable and computationally balanced, making it an ideal can-

didate for integration into Internet of Things (IoT) edge devices for real-time disease 

monitoring in precision agriculture.

Introduction

Tea (Camellia sinensis) is the world’s second most popular beverage after water, 
cherished for its unique taste, aroma, and health benefits [1]. Every day, more than 
two billion people across the globe drink tea, making it one of the most significant 
agricultural products [2]. Rich in bioactive compounds such as polyphenols and anti-
oxidants, tea is known to reduce cardiovascular risks, strengthen immunity, and pro-
mote overall well-being [3]. Beyond its nutritional value, tea also carries deep cultural 
meaning, often symbolizing hospitality, social connection, and tradition [4].

Bangladesh is among the leading tea producers in the world, with a history of 
cultivation dating back to the British colonial era [5]. At present, over 168 estates 
across Sylhet and Chittagong cover nearly 280,000 acres of land, contributing greatly 
to the national economy [6]. The tea sector also provides livelihoods for more than 
four million people, highlighting its role as a cornerstone of rural life [7]. Despite this 
importance, tea cultivation is constantly threatened by fungal, bacterial, and insect- 
related diseases [8]. Blight (Gray and Brown), Red Rust, and Helopeltis (tea mos-
quito bug) are among the most common issues, often leading to reduced yield, 
increased production costs, and compromised tea quality [9,10]. These diseases 
affect photosynthesis, weaken plant health, and ultimately degrade the flavor and 
aroma of processed tea [11,12]. In severe cases, unchecked outbreaks can result in 
widespread financial loss and supply chain disruptions [13].

Traditionally, tea disease detection has relied on manual field inspections. While 
widely practiced, this approach is labor-intensive, subjective, and often inaccurate 
[14]. The similarity of symptoms between different diseases makes diagnosis difficult, 
and the vast size of plantations makes continuous monitoring unrealistic [15]. These 
challenges emphasize the need for automated, intelligent, and scalable systems for 
early disease detection [16].

Recent advances in deep learning (DL) have shown encouraging results in crop 
disease detection for plants like rice, maize, and tomato [17]. However, the tea indus-
try still lacks large, standardized, and annotated datasets. Most available datasets 
are either too small, poorly labeled, or collected under controlled conditions that do 
not reflect real-world challenges [18]. This scarcity limits the ability to train robust 
models and prevents meaningful benchmarking across studies [19].

Recent literature has extensively explored the deployment of lightweight con-
volutional neural networks, particularly MobileNetV3, for automated plant disease 
classification due to their low computational footprint. While foundational Mobile-
NetV3 implementations have shown promise [20], recent advancements have 
primarily focused on optimizing this single-branch architecture by integrating atten-
tion mechanisms [21] or coupling it with 2D Discrete Wavelet Transforms (DWT) for 
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frequency-domain feature extraction [22,23]. Other studies have heavily relied on transfer learning to adapt MobileNetV3 
to broader disease taxonomies [24]. However, despite these enhancements, relying on a single structural backbone 
inherently limits the network’s ability to simultaneously capture minute, fine-grained localized lesions and broader global 
structural degradation. To overcome this critical bottleneck and advance beyond standard baseline implementations, our 
study introduces a novel Hybrid Feature Fusion architecture. Rather than optimizing a generic MobileNetV3 backbone in 
isolation, our methodology uniquely runs EfficientNetV2-Small in parallel to isolate highly detailed local textures, utilizing 
MobileNetV3-Small strictly as a global structural proxy. This dual-branch fusion directly addresses the representational 
limitations of existing standalone applications.

Recent advancements in 2024 and 2025 have predominantly focused on optimizing single-branch networks 
and exploring transformer-based architectures for tea leaf disease classification. For instance, recent studies 
have evaluated Vision Transformers (ViTs) alongside established Convolutional Neural Networks, demonstrating 
strong classification accuracy but noting that ViTs inherently require massive datasets to prevent overfitting [25]. 
Concurrently, other researchers have integrated advanced attention mechanisms into lightweight object detection 
frameworks like YOLOv8 and YOLO11 to improve lesion detection in complex backgrounds [26–29]. However, a 
persistent limitation across these highly optimized single-branch and transformer models is the difficulty in simul-
taneously decoupling minute, localized disease textures from the broader structural degradation of the leaf without 
significantly inflating computational demands. These constraints underscore the critical necessity of our proposed 
Hybrid Feature Fusion architecture. By running EfficientNetV2-Small and MobileNetV3-Small in parallel, our 
dual-branch framework effectively isolates fine-grained local symptoms while preserving global context, achieving 
robust diagnostic precision without the prohibitive data dependency or computational overhead of recent trans-
former alternatives.

In this study, we introduce a dataset comprising 2,000 images across four classes: Blight (Gray and Brown), Red Rust, 
Helopeltis, and Healthy leaves. The images were collected from tea gardens in Bangladesh under natural field condi-
tions and carefully annotated by experts. To ensure model robustness, the images were standardized through resizing to 
224 × 224 pixels and normalization, complemented by a dynamic data augmentation strategy including rotations, horizon-
tal flips, and brightness adjustments to enrich dataset diversity [19].

To validate the usability of the dataset, a suite of deep learning models was evaluated, including our proposed Hybrid 
Feature Fusion Architecture, which achieved an overall accuracy of 96.80% in classifying tea leaf diseases.

Distinctive contributions

The key contributions of this study are as follows:

•	 Curated Dataset: Creation of a high-quality, real-world dataset comprising 2,000 expertly annotated images spanning 
four distinct categories: Blight, Red Rust, Helopeltis, and Healthy tea leaves.

•	 Robust Data Pipeline: Implementation of a standardized preprocessing workflow coupled with dynamic, on-the-fly 
spatial and pixel-level augmentations—including rotations, horizontal flips, and brightness adjustments—to substantially 
enhance dataset diversity and model generalization [19].

•	 Novel Architectural Framework: Development and rigorous evaluation of a custom Hybrid Feature Fusion model 
that utilizes EfficientNetV2-S and MobileNetV3-S in parallel to process local textures and global structures, achieving a 
highly competitive peak classification accuracy of 96.80% and an outstanding macro AUC of 0.9980.

•	 Comprehensive Benchmarking: Establishment of a standardized comparative analysis evaluating seven diverse deep 
learning architectures—ranging from specialized CNNs and mobile-optimized networks to Vision Transformers—to pro-
vide a robust baseline for agricultural AI research.
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•	 Practical Relevance: Demonstration of a highly efficient, dual-branch framework that optimally balances diagnostic 
precision with computational efficiency, highlighting its strong potential for integration into IoT and mobile edge platforms 
for real-time monitoring in commercial tea plantations [30].

Integrated methodology

The complete workflow of the proposed tea leaf disease detection system is summarized in Fig 1. First, images of Blight, 
Red Rust, Helopeltis, and Healthy leaves are captured in tea gardens and stored in a centralized repository. After visual 
screening and expert annotation, the selected images are standardized to 224 × 224 pixels and pre-processed through 
RGB color space conversion and ImageNet-based normalization to ensure consistent input distribution across the network 
architectures.

The processed dataset is split into training (80%), validation (10%), and testing (10%) subsets using a stratified 
approach to maintain class proportions. To effectively increase variability and prevent model overfitting, only the training 
set is dynamically augmented utilizing the Albumentations framework. These specific augmentations include random rota-
tions of up to 15 degrees, horizontal flips, and stochastic brightness and contrast adjustments. The validation and test sets 
remain strictly unaugmented, ensuring a fair and unbiased evaluation of the models’ generalization capabilities.

The augmented training images are utilized to train and systematically evaluate an expanded suite of seven neural 
network architectures: a Custom CNN, ResNet50, DenseNet121, MobileNetV3, EfficientNetV2-B3, Vision Transformer 
(ViT-B16), and our proposed Hybrid Feature Fusion architecture. The networks are trained using the AdamW optimizer for 
enhanced weight decay management, coupled with a dynamically class-weighted Cross-Entropy loss function—alongside 
Focal Loss and Label Smoothing alternatives—to robustly address any underlying class imbalance. Following an early- 
stopping protocol driven by validation loss monitoring with a patience of 10 epochs, the models are rigorously evaluated 
on the unseen test set using accuracy, macro F1-score, Area Under the Curve (AUC), sensitivity, and specificity metrics.

Fig 1.  Overview of the integrated methodology for tea leaf disease classification, from data acquisition and preprocessing to model training, 
evaluation, and final prediction. 

https://doi.org/10.1371/journal.pone.0349210.g001
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Data collection

The images used in this study were collected from major tea-growing areas of Bangladesh. These images were 
manually captured between April 7, 2025, and June 23, 2025, from the tea gardens in the Sylhet region, specif-
ically within the Habiganj district. These regions were selected as they represent some of the oldest and larg-
est tea plantations in the country and routinely experience prevalent diseases such as Blight, Red Rust, and 
Helopeltis.

Field visits were carried out during regular working hours, and leaves were photographed directly on the plants under 
natural lighting conditions. To ensure the dataset accurately reflects the complexities of real-world agricultural environ-
ments, images were captured across a diverse range of natural conditions, including bright midday sunlight, overcast 
skies, and partial canopy shading. These variations introduced complex shadows and specular highlights, while the 
presence of background clutter—such as overlapping leaves, branches, and soil—requires the models to successfully 
isolate pathological symptoms from noisy environments. The dataset includes leaves photographed from multiple ori-
entations and distances, capturing diseases at various stages of severity, from early-stage necrotic spots to advanced 
structural degradation. After removing blurred or ambiguous samples, a final set of 2,000 images was retained, spanning 
four target classes: Blight (Gray and Brown), Red Rust, Helopeltis, and Healthy. All images in this dataset were captured 
using an iPhone 12 Pro Max, equipped with a 12-megapixel triple-camera system (comprising Ultra-Wide, Wide, and Tele-
photo lenses). The camera produced high-resolution images ranging from 1080x1080 to 3024x3024 pixels, ensuring the 
detailed capture of microscopic leaf textures, subtle disease symptoms, and complex background conditions. The device’s 
advanced image processing algorithms enabled accurate color reproduction, sharpness, and clarity under natural field 
conditions.

To ensure high fidelity, a rigorous multi-stage annotation protocol was implemented. All 2,000 images were inde-
pendently inspected by agricultural domain experts specializing in plant pathology. The classification criteria were strictly 
based on established phenotypic markers: characteristic necrotic lesion patterns for Blight, orange-red algal spots for Red 
Rust, and distinct angular feeding punctures for Helopeltis. In instances of disagreement, a third agriculturalist reviewed 
the images to reach a final consensus. This systematic cross-validation ensures that the ground truth labels entered the 
training pipeline without subjective bias.

To contextualize the value of our newly curated dataset, it is imperative to compare it against existing state-of-
the-art (SOTA) tea leaf disease datasets such as teaLeafBD and TDPD. The primary strength of our dataset lies 
in its authentic capture of high-variance natural conditions and its relative class equilibrium (Table 1). While larger 
public datasets often suffer from inconsistent annotation or laboratory-controlled lighting, our dataset prioritizes 
environmental realism and diagnostic accuracy. To further address the slight numerical variations between classes, 
our training pipeline utilizes automated class-weight computation to ensure the models maintain unbiased gradients 
across all categories.

Table 1.  Detailed summary of the curated tea leaf dataset attributes.

Class Name Total Images Source Resolution Format Color Space

Blight 510 1024 × 1024 JPG RGB

Red Rust 475 1024 × 1024 JPG RGB

Helopeltis 490 1024 × 1024 JPG RGB

Healthy 525 1024 × 1024 JPG RGB

Total 2000

https://doi.org/10.1371/journal.pone.0349210.t001
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Image pre-processing and data augmentation

A curated dataset comprising 2,000 tea leaf images across four distinct classes (Blight, Red Rust, Helopeltis, and 
Healthy) was collected under natural field conditions in the tea gardens of Bangladesh. To ensure architectural 
compatibility and stable gradient convergence, all raw images were integrated into a custom PyTorch data load-
ing pipeline where they were resized to a uniform dimension of 224 × 224 pixels. During this stage, images were 
converted to the RGB color space and standardized using ImageNet normalization metrics (mean: 0.485, 0.456, 
0.406; standard deviation: 0.229, 0.224, 0.225) to ensure an optimal input distribution for the deep learning 
models. To actively combat class imbalance, increase dataset diversity, and prevent model overfitting, we imple-
mented a dynamic, on-the-fly data augmentation strategy using the Albumentations library. This strategy was 
applied exclusively to the training phase to help the models generalize across variable outdoor illumination and 
leaf orientations. Specifically, the pipeline utilized a stochastic sequence of spatial and pixel-level transforma-
tions: random rotations of up to 15 degrees were applied with a 70% probability, horizontal flips with a 50% prob-
ability, and random brightness and contrast adjustments with a 20% probability (Fig 2). This approach ensures 
that the networks encounter a high-variance representation of disease symptoms—such as necrotic spots and 
fungal rust—during every training epoch. In contrast, the validation and test sets remained strictly unaugmented, 
utilizing only resizing and normalization to provide an unbiased assessment of the models’ performance on real-
world, unseen data.

Hyperparameter configuration and training protocol

To ensure a rigorous and mathematically fair comparative analysis, a standardized hyperparameter protocol was enforced 
across all evaluated architectures. Every model—including the baseline CNNs, the Vision Transformer, and our proposed 
Hybrid Feature Fusion network—was trained under identical computational constraints. We utilized the AdamW optimizer 
with a uniform initial learning rate of 0.001. The training process was configured with a fixed batch size of 16, utilizing 
a Cross-Entropy loss function dynamically scaled with balanced class weights to account for class-level disparities. To 
mitigate overfitting and ensure optimal generalization, an Early Stopping callback was universally implemented with a 
patience of 10 epochs. Consequently, while individual architectures naturally converged and halted at different total epoch 
counts—ranging from 17 to 30 epochs—the foundational training constraints and regularization strategies remained iden-
tical, guaranteeing a rigorous benchmarking environment.

All computational experiments were executed on a dedicated workstation equipped with an NVIDIA GeForce RTX 3060 
GPU (6 GB VRAM) and an AMD Ryzen 7 5700X CPU, supported by 16 GB of RAM. The runtime environment utilized 
GPU acceleration via CUDA to optimize training efficiency. The total training time for the proposed Hybrid Feature Fusion 
model to reach convergence was approximately one hour, reflecting the architectural efficiency of the dual-branch frame-
work. This final configuration was selected based on empirical baseline testing where an initial learning rate of 0.001 and 
a batch size of 16 consistently yielded the lowest validation loss and highest macro AUC while maintaining gradient stabil-
ity during the early training phases.

Proposed hybrid feature fusion architecture and implementation

To effectively capture both the fine-grained symptoms of localized lesions and the broader structural degradation of the 
tea leaves, we designed a novel hybrid feature fusion architecture. Unlike traditional single-branch networks, this pro-
posed model employs a dual-branch feature extraction strategy running in parallel (Figure 3). The first branch utilizes the 
pre-trained EfficientNetV2-S backbone [31], which leverages Fused-MBConv blocks to efficiently extract highly detailed 
local textures, such as minute fungal spots and rust patches. Simultaneously, the second branch employs the pre-trained 
MobileNetV3-Small architecture [32] to serve as a feature proxy, capturing the global context and overall leaf morphology. 
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Fig 2.  Visual progression of the data pipeline. Representative samples of Blight, Red Rust, Helopeltis, and Healthy classes showing raw field cap-
tures (left) alongside subsequent iterations of the dynamic augmentation pipeline (middle and right), which utilize stochastic rotations, horizontal flips, 
and brightness/contrast adjustments to enhance model generalization.

https://doi.org/10.1371/journal.pone.0349210.g002
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Fig 3.  Flowchart of the Proposed Hybrid Feature Fusion Architecture and Implementation. The diagram illustrates the dual-branch feature 
extraction strategy running in parallel.

https://doi.org/10.1371/journal.pone.0349210.g003
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Outputs from both pathways are processed through an adaptive average pooling layer to generate dense, one- 
dimensional feature representations: a 1280-dimensional vector from the EfficientNetV2-S branch and a 576-dimensional 
vector from the MobileNetV3-Small branch. These representations are then fused via concatenation into a comprehensive 
1856-dimensional feature space.

To map these combined features to the target disease classes, we engineered a custom sequential multi-layer percep-
tron (MLP) classification head. The fused vector is initially projected into a 512-node linear layer, followed by an in-place 
Rectified Linear Unit (ReLU) activation and 1D batch normalization to stabilize deep feature transitions. A 40% dropout 
rate is subsequently applied to mitigate overfitting. The data is then compressed into a 256-node linear layer, followed by 
another ReLU activation, before a terminal linear projection yields the raw prediction logits for the four disease categories. 
The fundamental mathematical operations underlying this hybrid forward pass—specifically feature concatenation, the 
fully connected linear transformation, and batch normalization—are defined as follows:
Feature Concatenation:

	 ffused = [fcnn ∥ fmob]	

where fcnn and fmob represent the flattened feature vectors from the EfficientNetV2-S and MobileNetV3-Small branches, 
respectively.

Linear Transformation (Fully Connected Layer):

	 z =Wx + b	

where W denotes the learned weight matrix, x is the input feature vector, and b represents the bias term.
Batch Normalization:

	

yi = γ


 xi – µB√

σ2B + ϵ


 + β

	

where µB  and σ2B  are the mini-batch mean and variance, γ  and β  are learnable scale and shift parameters, and ϵ is a 
small constant ensuring numerical stability.

Compared models

To validate the effectiveness of the proposed Hybrid Feature Fusion Architecture, its performance was compared against 
several state-of-the-art deep learning architectures. These models were selected due to their proven performance in 
image classification and their ability to generalize across complex agricultural datasets. The compared architectures 
include:

•	 Custom CNN Model

•	 ResNet50

•	 DenseNet121

•	 MobileNetV3

•	 EfficientNetV2-B3

•	 Vision Transformer (ViT-B16)
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Transfer learning was employed across all pre-trained architectures, where the original classification heads were 
replaced with custom multi-layer perceptrons (MLPs) specifically fine-tuned for the four target tea leaf disease categories.

Custom CNN Model Architecture and Implementation

To establish a domain-specific baseline for tea leaf disease classification, we designed a custom Convolutional Neural 
Network (CNN) from scratch. The feature extraction backbone is constructed from six sequential convolutional blocks 
[33,34]. The network initially applies a 3 × 3 convolution to the input images to extract 32 feature channels, which is then 
expanded to 64 channels for the subsequent five convolutional layers. A zero-padding of 1 is applied across all convo-
lutions to preserve spatial dimensions prior to downsampling. To introduce non-linearity and reduce spatial resolution, 
each convolutional layer is followed by an in-place Rectified Linear Unit (ReLU) activation and a 2 × 2 max pooling 
operation.

To promote stable gradient flow and optimal convergence, all convolutional weights are initialized using the Kaiming 
normal distribution. Following the final max pooling step, an adaptive average pooling layer standardizes the output to 
a 1 × 1 spatial resolution. This flattened 64-dimensional feature vector is then passed into a streamlined classification 
head, comprising a fully connected layer with 64 units, a ReLU activation, and a final linear layer that outputs the raw 
logits for the target disease classes. The fundamental mathematical operations governing this network’s forward pass—
specifically convolution, ReLU activation, max pooling, and the final softmax probability distribution—are defined as 
follows:
Convolution:

	
yi,j,k =

∑
m,n,c

wm,n,c,k xi+m, j+n, c + bk
	

ReLU:

	 ϕ(u) = max(0, u)	

Max Pooling:

	
yi,j,k = max

(m,n)∈R(i,j)
xm,n,k

	

Softmax (output):

	
pc =

ezc∑C
r=1 e

zr 	

ResNet50 model architecture and implementation

The ResNet50 architecture was evaluated to leverage its deep, 50-layer residual framework for tea leaf disease classi-
fication [35]. A defining characteristic of this network is its use of bottleneck blocks—a sequence of 1 × 1, 3 × 3, and 1 × 1 
convolutions designed to efficiently capture complex spatial hierarchies. Crucially, ResNet50 utilizes skip connections to 
bypass certain layers, a structural innovation that effectively mitigates the vanishing gradient problem in deep networks. 
Instead of learning a direct unreferenced mapping H(x), the architecture learns a residual mapping defined mathemati-
cally as:
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	 H(x) = F(x) + x	

where F(x) represents the residual function. Within the network’s working procedure, each block computes its output as:

	 y = F(x,W) + x	

where F(x, W) denotes the convolutional transformations governed by weights W. This design allows gradients to flow 
unimpeded through the skip connections during backpropagation.

Following the core convolutional stages and global average pooling [36], we modified the network’s classification mech-
anism to better suit our specific dataset. We replaced the default fully connected layer with a custom Multi-Layer Percep-
tron (MLP) head. This custom head first projects the deep features into a 1024-dimensional space, applying an in-place 
ReLU activation and 1D batch normalization to stabilize feature transitions. To prevent overfitting, a 40% dropout rate is 
applied before mapping the data to a 512-dimensional layer. This is followed by another ReLU activation and a second 
batch normalization step intended to prevent gradient collapse. Finally, a secondary dropout of 20% is applied before the 
terminal linear layer outputs the predictive logits for the target disease classes.

DenseNet121 model architecture and implementation

The DenseNet121 architecture was integrated into our framework to exploit its highly efficient feature reuse capabilities 
[37]. Comprising 121 layers, this network distinguishes itself through dense connectivity, where each layer receives direct 
inputs from all preceding layers within its specific block. This foundational mechanism is mathematically formalized as:

	 xl = Hl([x0, x1, . . . , xl–1])	

where the brackets denote the concatenation of previous feature maps. The network expands based on a predefined 
growth rate that dictates the number of new feature maps added per layer. Because features are continuously reused 
throughout the network, the architecture reduces the number of required parameters while simultaneously enhancing 
gradient flow.

In practice, the input data progresses through dense blocks composed of convolutional layers coupled with batch 
normalization and ReLU activations. Between these dense blocks, transition layers featuring a 1 × 1 convolution and 
2 × 2 average pooling are applied to sequentially compress the feature dimensions. For our specific classification task, 
we fine-tuned a pre-trained DenseNet121 backbone and customized its terminal classification stage. The native classi-
fication head was replaced with a tailored sequential block that first projects the deep features into a 512-dimensional 
linear layer. To accelerate convergence and stabilize the deep feature representations, this layer is immediately fol-
lowed by an in-place ReLU activation and 1D batch normalization. Finally, to actively mitigate overfitting during training, 
a 50% dropout layer is applied before the ultimate linear layer maps the representations directly to the four target tea 
leaf disease classes.

MobileNetV3 model architecture and implementation

The MobileNetV3 architecture was evaluated in our study to take advantage of its balance between classification 
accuracy and computational efficiency [32,38,39]. This network integrates depthwise separable convolutions with 
inverted residual frameworks, while refining its layer structures through Hardware-Aware Neural Architecture Search 
(NAS). The network draws its core efficiency from depthwise separable convolutions, which reduce computational 
overhead compared to standard convolutions. The operation for depthwise convolution is mathematically expressed 
as:
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yi,j,k =

∑
m,n

Km,n,k xi+m,j+n,k
	

To facilitate complex feature learning without destroying gradients, it employs inverted residuals with linear bottlenecks, 
defined as:

	 y =W2 · DW(W1 · x)	

Furthermore, the architecture embeds Squeeze-and-Excitation (SE) blocks to apply channel-wise attention, highlighting 
the most informative feature maps through the computation:

	

sc = σ
(
W2 δ(W1zc)

)
, zc =

1
H×W

∑
i,j

xi,j,c
	

Our methodology specifically employs the pre-trained MobileNetV3-Large backbone to ensure the capture of deep visual 
features from tea leaf lesions. To tailor this backbone for our diagnostic task, we discarded the default classifier and 
implemented a custom sequential processing head. The 960-dimensional feature maps extracted by the backbone are 
first condensed using a 1 × 1 adaptive average pooling layer and flattened. The data then flows into a 512-node linear 
layer, followed by an in-place Hardswish activation function and 1D batch normalization to stabilize feature distributions 
and accelerate convergence. To prevent overfitting, we enforce a 30% dropout rate before passing the data into a subse-
quent 256-node linear layer. After a final Hardswish activation step, a terminal linear layer maps the extracted patterns to 
the four target disease classes.

EfficientNetV2-B3 model architecture and implementation

To maximize classification accuracy while optimizing computational resources, we integrated the EfficientNetV2-B3 
architecture into our study [31]. The EfficientNet family is distinguished by its compound scaling method, which uniformly 
scales network depth, width, and image resolution [40]. This optimal scaling is mathematically formulated using a com-
pound coefficient ϕ to determine the network’s dimensions:

	 d = αϕ, w = βϕ, r = γϕ
	

subject to the constraint α · β2 · γ2 ≈ 2 (where α ≥ 1,β ≥ 1, γ ≥ 1), where α, β , and γ  dictate resource allocation across 
depth (d), width (w), and resolution (r).

The V2 iteration enhances training speed and parameter efficiency by strategically replacing standard depth-
wise convolutions with Fused-MBConv blocks in its early layers [31]. Our implementation incorporates a robust 
fallback mechanism that attempts to load the EfficientNetV2-B3 backbone but seamlessly reverts to the standard 
EfficientNet-B3 architecture to ensure continuous execution across different environment setups. To adapt this 
backbone for the nuances of our tea leaf dataset, we replaced the native classifier with a custom sequential multi-
layer perceptron (MLP) head. The deep features extracted by the backbone are first projected into a 1024- 
dimensional linear layer, paired with an in-place ReLU activation and 1D batch normalization to stabilize gradient 
flow. To mitigate overfitting, we apply a 30% dropout rate at this stage. The data is then compressed into a 512-
node linear layer, subjected to another round of ReLU activation and batch normalization, and regularized with a 
15% dropout. Finally, a terminal linear projection maps the refined feature set to the four target tea leaf disease 
classes.
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Vision transformer (ViT-B16) architecture and implementation

To broaden our architectural evaluation and explore non-convolutional paradigms, we incorporated the Vision Trans-
former (ViT-B16) into our study [41]. Unlike standard Convolutional Neural Networks that rely on localized receptive fields 
to build feature maps, ViT fundamentally treats an image as a sequence of flattened 2D patches—in this case, 16 × 16 
pixels each. These patches are linearly projected into a 1D sequence of token embeddings and supplemented with posi-
tional embeddings to retain spatial relationships. The architecture heavily relies on the Multi-Head Self-Attention (MHSA) 
mechanism to capture global dependencies and contextual relationships across the entire image simultaneously. The core 
self-attention operation is mathematically defined as:

	
Attention(Q,K,V) = softmax

(
QKT√
dk

)
V

	

where Q, K, and V represent the query, key, and value matrices, respectively, and dk acts as a scaling factor to stabilize 
gradients during training.

In our implementation, we utilized the pre-trained ViT-B/16 backbone to harness its powerful global represen-
tations. However, to specialize the model for the detection of our specific tea leaf diseases, we discarded the 
default classification head and integrated a custom multi-layer perceptron (MLP). The deep features extracted by 
the transformer are first passed through a 512-node linear layer. Instead of a standard ReLU, this layer employs a 
Gaussian Error Linear Unit (GELU) activation function, which provides smoother non-linearities and is highly syn-
ergistic with transformer-based architectures. To mitigate the risk of overfitting—a common issue when applying 
data-hungry transformers to smaller datasets—a 20% dropout rate is enforced before the data passes through the 
final linear projection. This terminal layer maps the generalised token representations directly to the four distinct 
disease categories.

Vision transformer (ViT-B16) architecture and implementation

To broaden our architectural evaluation and explore non-convolutional paradigms, we incorporated the Vision 
Transformer (ViT-B16) into our study [41]. Unlike standard Convolutional Neural Networks that rely on localized 
receptive fields, ViT treats an image as a sequence of flattened 2D patches—in this case, 16 × 16 pixels each. 
These patches are linearly projected into a 1D sequence of token embeddings and supplemented with positional 
embeddings to retain spatial relationships. The architecture relies on the Multi-Head Self-Attention (MHSA) mech-
anism to capture global dependencies across the entire image simultaneously. The core self-attention operation is 
mathematically defined as:

	
Attention(Q,K,V) = softmax

(
QKT√
dk

)
V

	

where Q, K, and V represent the query, key, and value matrices, respectively, and dk acts as a scaling factor to stabilize 
gradients.

In our implementation, we utilized the pre-trained ViT-B/16 backbone and specialized it for tea leaf disease detection by 
replacing the default classification head with a custom multi-layer perceptron (MLP). The deep features extracted by the 
transformer are first passed through a 512-node linear layer. This layer employs a Gaussian Error Linear Unit (GELU) acti-
vation function, providing smooth non-linearities synergistic with transformer architectures. To mitigate overfitting, a 20% 
dropout rate is enforced before the final linear projection. This terminal layer maps the generalized token representations 
directly to the four distinct disease categories.
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Experimental result

Training & Validation setup

As illustrated in Table 2, to ensure robust and unbiased model evaluation, the curated dataset was partitioned into 
80% training, 10% validation, and 10% testing subsets using a stratified split to preserve class distribution across all 
experimental phases (Fig 4). All computational experiments were executed within the PyTorch deep learning frame-
work. To optimize the network parameters and improve generalization, we utilized the AdamW optimizer with an initial 
learning rate of 0.001, capitalizing on its superior weight decay handling compared to standard Adam optimization. 
The architectures were trained utilizing a batch size of 16 over a maximum configuration of 20 epochs. Furthermore, 
to address class imbalances within the dataset, the training pipeline dynamically computes balanced class weights 
and integrates them directly into the cross-entropy loss function, with built-in mechanisms to utilize Focal Loss or 
Label Smoothing as required. Finally, to prevent the networks from overfitting, a strict early stopping protocol was 
implemented; the training cycle is automatically terminated if the validation loss fails to improve over a patience win-
dow of 10 consecutive epochs.

Table 2.  Stratified dataset split (80-10-10) preserving class equilibrium.

Class Name Training (80%) Validation (10%) Testing (10%)

Blight 408 51 51

Red Rust 380 47 48

Helopeltis 392 49 49

Healthy 420 53 52

Total 1600 200 200

https://doi.org/10.1371/journal.pone.0349210.t002

Fig 4.  Dataset split distribution showing the proportion of images used for training (80%), validation (10%), and testing (10%). 

https://doi.org/10.1371/journal.pone.0349210.g004
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Models evaluation results

Custom CNN model

To evaluate how well the Custom Convolutional Neural Network (CNN) architecture performs, we ran a series of 
experiments using our prepared dataset. We carefully applied optimization and regularization techniques to keep the 
training process stable and to stop the model from simply memorizing the training images. Throughout the training 
cycles, the model displayed a solid and consistent learning pattern. The training accuracy climbed steadily, eventually 
reaching 91.80%, while the training loss dropped significantly to about 0.24. At the same time, the validation met-
rics showed that the model was generalizing quite well to unseen data. The validation accuracy peaked at a strong 
89.60% during the later epochs before settling at 85.20% by the end of training. As illustrated in Fig 5 and Fig 6, while 
a slight gap naturally emerges between the training and validation curves toward the end, the validation loss remains 
largely under control, finishing near 0.55. It is also worth highlighting that the model achieved an excellent Area Under 
the Curve (AUC) score, peaking at 0.976 on the validation set. These updated metrics clearly confirm that our custom 
CNN is highly effective at picking out the vital spatial features from tea leaves, proving it to be a dependable tool for 
disease classification tasks.

ResNet50

We evaluated the pre-trained ResNet50 architecture using transfer learning to determine how well its deep residual frame-
work could handle our tea leaf disease dataset. Unlike early baseline runs where the model had difficulty generalizing, 
our refined training process yielded fantastic results, proving that the network can indeed adapt to the domain-specific 
features of tea leaves when properly optimized. Looking at the updated metrics in Fig 7 and Fig 8, the learning curves 
highlight a highly effective training phase. Training accuracy climbed steadily to reach just over 95%, while the training 
loss dropped smoothly from 0.67 down to 0.16. The validation metrics closely mirrored this success. Validation accuracy 
consistently tracked in the 90s, ultimately peaking at an impressive 95.60%. While there was a bit of expected volatility 
in the validation loss—such as a brief spike around epoch 19—it generally remained low, ultimately settling near 0.17. 
Furthermore, the model’s discriminative power was stellar; the validation Area Under the Curve (AUC) consistently stayed 

Fig 5.  Training and validation performance of the customized CNN. The plots illustrate the loss history (left) and accuracy history (right) over 30 
epochs, demonstrating a steady convergence in training while revealing characteristic fluctuations in validation metrics typical of learning on high- 
variance natural field imagery.

https://doi.org/10.1371/journal.pone.0349210.g005
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Fig 6.  Performance analysis of the Custom CNN baseline architecture. a) Confusion matrix for the Custom CNN Model on the stratified test set. b) 
Bar Chart for the Custom CNN Model.

https://doi.org/10.1371/journal.pone.0349210.g006
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above 0.98, reaching as high as 0.997. Ultimately, ResNet50 demonstrated robust learning behavior and excellent classifi-
cation capabilities. While its deeper, parameter-heavy structure naturally demands higher computational costs and slightly 
longer training times compared to lightweight models like MobileNetV3, its ability to successfully capture complex spatial 
patterns makes it a highly effective and accurate tool for this diagnostic task.

DenseNet121

To explore the benefits of feature reuse, we fine-tuned the DenseNet121 architecture on our tea leaf disease dataset. The 
defining characteristic of this network is its dense connectivity: each layer directly receives feature maps from all preced-
ing layers. This setup is highly effective at keeping gradients flowing smoothly throughout the network while minimizing 
redundant feature learning. The updated training metrics highlight a highly successful learning process. As shown in Fig 9 
and Fig 10, both training and validation accuracies climbed rapidly in the early stages and stabilized at an impressive 94% 
to 96% range. Validation accuracy ultimately peaked at 96.40%, while the validation loss dropped down to an excellent 
0.12. The close tracking between the training and validation curves indicates that the model achieved robust general-
ization without suffering from significant overfitting. Furthermore, the model’s discriminative ability was exceptional, with 
the validation Area Under the Curve (AUC) consistently staying above 0.99 in the latter half of training, peaking at nearly 
0.998. Ultimately, DenseNet121 proved to be an incredibly strong performer. It delivered highly competitive accuracy and 
stable learning dynamics, proving its reliability for this classification task, even though it naturally demands a bit more 
computational overhead compared to strictly lightweight models like MobileNetV3.

MobileNetV3

The fine-tuned MobileNetV3 architecture demonstrated strong and reliable performance on our tea leaf disease dataset. 
By taking advantage of depthwise separable convolutions and squeeze-and-excitation blocks within its lightweight frame-
work, the model successfully secured high accuracy rates without demanding excessive computational power. Looking 
at the updated training dynamics in Fig 11 and Fig 12, the network learned rapidly. Training accuracy climbed steadily to 
peak at 97.25%, while the training loss dropped as low as 0.08. On the validation side, we did observe a sharp spike in 
loss during the very first epoch a common occurrence as weights make their initial large adjustments. However, it swiftly 

Fig 7.  Training and validation performance of the refined ResNet50. The plots show the loss history (left) and accuracy history (right) for the Res-
Net50 model with its custom MLP head.

https://doi.org/10.1371/journal.pone.0349210.g007
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Fig 8.  Performance analysis of the ResNet50 baseline architecture. a) Confusion matrix for the ResNet50 Model on the stratified test set. b) Bar 
Chart for the ResNet50 Model.

https://doi.org/10.1371/journal.pone.0349210.g008
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corrected itself, dropping down and settling into a very stable range near 0.18 to 0.20. Validation accuracy quickly stabi-
lized in the 92% to 94% range, eventually hitting a peak of 94.40%. It is also important to highlight the model’s outstanding 
discriminative power; the validation Area Under the Curve (AUC) consistently stayed above 0.98, reaching an impressive 
high of 0.995. Ultimately, MobileNetV3 proved to be highly efficient. Its smooth convergence, exceptionally high AUC, and 
incredibly low computational footprint reaffirm that it is a practical, scalable, and highly capable choice for real-time agri-
cultural disease detection in the field.

EfficientNetV2-B3

To expand our comparative analysis during the revision process, we incorporated the EfficientNetB3 architecture into our 
experiments. This specific model is highly regarded for its compound scaling method, which uniformly scales network 
depth, width, and image resolution to maximize performance without causing an explosion in computational overhead. 
The training logs reveal a highly efficient and remarkably rapid learning phase that converged in just 17 epochs (Fig 13 
and Fig 14). The network grasped the training data almost immediately; training accuracy surged to a peak of 98.35%, 
while the training loss plummeted to a low of roughly 0.06. More importantly, the validation metrics proved that the model 
was genuinely generalizing rather than just memorizing the data. Validation accuracy started strong at 94% right out of the 
gate and ultimately hit an outstanding peak of 97.60%. The validation loss remained tightly controlled throughout the run, 
dropping as low as 0.11 before finishing near 0.14. The model’s ability to discriminate between the four tea leaf categories 
was exceptional. Across the entire training cycle, the validation Area Under the Curve (AUC) never once dropped below 
0.99, hitting a near-perfect high of 0.9968. These results clearly demonstrate EfficientNetB3’s phenomenal diagnostic 
capabilities. It strikes a brilliant balance, offering accuracy that rivals the absolute best-performing models in our study 
while remaining highly efficient.

Vision transformer (ViT-B16)

To broaden the scope of our architectural comparison, we also evaluated the Vision Transformer (ViT-B16) model. 
Unlike traditional convolutional networks that rely on local receptive fields, ViT treats image patches as a sequence 
of tokens and applies self-attention mechanisms to capture global dependencies. However, the training dynamics 
revealed that this architecture faced challenges adapting to our specific dataset. The learning process was notably 

Fig 9.  Training and validation performance of the DenseNet121 model. The plots show the loss history (left) and accuracy history (right) over 30 
epochs, demonstrating high discriminative power with a final validation accuracy.

https://doi.org/10.1371/journal.pone.0349210.g009
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Fig 10.  Performance analysis of the DenseNet121 baseline architecture. a) Confusion matrix for the DenseNet121 Model on the stratified test set. 
b) Bar Chart for the DenseNet121 Model.

https://doi.org/10.1371/journal.pone.0349210.g010
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slower and more erratic than the CNN models (Fig 15 and Fig 16). Training accuracy climbed gradually, eventually 
plateauing near 65% to 66%, while the training loss decreased from 1.34 to approximately 0.77. On the validation 
side, the metrics displayed significant fluctuations across epochs. Validation accuracy experienced several peaks 
and valleys, ultimately reaching a high of 76.40% before settling near 70.80% at the close of training. The valida-
tion loss mirrored this instability, hitting a low of 0.62 but showing variance throughout the run. Despite the lower 
accuracy ceiling, the model maintained a respectable validation Area Under the Curve (AUC), peaking at 0.934. 
These results suggest that while ViT-B16 can successfully identify some distinct characteristics of tea leaf diseases, 
its highly parameterized, data-hungry nature makes it prone to underfitting on a relatively small dataset of 2,000 
images. It highlights the fact that without massive scale pre-training or extreme data augmentation, lightweight CNNs 
currently remain more optimal for this specific agricultural diagnostic task.

Proposed hybrid feature fusion model

To address the complexity of capturing both fine-grained disease symptoms and overall leaf structural changes, we 
developed a novel Hybrid CNN model. This custom architecture employs a dual-branch feature extraction strategy. 
The first branch utilizes EfficientNetV2-S to focus on extracting local textures, such as minute fungal spots and 
rust lesions, outputting a 1280-dimensional feature vector. The second branch leverages MobileNetV3-Small as a 
rapid proxy to capture the global structural context of the leaf, yielding a 576-dimensional vector. These represen-
tations are concatenated into a single 1856-dimensional feature space and passed through a robust classifier block 
equipped with batch normalization and a 40% dropout rate to prevent overfitting (Fig 17 and Fig 18). The empiri-
cal results of this hybrid approach were highly promising. Over a streamlined 17-epoch training phase, the model 
exhibited rapid and highly effective learning. Training accuracy climbed to an impressive 97.80%, with  
the corresponding loss dropping to just 0.065. On the validation set, aside from a brief anomaly at epoch four 
where the loss temporarily spiked, the network stabilized exceptionally well. Validation accuracy peaked at 96.80% 
at epoch seven, maintaining consistent performance in the mid-90s for the remainder of the run. Furthermore, 
the model’s discriminative precision is evident in its Area Under the Curve (AUC) scores, which hit a near-perfect 

Fig 11.  Training and validation performance of the MobileNetV3 model. The plots present the loss history (left) and accuracy history (right) for 
the MobileNetV3-Small backbone, showcasing rapid convergence and stable performance through the integration of a custom classification head and 
AdamW optimization.

https://doi.org/10.1371/journal.pone.0349210.g011
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Fig 12.  Performance analysis of the MobileNetV3 baseline architecture. a) Confusion matrix for the MobileNetV3 Model on the stratified test set. b) 
Bar Chart for the MobileNetV3 Model.

https://doi.org/10.1371/journal.pone.0349210.g012
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0.9980 during validation. By synergizing the localized feature extraction prowess of EfficientNet with the global 
contextual efficiency of MobileNet, this hybrid framework provides a highly accurate and structurally robust solution 
for tea leaf disease classification.

Discussion

Accuracy comparison of models

A comprehensive comparative performance evaluation was conducted among eight distinct deep learning archi-
tectures—Custom CNN, Vision Transformer (ViT-B16), MobileNetV3, ResNet50, DenseNet121, EfficientNetV2-B3, 
VGG19, and our proposed Hybrid Feature Fusion model—to identify the most robust and effective approach for tea 
leaf disease classification. As detailed in Table 3, the experimental results demonstrate high performance metrics 
across the board following architectural refinements. The Vision Transformer (ViT-B16) yielded the lowest compara-
tive performance at 76.40%, highlighting the inherent challenges data-hungry transformers face on moderately sized 
agricultural datasets. Conversely, the baseline Custom CNN established a solid foundation with a peak accuracy of 
89.60%.

The lightweight MobileNetV3 maintained strong efficiency, achieving an impressive 94.40%. Both ResNet50 and 
DenseNet121 showcased excellent generalization capabilities—reaching 95.60% and 96.40% respectively—proving that 
their deep residual and densely connected frameworks can adapt effectively when fine-tuned with custom multi-layer clas-
sification heads. The EfficientNetV2-B3 architecture achieved the highest standalone raw accuracy at 97.60%, benefiting 
from its optimized compound scaling. Ultimately, the proposed Hybrid Feature Fusion model achieved a highly competitive 
peak accuracy of 96.80%. While EfficientNetV2-B3 performed marginally higher in raw accuracy, the proposed Hybrid 
model’s dual-branch architecture ensures a robust diagnostic capability by simultaneously capturing minute, localized dis-
ease symptoms through EfficientNetV2-S and global structural context via MobileNetV3-S. This optimal balance of local 

Fig 13.  Training and validation performance of the EfficientNetV2-B3 model. The plots exhibit the loss history (left) and accuracy history 
(right) for the EfficientNetV2-B3 architecture, highlighting high initial accuracy and consistent training stability across the 16-epoch conver-
gence period.

https://doi.org/10.1371/journal.pone.0349210.g013
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Fig 14.  Performance analysis of the EfficientNetV2-B3 baseline architecture. a) Confusion matrix for the EfficientNetV2-B3 Model on the stratified 
test set. b) Bar Chart for the EfficientNetV2-B3 Model.

https://doi.org/10.1371/journal.pone.0349210.g014
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texture extraction and global context makes the Hybrid framework highly suited for reliable, real-world agricultural disease 
detection.

Loss comparison of models

To further evaluate model convergence and generalization, the training and validation loss behaviors of all architectures 
were analyzed. As summarized in Table 4, the loss metrics reflect the improvements achieved through architectural refine-
ment and the implementation of advanced regularization during training. The Vision Transformer (ViT-B16) recorded the 
highest loss values, finishing with a training loss of 0.78 and a validation loss of 0.69, confirming the challenges transform-
ers face without massive scale pre-training on specialized datasets. The baseline Custom CNN demonstrated strong initial 
learning with a training loss of 0.24, though a higher validation loss of 0.56 indicates a degree of overfitting.

In contrast, the MobileNetV3, ResNet50, and DenseNet121 architectures exhibited stable learning dynamics. Specif-
ically, DenseNet121 and ResNet50 achieved excellent precision-recall balance, settling at controlled validation losses 
of 0.12 and 0.17 respectively, proving that their structural depths do not hinder convergence when properly optimized. 
Overall, the EfficientNetV2-B3 and the proposed Hybrid Feature Fusion model demonstrated the most effective loss 
minimization. Both models converged to exceptionally low training losses near 0.10 and validation losses near 0.14. This 
near-identical loss profile confirms that the proposed Hybrid Model successfully matches the state-of-the-art optimization 
efficiency of compound scaling while securing robust generalization and stability across epochs.

Discriminative performance (AUC) of the Proposed model vs Other compared models

To comprehensively evaluate the discriminative capability of the evaluated architectures, we analyzed the macro- 
averaged Area Under the Receiver Operating Characteristic Curve (AUC) across all models. The AUC provides a robust 
measure of a model’s ability to correctly distinguish between the four disease classes, regardless of the specific proba-
bility threshold used for classification. This metric is especially crucial in agricultural diagnostics, where the penalty for 
misclassifying a healthy leaf versus a diseased leaf can significantly impact treatment decisions.

The experimental logs reveal exceptional diagnostic precision at the top tier of our evaluated models. As detailed 
in Table 5, the Vision Transformer (ViT-B16) yielded the lowest peak validation AUC at 0.9340, indicating its struggle 

Fig 15.  Training and validation performance of the Vision Transformer (ViT-B16). The plots illustrate the loss history (left) and accuracy history 
(right) for the ViT-B16 model.

https://doi.org/10.1371/journal.pone.0349210.g015
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Fig 16.  Performance analysis of the Vision Transformer (ViT-B16) baseline architecture. a) Confusion matrix for the Vision Transformer (ViT-B16) 
Model on the stratified test set. b) Bar Chart for the Vision Transformer (ViT-B16) Model.

https://doi.org/10.1371/journal.pone.0349210.g016
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to map complex feature spaces effectively on this dataset scale. The baseline Custom CNN achieved a respectable 
0.9767, while the lightweight MobileNetV3 demonstrated highly efficient discriminative power with an AUC of 0.9956. 
Both ResNet50 and DenseNet121 showcased excellent precision, peaking at 0.9975 and 0.9979 respectively, 
proving that deep residual and dense connections facilitate highly accurate class separation. EfficientNetV2-B3 also 
demonstrated near-perfect discriminative capability with an AUC of 0.9968. Ultimately, the proposed Hybrid Fea-
ture Fusion model achieved the highest overall peak validation AUC of 0.9980. By synergizing the localized feature 
extraction of EfficientNet with the global contextual efficiency of MobileNet, the hybrid framework effectively mini-
mizes class confusion. These metrics confirm that the proposed model is not only highly accurate but also the most 
robust and reliable architecture in our study for distinguishing between the specific visual manifestations of tea leaf 
diseases.

Computational complexity and efficiency analysis

To rigorously justify the suitability of the proposed Hybrid Feature Fusion architecture for resource-constrained edge 
environments, a comparative analysis of computational complexity was conducted. We evaluated the total trainable 
parameters and Floating Point Operations (FLOPs) across all benchmarked networks (Table 6). While architectures 
such as the Vision Transformer (ViT-B16) and ResNet50 possess massive parameter footprints (57.69M and 26.14M 
parameters, respectively) that demand significant computational overhead (22.57G and 8.27G FLOPs), the stand-
alone MobileNetV3 proved to be the most lightweight at 3.60M parameters. Our proposed Hybrid Model achieves an 
optimal structural balance. By running the lightweight MobileNetV3-S in parallel with EfficientNetV2-S, the network 
requires 22.19M parameters and 5.93G FLOPs. This confirms that the hybrid approach successfully circumvents the 
prohibitive computational inflation associated with deep residual or transformer-based models (such as ViT-B16), 
remaining highly computationally viable for real-time deployment on IoT edge devices without sacrificing diagnostic 
precision.

Ablation study on preprocessing and augmentation

To rigorously justify the integration of our specific data augmentation strategies and optimization pipeline, an ablation 
study was conducted using the proposed Hybrid Feature Fusion architecture. The model was evaluated under two 

Fig 17.  Training and validation performance of the Hybrid Feature Fusion Model. The plots present the loss history (left) and accuracy history 
(right) for the proposed dual-branch architecture, showcasing superior convergence stability and achieving the highest overall accuracy.

https://doi.org/10.1371/journal.pone.0349210.g017
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Fig 18.  Performance analysis of the Hybrid Feature Fusion Model baseline architecture. a) Confusion matrix for the Hybrid Feature Fusion Model 
on the stratified test set. b) Bar Chart for the Hybrid Feature Fusion Model.

https://doi.org/10.1371/journal.pone.0349210.g018
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Table 3.  Performance comparison of different models on tea leaf disease classification.

Model Accuracy (%) Remarks

ViT-B16 76.40 Struggled with dataset scale constraints

Custom CNN 89.60 Strong baseline feature extraction

MobileNetV3 94.40 Lightweight and computationally efficient

ResNet50 95.60 Effective generalization with residual blocks

DenseNet121 96.40 Excellent feature reuse and stability

Hybrid Model (Proposed) 96.80 Optimal local and global feature fusion

EfficientNetV2-B3 97.60 Highest standalone accuracy

https://doi.org/10.1371/journal.pone.0349210.t003

Table 4.  Comparison of final training and validation loss across different models.

Model Train Loss Validation Loss Observation

ViT-B16 0.78 0.69 High loss, erratic convergence

Custom CNN 0.24 0.56 Good training convergence, minor overfitting

MobileNetV3 0.11 0.20 Smooth convergence, low variance

ResNet50 0.16 0.17 Excellent adaptation, balanced loss

DenseNet121 0.15 0.12 Rapid convergence, superior feature reuse

EfficientNetV2-B3 0.10 0.14 Exceptionally low training loss

Hybrid Model (Proposed) 0.07 0.14 Optimal generalization, highly stable

https://doi.org/10.1371/journal.pone.0349210.t004

Table 5.  Comparison of Peak Validation AUC across evaluated models.

Model Peak Validation AUC Discriminative Capability

ViT-B16 0.9340 Moderate

Custom CNN 0.9767 High

MobileNetV3 0.9956 Excellent

EfficientNetV2-B3 0.9968 Excellent

ResNet50 0.9975 Excellent

DenseNet121 0.9979 Excellent

Hybrid Model (Proposed) 0.9980 Outstanding

https://doi.org/10.1371/journal.pone.0349210.t005

Table 6.  Computational Complexity of Evaluated Models.

Model Parameters FLOPs

Custom CNN 171.52K 856.21M

ViT-B16 57.69M 22.57G

ResNet50 26.14M 8.27G

DenseNet121 7.48M 5.79G

MobileNetV3 3.60M 465.91M

EfficientNetV2-B3 12.80M 2.04G

Hybrid Model (Proposed) 22.19M 5.93G

https://doi.org/10.1371/journal.pone.0349210.t006
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distinct configurations to isolate the impact of the fully optimized data pipeline. First, an ablation baseline model was 
trained with a modified regularization and augmentation schedule. This configuration resulted in a peak validation accu-
racy of 97.20% but exhibited significant signs of learning instability, as evidenced by a final validation loss of 1.2388 and 
a peak macro AUC of 0.9972. Notably, the ablation baseline demonstrated extreme performance volatility in the later 
epochs, with validation loss spiking to 4.8279 at epoch 16, indicating poor generalization and a lack of convergence 
stability (Fig 19 and Fig 20).

Finally, our proposed fully configured pipeline—incorporating the complete Albumentations augmentation suite (rota-
tions, horizontal flips, and brightness adjustments) and stratified balancing—was evaluated. This complete configuration 
achieved a more stable peak accuracy of 96.80% and a superior macro AUC of 0.9980. While the ablation baseline occa-
sionally reached high raw accuracy, it lacked the convergence stability and consistent loss minimization of the full pipeline. 
This empirical analysis explicitly justifies our methodological choices, proving that the integration of dynamic spatial and 
pixel-level augmentations is strictly necessary to maximize the feature extraction stability and generalization of the dual-
branch network across the diverse tea leaf disease dataset.

Cross-dataset generalization

To rigorously validate the robustness and generalizability of the proposed Hybrid Feature Fusion architecture beyond our 
newly curated dataset, we conducted a supplementary cross-dataset evaluation using the publicly available teaLeafBD 
benchmark. The teaLeafBD dataset features distinct environmental conditions, camera sensors, and background com-
plexities compared to our primary dataset. Without any structural modifications to the network, our hybrid model was 
trained and evaluated on the teaLeafBD dataset following the identical 80-10-10 split, data augmentation, and hyperpa-
rameter protocols.

The model demonstrated exceptional adaptability, achieving a peak validation accuracy of 96.26% and an 
outstanding peak macro AUC of 0.9982 on the external data (Fig 21 and Fig 22). Despite encountering initial 
volatility in the early training phases, the model’s optimization framework facilitated a successful recovery, con-
cluding with a highly stable validation loss of 0.1360. This comparative analysis confirms that our dual-branch 

Fig 19.  Performance curves for the Ablation Study baseline. The plots illustrate the loss history (left) and accuracy history (right) for the unoptimized 
Hybrid Feature Fusion baseline, revealing significant performance volatility and extreme validation spikes when custom architectural optimizations and 
regularization are removed.

https://doi.org/10.1371/journal.pone.0349210.g019
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Fig 20.  Performance analysis of the Hybrid Feature Fusion Model during the Ablation Study (Unaugmented Baseline) baseline architecture. a) 
Confusion matrix for the Hybrid Feature Fusion Model during the Ablation Study (Unaugmented Baseline) on the stratified test set. b) Bar Chart for the 
Hybrid Feature Fusion Model during the Ablation Study (Unaugmented Baseline).

https://doi.org/10.1371/journal.pone.0349210.g020
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approach—simultaneously capturing local textures via EfficientNetV2-S and global structures via MobileNetV3- 
S—does not overfit to the specific artifacts of our curated dataset. Instead, it successfully learns highly gen-
eralizable pathological features that remain robust across diverse agricultural domains and varying imaging 
conditions.

Limitations and future work

This study is limited by the relatively small dataset size (2000 images), which, although augmented, may not fully 
capture the variability of real-world tea plantations. Future research will address these limitations through the fol-
lowing directions: Dataset Expansion: Increasing the dataset scale by incorporating multi-regional and seasonally 
diverse samples. Disease Coverage: Including additional disease categories to improve the robustness and ver-
satility of the model. IoT Integration: Deploying the model on IoT-enabled mobile and edge devices for real-time 
field monitoring and decision support. Lightweight Optimization: Exploring more efficient architectures to enhance 
performance on low-resource hardware. Model Interpretability: Integrating Explainable AI (XAI) techniques, such 
as Gradient-Weighted Class Activation Mapping (Grad-CAM), to visually interpret network attention, validate critical 
disease features, and build agronomic trust in the automated decision-making process. Another limitation of our cur-
rent dataset and model is that they assume each leaf only has one disease. In real farming environments, however, 
it is very common for multiple diseases to affect a single leaf at the same time. To address this, our future research 
will shift to a multi-label classification approach. This will allow the system to identify overlapping diseases, giving a 
much more accurate picture of actual‌‌ field conditions.

Conclusion

This study proposed and rigorously evaluated a Hybrid Feature Fusion architecture for the automated and accurate clas-
sification of tea leaf diseases into four distinct categories: Blight, Red Rust, Helopeltis, and Healthy. By synergizing the 
fine-grained local texture extraction capabilities of an EfficientNetV2-Small backbone with the global structural awareness 
of a MobileNetV3-Small pathway, the dual-branch framework effectively overcomes the representational limitations of tra-
ditional single-branch networks. The proposed hybrid model achieved a highly competitive peak classification accuracy of 
96.80% alongside an outstanding macro Area Under the Curve (AUC) of 0.9980. Comprehensive benchmarking against 

Fig 21.  Cross-dataset validation on the teaLeafBD dataset. The plots depict the loss history (left) and accuracy history (right) for the Hybrid Feature 
Fusion Model on the external teaLeafBD benchmark, demonstrating robust generalizability and stable cross-dataset performance.

https://doi.org/10.1371/journal.pone.0349210.g021
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Fig 22.  Performance analysis of the Hybrid Feature Fusion Model on the teaLeafBD dataset baseline architecture. a) Confusion matrix for the 
Hybrid Feature Fusion Model on the teaLeafBD dataset on the stratified test set. b) Bar Chart for the Hybrid Feature Fusion Model on the teaLeafBD 
dataset.

https://doi.org/10.1371/journal.pone.0349210.g022
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seven diverse deep learning architectures—ranging from specialized CNNs and mobile-optimized networks to Vision 
Transformers—demonstrated that the hybrid approach provides an optimal precision-recall balance and superior learning 
stability. Furthermore, the integration of a dynamic spatial and pixel-level data augmentation pipeline, coupled with opti-
mized loss functions and automated class weighting, significantly enhanced the model’s generalization under variable field 
conditions. Because this architecture balances high diagnostic precision with computational efficiency, it is exceptionally 
well-suited for deployment on Internet of Things (IoT) and mobile edge devices. Consequently, this framework offers a 
practical, scalable solution for real-time disease monitoring, directly contributing to the advancement of precision agricul-
ture and the promotion of sustainable tea production in Bangladesh and globally.
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