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Abstract

Accurate detection of plant leaf diseases is essential for enhancing crop productivity and
supporting global food security. In addition to disease classification, understanding how
environmental and soil conditions affect model performance is important for developing
robust real-world agricultural monitoring systems. Although deep learning (DL) models
achieve high accuracy on benchmark datasets, their performance in real-world settings is
often limited by variations in illumination, background complexity, and environmental
conditions. This study proposes a smart DL framework for detecting and classifying
multiple leaf diseases in tomato, potato, and pepper plants. The framework combines U2-
Net-based leaf segmentation with a Convolutional Neural Network–Bidirectional Gated
Recurrent Unit (CNN–Bi-GRU) architecture. MobileNetV2 is employed as the feature
extraction backbone to capture spatial characteristics, while Bi-GRU layers model sequential
feature dependencies, forming a spatio-temporal network whose architectural design
prioritizes parameter efficiency through depthwise separable convolutions and reduced
gating complexity. The model was trained and validated using the PlantVillage benchmark
dataset and achieved a classification accuracy of 99.8% with a macro-averaged F1-score of
94%, outperforming several state-of-the-art architectures. To assess robustness under real-
world conditions, the trained model was further tested on leaf images collected from open-
field environments near Eluru, South India. The field evaluation revealed a reduction in
classification accuracy to 61.97%, indicating the impact of domain shift and environmental
variability. To investigate potential contributing factors, soil parameters, including pH,
temperature, moisture, and NPK levels, were monitored using an IoT-based Arduino
sensing system over ten consecutive days. Rather than serving as direct inputs to the
disease classification model, these environmental measurements were analyzed to assess
their potential influence on disease symptom expression and the observed reduction
in model performance under field conditions. The results suggest that environmental
conditions may influence disease symptom expression and model transferability. This study
highlights the importance of integrating DL-based disease recognition with environmental
monitoring for reliable field-level agricultural applications. Nevertheless, computational
complexity metrics, including inference latency and memory footprint, were not evaluated
in the present work and are identified as a priority for future edge deployment studies.
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1. Introduction
Plant diseases pose a critical challenge to global food security, as early symptoms often

manifest as subtle, spatially localized lesions that rapidly intensify. Delays or inaccuracies
in diagnosis amplify yield losses, drive pesticide misuse, and create downstream economic
risks. Conventional visual inspection remains constrained by human subjectivity, symptom
similarity across pathogens, and the sheer scale of monitoring required in commercial
cultivation. Consequently, there is an urgent need for automated, accurate, and scalable
disease surveillance systems.

Recent advances in deep learning methods have significantly transformed plant dis-
ease detection, identification, and classification [1–3]. Convolutional neural networks
(CNNs) have been widely adopted for automated classification because of their ability to
learn discriminative features directly from raw images without reliance on handcrafted
descriptors [4–6]. These approaches mark a paradigm shift toward precision agriculture,
where real-time, fine-grained diagnosis enables timely and sustainable interventions. How-
ever, single-image CNN classifiers often face limitations in real-world deployments due
to small or occluded targets, illumination variations, and an inability to model disease
progression. While CNNs are effective for spatial encoding, the inherently dynamic nature
of plant disease requires methods that can capture sequential dependencies and contextual
transitions [7].

Hybrid architectures address these limitations by combining CNN-based spatial fea-
ture extraction with recurrent layers such as Long Short-Term Memory (LSTM) networks or
Gated Recurrent Units, which can model sequential relationships among extracted feature
representations [8,9]. Bidirectional GRUs further enhance feature learning by process-
ing feature sequences in both forward and backward directions, enabling the network to
capture complementary contextual information [10]. When integrated with CNN-based
feature extractors, Bi-GRU layers facilitate the learning of both fine-grained lesion charac-
teristics and higher-level feature dependencies, thereby improving disease classification
performance in complex agricultural imaging environments.

Hybrid networks that combine convolutional feature extraction with recurrent se-
quence modeling have increasingly incorporated segmentation and attention modules
to improve performance on noisy, real-world data across various domains. For example,
previous work proposed an Automatic Segmentation and Hyperparameter Optimization
Artificial Rabbits Algorithm (AS-HPOARA) to enhance plant leaf disease classification [11].
A modified U-Net performs segmentation to isolate disease-specific regions, enabling
richer feature representation. Classification is then carried out through an Artificial Rabbits
Algorithm with hyperparameter optimization, which increases training efficiency, reduces
statistical bias, and minimizes model complexity. By combining segmentation, augmenta-
tion, and optimized classification, this approach achieves higher accuracy and robustness
in disease detection.

While hybrid pipelines improve accuracy on disease progression modeling tasks,
they also raise training/inference latency, memory footprint, and engineering complexity
(e.g., error propagation across stages, multi-branch losses, and sequence packing). The
combination of multiple architectural components creates a highly expressive but computa-
tionally expensive network. Such models may be difficult to train and can be unsuitable
for real-time applications [12,13]. Particularly, attention modules (e.g., channel and spatial
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attention mechanisms) have been widely adopted to improve feature representation by
emphasizing informative regions and suppressing irrelevant information. However, these
modules introduce additional architectural complexity, which may increase computational
requirements depending on the model design and deployment environment [12,13]. On
the other hand, U2-Net is designed for explicit pixel-level salient object detection and
produces high-resolution masks that preserve both global structure and fine boundary
details. When applied as a preprocessing step in plant-disease pipelines, U2-Net removes
background clutter and isolates symptomatic leaf regions, which yields cleaner inputs for
feature extractors.

Most importantly, several DL-based studies on disease detection rely on the PlantVil-
lage dataset, a curated benchmark of ≈54,000 single-leaf images across 38 classes captured
under controlled conditions [14]. Apart from the PlantVillage dataset [14], other curated
repositories such as the PlantDoc dataset [15] and the PlantCLEF [16] dataset are also
widely used for disease detection, classification, and precision agriculture research.

While most powerful DL-based studies trained on this dataset often report near-ceiling
accuracy, their performance drops significantly when applied to real-world conditions
where illumination, canopy clutter, overlapping leaves, and sensor noise are present [6,17].
This “lab-to-field” gap has been repeatedly documented, demonstrating that over-reliance
on PlantVillage inflates performance metrics and obscures generalization limits [18]. Be-
yond curated repositories, researchers are increasingly using field-collected (user-driven)
datasets, which capture natural variability such as lighting changes, canopy clutter, over-
lapping leaves, and mixed symptoms. This data improves the ecological validity of deep
learning models, ensuring higher reliability in deployment and better adaptation to region-
specific conditions like local cultivars, climates, and pathogen strains [6,19,20]. Additionally,
developing original field datasets adds novelty to the research community and contributes
new insights to the literature.

In recent years, deep learning and hybrid deep learning models have emerged as
powerful tools in crop pest and disease management, becoming standard methodolo-
gies for addressing challenges in the detection, identification, and classification of crop
pests [1,21,22]. Several review-based studies have further consolidated these advance-
ments, not only outlining effective predetermined steps for predicting plant diseases using
DL- and ML-based approaches but also providing critical evaluations of their limitations
and challenges [1,17]. Among DL models, CNNs have been particularly successful for
image-based classification tasks, primarily due to their ability to extract hierarchical spatial
features from visual data. However, CNNs are inherently limited in capturing temporal
or sequential dynamics of disease progression, such as the development of spots, lesions,
mosaics, mottling, or rings over time. Moreover, CNN-based models often require large
volumes of labeled training data and are computationally expensive, which constrains their
practical deployment in resource-limited agricultural settings.

To address these limitations and effectively capture both the spatial and temporal
aspects of plant disease progression, researchers have increasingly adopted hybrid neural
network architectures. Hybrid deep learning frameworks integrating CNN and SVM
have been widely investigated for crop disease detection. For instance, a research study
presented an automated deep learning framework to improve paddy crop productivity
through early disease detection. A hybrid CNN–SVM model was developed to identify
brown spot, bacterial leaf blight, and leaf smut, achieving over 98% accuracy [19]. An
alternative hybrid architecture integrates a Vision Transformer (ViT) for advanced feature
representation with a Support Vector Machine (SVM) for classification, demonstrating high
accuracy in bean leaf lesion detection while simultaneously minimizing computational
overhead [23].
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In another study, the CNN–SVM hybrid model was proposed for automated straw-
berry leaf disease detection, achieving high accuracy, precision, recall, and F1-score, thereby
demonstrating its potential as an effective tool for disease diagnosis and crop health moni-
toring [24]. A research study introduced a hybrid framework for automated tomato leaf
disease diagnosis by integrating deep learning and machine learning techniques. The
model employed a pre-trained CNN, specifically MobileNetV2, for robust feature extrac-
tion, which was subsequently coupled with a Support Vector Machine (SVM) classifier
for multi-class disease prediction. The hybrid MobileNetV2-SVM model demonstrated
superior performance, attaining classification accuracies between 88% and 99%, surpassing
several conventional approaches whose accuracies ranged from 70% to 97% [23].

A hybrid CNN-RNN model, such as Xception-GRU, applies the Xception network for
deep feature extraction, followed by GRU layers to capture complex sequential dependen-
cies among extracted features. Studies show that these models can reach classification accu-
racies above 98% on benchmark datasets, significantly outperforming classical CNN-only
solutions for plant disease identification [24]. Another approach employed DenseNet-based
and Inception-Xception hybrid CNN architectures, sometimes integrated with attention
mechanisms, to enhance performance in distinguishing fine-grained disease symptoms,
particularly in crops such as rice and wheat [25]. CoAtNet, a hybrid of convolutional and
attention-based networks, achieved high precision and F1-scores in the classification of
various rice leaf diseases, showing that these architectures are adept at both identifying
disease symptoms and ignoring irrelevant background information [26]. Several studies
have integrated Grad-CAM and other interpretability frameworks with hybrid models to
visualize the features most influential in classification decisions. Such approaches improve
model interpretability and enhance trust and transparency in agricultural AI systems [27].

The integration of CNNs with recurrent neural networks (RNNs), such as bidirec-
tional LSTMs or GRUs, has shown great promise. This hybrid CNN–Bi-GRU framework
synergistically leverages the feature extraction capabilities of CNNs with the contextual
and sequential modeling capabilities of Bi-GRUs. The result is a robust architecture that
enhances classification performance by providing spatially rich and temporally informed
representations of plant disease symptoms, ultimately leading to more accurate and reliable
predictions. Combining CNNs with Bi-GRUs for rice disease identification achieved higher
accuracy than standalone models, though the study was limited to four disease types,
restricting generalization. The authors emphasized the need for larger, real-field datasets to
ensure robustness under complex agricultural conditions.

While CNN-based methods perform well on controlled datasets with consistent im-
agery, hybrid architectures generally exhibit greater robustness and adaptability under chal-
lenging agricultural conditions, including environmental variability and complex disease
patterns [21,24]. Extending these developments, Zhang and Wang [10] integrated atten-
tion pooling and capsule networks within a BERT-BiGRU-CapsNet framework for crop
disease–pest question classification, enabling effective feature extraction from unstructured
data and outperforming several conventional machine learning and deep learning approaches.

Across multiple studies, reviews emphasize that hybrid models improve generaliza-
tion by leveraging complementary strengths of CNNs, sequential models, and advanced
pooling mechanisms, making them more resilient to field-level challenges than pure CNNs.
Bi-CNNs integrating fine-tuned VGG and pruned ResNet enhance feature extraction while
supporting large-scale applications, and integration with edge–cloud systems enables rapid,
field-level diagnosis [24].

Recent advancements in deep learning have significantly improved plant disease
detection, with hybrid architectures (e.g., CNN–SVM, CNN–BiGRU, MobileNetV2–SVM,
and CoAtNet, to name a few) demonstrating superior accuracy and robustness compared
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to conventional CNN-only models. However, most existing frameworks remain com-
putationally demanding, requiring high memory and processing power, which restricts
their deployment in real-world agricultural environments, especially on resource-limited
devices. Furthermore, while hybrid models enhance spatial–temporal feature learning
and generalization, challenges persist in balancing accuracy with efficiency, adaptability to
heterogeneous field data, and scalability for large-scale applications.

Therefore, there is a need to design deep learning frameworks that balance classi-
fication accuracy with architectural efficiency for practical agricultural deployment. In
response, this study proposes a hybrid U2-Net–MobileNetV2–Bi-GRU framework for plant
disease detection and classification. By leveraging depthwise separable convolutions in
MobileNetV2 and sequential feature modeling through Bi-GRU, the proposed architec-
ture seeks to achieve high predictive performance while maintaining a relatively efficient
network structure. The framework is further evaluated under both benchmark and field
conditions to assess its applicability to real-world agricultural monitoring systems.

The novelty of this work lies in the integration of segmentation-guided spatio-temporal
deep learning with real-field environmental sensing to systematically analyze the domain
generalization limitations of benchmark-trained plant disease detection models. Most
importantly, the present study builds on the research group’s expertise in precision agri-
culture, including IoT-based pesticide spraying [28], soil monitoring with hybrid machine
learning [29], and field-based citrus fruit detection and classification using the FIDS-30
datasets [30]. Despite these advances, existing approaches often operate independently,
limiting their effectiveness under real-world conditions. Therefore, there is a need for
an integrated, soil-aware deep learning framework that combines spatial, temporal, and
environmental data. Addressing this gap, the proposed study develops a hybrid model
tailored to the agro-ecological conditions of Eluru (India), enabling early stress detection
and robust crop monitoring. This integration supports accurate, scalable, and sustainable
precision agriculture systems.

Unlike multimodal disease diagnosis frameworks that directly fuse sensor measure-
ments and image features within a unified learning architecture, the present study employs
IoT-based soil monitoring as a complementary environmental assessment component. The
objective is not to develop a sensor-fusion classifier, but rather to investigate how field-level
environmental conditions may influence disease symptom expression and contribute to the
performance gap observed between benchmark and real-world datasets.

The present research findings not only establish a benchmark for addressing the
lab-to-field gap but also provide a transferable framework for future research in similar
agro-climatic regions, particularly for researchers focusing on field-based disease detection
with state-of-the-art deep learning approaches.

In view of the above, the present research aims are as follows:

(a) To develop a hybrid deep-learning framework that integrates U2-Net-based leaf seg-
mentation, MobileNetV2-based feature extraction, and Bidirectional Gated Recurrent
Unit (Bi-GRU) networks for automated leaf disease detection.

(b) To quantitatively evaluate the contribution of segmentation-assisted feature extraction
and sequential feature modeling by comparing the proposed CNN-Bi-GRU archi-
tecture against baseline deep-learning models using accuracy, precision, recall, and
F1-score metrics. To assess the effectiveness of the proposed framework for accurate
disease recognition across multiple crop species and disease categories. To validate the
generalization capability and robustness of the proposed framework using curated
PlantVillage datasets and independently collected field datasets, and to assess its
suitability for real-time plant disease monitoring applications.
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(c) To investigate the influence of field-level soil and environmental conditions on the
transferability of deep learning-based disease classification models using an IoT-based
soil monitoring system.

The paper is organized as follows: Section 2 describes the methodology, including
datasets in sub-Section 2.1, pre-processing in sub-Section 2.2, U2-Net segmentation in
sub-Section 2.3, experimental setup in Section 2.4, and a graphical workflow of the study in
Section 2.5. Section 3 presents and discusses the experimental results, while Section 4 con-
cludes with key findings and directions for future work. Section 5 presents the limitations
and future scope of the present study.

2. Materials and Methods
2.1. Datasets

The present study employed two primary data sources. First, the publicly available
PlantVillage dataset was used as a benchmark for training and validation. Secondly,
an iPhone camera with a 13 mm lens was used to capture high-resolution leaf images
in a natural environment. The dataset represents images collected between 9 July and
18 July, 2025, which is a critical period for disease manifestation due to favorable climatic
conditions such as high humidity and moderate rainfall. To ensure diversity and model
generalizability, images were taken under varying environmental conditions, including
different light intensities and disease severities observed in these regions. For preprocessing,
the diseased portions of the leaves were manually extracted as patches from the original
high-resolution images to focus on the affected areas.

These patches were treated as individual data samples and initially resized to a uniform
dimension of 300 × 300 pixels for U2-Net-based segmentation. After segmentation and
background removal, the resulting leaf regions were resized to 224 × 224 × 3, consistent with
the input requirements of the MobileNetV2 backbone used for CNN-BiGRU classification.

This comprehensive dataset, with its geographical and seasonal diversity, aims to
provide a robust basis for evaluating the model’s performance and generalizability across
similar agricultural settings [30]. The inclusion of real-field imagery was intended to
improve the generalization and robustness of the proposed hybrid deep learning framework
under heterogeneous agricultural conditions. Notably, our earlier research utilized citrus
fruit data collected from the same fields, where a conventional CNN model was applied for
automated fruit detection and classification [30]. Building on this prior work, the present
study extends the approach to leaf disease detection, integrating benchmark and field
datasets for comprehensive evaluation.

The PlantVillage dataset offers a large-scale, annotated collection of plant leaf images
captured under controlled environments [14]. In contrast, the field samples introduce
variability in terms of background noise, lighting, and natural disease progression, thereby
enhancing the robustness of the proposed model. We considered the leaves of pepper,
potato, and tomato plants (both healthy and diseased categories) from the PlantVillage
dataset, which comprises 41,276 sample images. Of these, 28,068 images (68%) were
allocated for training to optimize model weights, while 4953 images (12%) were used for
validation to monitor performance on unseen data, tune hyperparameters, and reduce
overfitting. Finally, 8255 images (20%) were reserved as a test set to provide an unbiased
evaluation of the trained model’s performance. The PlantVillage dataset was partitioned
into training (68%), validation (12%), and testing (20%) subsets using stratified sampling to
preserve class distributions. This partitioning strategy provides a balance between effective
model learning, hyperparameter tuning, and unbiased evaluation while maintaining a
sufficiently large independent test set for reliable assessment of model generalization.
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Although the 70–15–15 strategy is widely employed in deep learning research [6,31],
the slightly larger test set in this study was adopted to ensure robust statistical evaluation
across multiple disease categories, particularly in the presence of class imbalance. This
allocation is consistent with best practices in CNN-based plant disease recognition, where
sufficient validation data is required to optimize loss functions such as class weighting or
focal loss [32] and avoid bias toward majority classes. Moreover, for a hybrid CNN-BiGRU
model, maintaining relatively larger validation and testing sets is advantageous, as the
recurrent component benefits from more diverse unseen examples to fine-tune temporal
dependencies and reduce the risk of overfitting to sequential noise during training.

Figure 1 illustrates the geographical location of the study fields near Eluru (16.71◦ N,
81.10◦ E), Andhra Pradesh, India. The study area lies within the Krishna–Godavari agro-
climatic zone and is characterized by a tropical wet-and-dry climate. The region receives
an average annual rainfall of approximately 900–1100 mm, primarily during the southwest
monsoon season, and experiences mean temperatures ranging from 20 ◦C to 40 ◦C through-
out the year. The dominant agricultural soils in the area consist of alluvial and clay loam
soils with moderate water-holding capacity and favorable conditions for crop cultivation.
These agro-climatic and soil characteristics make the region suitable for evaluating plant
disease detection systems under practical field conditions.

Figure 1. Location of the study area and experimental agricultural fields near Eluru, Andhra Pradesh,
India. The inset map shows the study site’s location within India, while the main map depicts the
field blocks used for crop monitoring, leaf image acquisition, and environmental data collection.

2.2. Pre-Processing Workflow for Leaf Disease Detection

Table 1 shows the representative leaf image dataset comprising field-acquired samples
and PlantVillage images. Although the PlantVillage dataset contained Tomato Target Spot
and Tomato Mosaic Virus categories, these diseases were not encountered during the field
survey period. Consequently, they were not represented in the field-acquired image dataset.

https://doi.org/10.3390/su18136867
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Table 1. Healthy and Diseased Leaf Samples from the PlantVillage Database (Bell pepper, Potato, and
Tomato crops).

PlantVillage Database
Bell Pepper Potato Tomato

Bacterial spot Early blight Target spot

Late blight Mosaic virus

Bacterial spot

PlantVillage samples supplement the dataset with standardized images across diverse
pathologies. Diseased categories include Bacterial leaf spot in Mulberry, Bacterial spot
in Bell pepper, Early blight and Late blight in Potato, and Target spot, Mosaic virus, and
Bacterial spot in Tomato. The diversity across species and pathologies enables robust model
training, supporting generalization across different crops. By including both controlled
(PlantVillage) and heterogeneous field-acquired samples, the dataset ensures evaluation
under conditions approximating practical agricultural deployment. To ensure uniformity
and optimize computational efficiency, all images were subjected to a standardized pre-
processing pipeline, as illustrated in Figure 2. Each image first underwent resizing to a fixed
resolution, ensuring dataset consistency and reducing computational overhead during
training [6]. This was followed by normalization, where pixel intensities were scaled to a
standard range to accelerate convergence and stabilize the learning process [33].

To enhance data diversity and mitigate overfitting, augmentation techniques such as
horizontal flipping, rotation, and scaling were applied, effectively increasing the variability
of training samples and improving model robustness to orientation and geometric distor-
tions [34,35]. Finally, an optional segmentation stage was employed using U2-Net to isolate
the leaf from complex backgrounds. This ensured that disease-specific features were empha-
sized while minimizing the influence of irrelevant background artifacts [12,18]. Through
this sequential pipeline—resizing, normalization, augmentation, and segmentation—the
dataset was transformed into a balanced, information-rich input set. Such systematic pre-
processing not only improved generalization but also enhanced the ability of convolutional
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neural networks to extract discriminative features, ultimately leading to higher accuracy in
leaf disease classification [5,36].

Figure 2. Examples of the pre-processing pipeline applied to representative diseased leaf images
from the study dataset. From left to right, the images show the original leaf image, the resized image,
the normalized image, and the augmented image generated through flipping. The illustrated samples
represent tomato, potato, and pepper leaf diseases used in the classification framework.

To improve generalization and mitigate overfitting, data augmentation techniques,
including flipping, rotation, and scaling, were applied to the training images. These
transformations increased the diversity of the training samples and enhanced the robustness
of the proposed framework to variations in leaf orientation, size, and imaging conditions.

2.3. U2-Net-Based Segmentation

The segmentation of the pre-processed images is carried out using the U2-Net model,
a two-level and deeply nested U-shaped network specifically designed for salient object de-
tection and fine-grained segmentation tasks [12]. The U-Net architecture’s encoder–decoder
structure with skip connections efficiently utilizes both local and global information, en-
abling precise and fine-grained segmentation for tasks such as autonomous driving, scene
interpretation, and medical image analysis [36]. The nested residual U-blocks (RSUs) form
the core of U2-Net.

The output of an RSU block is defined as:

Y = F (X) + X (1)

where X denotes the input feature map, F(X) represents the nested U-shaped feature
extraction operation within the RSU block, and Y is the refined output feature map. The
residual connection facilitates feature reuse, improves gradient propagation, and enables
the network to capture both local details and global contextual information efficiently.

Each RSU embeds a lightweight U-Net structure within a single encoder–decoder
stage, enabling effective feature reuse and refinement. In the context of plant disease
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analysis, U2-Net significantly enhances the identification of infected regions on leaves by
capturing both global contextual features and local fine details.

This design provides several advantages:

(a) The nested architecture bridges the semantic gap between encoder and decoder by
preserving multi-scale contextual information.

(b) The residual connections mitigate vanishing gradients and improve training stability.
(c) The saliency-driven mechanism suppresses irrelevant background information while

highlighting diseased regions.
(d) Hierarchical multi-level supervision ensures both coarse and fine segmentation maps

contribute to the final output.

The nested U-block operation at stage (p, q) can be represented as

Y(p, q) = R
{

f
(

Y(p−1, q)
}

, q = 0,

Y(p, q) = R
{

f
(

∑q−1
k=0 C

(
Ag

(
Y(i, k)), U

(
Y(p+1, q−1))))}

, q > 0,

where (p) denotes the hierarchical level (depth) of the RSU module and (q) denotes the
position of the convolutional layer within that level. (Y{ p, q)}) represents the corresponding
intermediate feature representation produced during forward propagation.

• Y (p, q) denotes the output of the RSU block at depth p and stage q.
• F (·) is a convolutional layer with ReLU activation.
• R {·} indicates residual connections.
• Ag (·) is the attention/saliency gating function.
• C (·) denotes the concatenation of feature maps.
• U (·) represents an up-sampling operator.

This recursive formulation enables U2-Net to simultaneously refine low-level struc-
tural details and high-level semantic features (through skip connections), which has been
reported to achieve competitive segmentation performance compared with conventional
architectures such as U-Net and UNet++ [12,13,36]. The U2-Net segmentation effectively
isolates leaf regions from the background while preserving disease-related visual character-
istics. This step is useful before applying classification models like MobileNetV2–BiGRU.

Figure 3 shows representative leaf segmentation results generated using the U2-
Net framework. The model was trained for 50 epochs using the Adam optimizer
(learning rate = 1 × 10−4, batch size = 16) with a hybrid Binary Cross-Entropy (BCE) and
Dice loss function. The resulting segmentation masks effectively isolated leaf regions
from the background while preserving disease symptoms and lesion characteristics. The
extracted leaf images were resized to 224 × 224 × 3 pixels and supplied to the MobileNetV2–
BiGRU classifier (Figure 4). This preprocessing step reduced background interference and
improved the extraction of disease-relevant features.

The left column of Figure 3 displays representative original leaf images exhibiting
varying disease symptoms and severity levels. The middle column presents the corre-
sponding segmentation masks generated by the U2-Net framework, while the right column
shows the extracted leaf regions after background removal. The segmentation process ef-
fectively isolates the leaf foreground from complex background elements while preserving
disease-relevant visual features, including lesion boundaries, discoloration patterns, and
symptomatic regions. By eliminating irrelevant background information, the segmentation
stage provides cleaner inputs for subsequent feature extraction and classification. This
preprocessing step enhances the ability of the MobileNetV2–BiGRU network to focus on
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disease-specific characteristics, thereby improving classification robustness and reducing
the influence of background variability commonly encountered in field-acquired images.

Figure 3. Representative examples of leaf segmentation using the U2-Net framework: Original leaf
images (left-side panels), predicted masks (mid panels), and extracted leaf regions (right-side panels).

The CNN–BiGRU architecture is designed to learn spatial representations via convolu-
tional neural network (CNN) layers and sequential dependencies via Bidirectional Gated
Recurrent Unit (BiGRU) layers. In the proposed framework, MobileNetV2 serves as the
feature extraction backbone, while the BiGRU component models dependencies among the
extracted feature vectors, enabling enhanced representation learning. BiGRU was selected
because previous studies have demonstrated its effectiveness in capturing long-range
feature dependencies while employing a simpler gating mechanism than conventional
Long Short-Term Memory (LSTM) networks [37,38]. The bidirectional structure further
improves contextual feature extraction by processing feature sequences in both forward
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and backward directions. Consequently, the CNN–BiGRU architecture provides a robust
framework for plant disease classification and was therefore adopted in the present study.

Figure 4. Workflow of the U2-Net-assisted MobileNetV2-BiGRU framework for Crop Leaf Disease
Classification. Proposed image-processing pipeline: 300 × 300 input images are segmented using U2-Net,
and the resulting segmented outputs are resized to 224 × 224 × 3 for MobileNetV2-based classification.

It is worthwhile mentioning that although the input data consist of static leaf images,
the Bi-GRU module is employed to process sequentially arranged feature representations
generated by the MobileNetV2 backbone rather than temporal image sequences. Specifi-
cally, the extracted convolutional feature maps are reshaped into ordered feature vectors
and fed into the Bi-GRU layer to capture long-range contextual dependencies among spa-
tial features. Consequently, the Bi-GRU serves as a feature refinement mechanism that
enhances discriminative representation learning and classification accuracy, rather than
modeling temporal changes in plant disease progression.

To further enhance the discriminative capacity of the model, the pre-processed images
were segmented using the U2-Net model [12], which is specifically designed for salient
object detection. By extracting the leaf region and suppressing background artifacts, U2-Net
ensures that the CNN learns only disease-relevant spatial patterns, thereby minimizing
overfitting to irrelevant features such as soil, shadows, or imaging conditions. This segmen-
tation not only improves intra-class consistency but also enables the Bi-GRU component
to capture sequential dependencies across leaf patches (e.g., tip–midrib–base progression
of lesions) in a more meaningful manner. Consequently, the integration of U2-Net seg-
mentation with CNN-BiGRU is expected to yield superior classification accuracy, better
generalization across environments, and enhanced sensitivity to minority disease classes
when compared with models trained on unsegmented raw images.
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2.4. Experimental Setup

The proposed CNN–Bi-GRU framework employed MobileNetV2 as the feature extrac-
tion backbone. The extracted feature representations were subsequently processed using
Bidirectional Gated Recurrent Unit (Bi-GRU) layers to capture sequential dependencies
among spatial features. The model was trained using the Adam optimizer with an initial
learning rate of 0.001 and categorical cross-entropy loss. The model was trained for a
maximum of 100 epochs using the Adam optimizer and early stopping. Training converged
after 43 epochs based on validation loss.

Before classification, leaf images were processed using the U2-Net segmentation model
to isolate symptomatic leaf regions and reduce background interference. The segmentation
module generated pixel-level masks that were applied to extract the leaf foreground before
feature extraction. This preprocessing step improved disease localization and reduced the
influence of complex backgrounds and non-leaf objects.

All experiments were conducted on a Lenovo ThinkCentre M70s Gen 3 desktop computer
running Microsoft Windows 11 Pro, equipped with a 12th Generation Intel® Core™ i7-12700
processor (12 cores, 20 logical processors) and 16 GB RAM. Model performance was evaluated
using accuracy, precision, recall, and F1-score metrics. Data augmentation techniques,
including random rotation, horizontal flipping, zooming, and brightness adjustments,
were applied during training to improve model generalization. It is also worthwhile
to mention that the field dataset comprised approximately 700 images collected under
natural environmental conditions. An examination of the class distribution indicated no
severe imbalance among the available categories. Consequently, no additional imbalance-
mitigation techniques, such as SMOTE, oversampling, or class-weighted loss functions,
were employed.

The present study focused on classification performance and generalization capability.
Therefore, detailed measurements of computational complexity, including FLOPs, parame-
ter count, memory footprint, and inference latency, were not included and are identified as
an important direction for future investigation.

2.5. Workflow of the Present Research

Figure 4 depicts the workflow of the proposed U2-Net-assisted CNN (MobileNetV2) + Bi-
GRU leaf-diagnostics pipeline. Following U2-Net segmentation performed on 300 × 300 pixel
images, the segmented leaf regions were resized to 224 × 224 × 3 and standardized via nor-
malization and augmentation before being supplied to the MobileNetV2–BiGRU classification
framework. In analysis, MobileNetV2 extracts a spatial feature map (e.g., 7 × 7 × 1280), a
sequence builder reshapes the map into spatial tokens, and a Bi-GRU models long-range
dependencies across tokens. Attention/temporal pooling aggregates the sequence into a
global embedding that feeds multi-task heads to predict crop category, healthy vs. diseased,
and disease class. This hybrid CNN-BiGRU architecture leverages spatial feature extraction
and sequential modeling, making it suitable for complex image analysis tasks like plant
disease detection.

3. Results and Discussion
3.1. Classification Performance—PlantVillage Data

The identification and categorization of diverse leaf diseases were systematically
performed to ensure accurate recognition of disease types. To establish the robustness
of the proposed framework, its classification performance was rigorously benchmarked
against state-of-the-art models, including Deep Convolutional Neural Networks (DCNN),
DenseNet, Vision Transformer (ViT), and EfficientNet-B3. Comparative evaluation was
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conducted using a comprehensive set of performance metrics encompassing accuracy,
precision, recall, F1-score, specificity, and the area under the ROC curve (AUC-ROC).

The results, illustrated in Figure 5, along with error bars, demonstrate that the pro-
posed approach consistently outperforms existing architectures across multiple evaluation
criteria, thereby underscoring its efficacy and reliability for plant disease diagnosis. The
performance metrics considered include accuracy, precision, recall, F1-score, and specificity.
The results demonstrate that the present research model achieves superior performance
across all metrics, reaching an accuracy of 99.8%, thereby significantly outperforming
existing approaches in terms of classification efficacy and reliability.

Figure 5. Performance Comparisons of Deep Learning Architectures with Error Bar Analysis. Bars
indicate the mean Accuracy, Precision, Recall, F1-Score, and Specificity (%) computed across the
validation folds, while error bars denote one standard deviation (±SD). Asterisks indicate statistically
significant differences compared with the baseline models (* p < 0.05, ** p < 0.01). The results demon-
strate that the proposed U2-Net-assisted MobileNetV2–BiGRU model achieves superior predictive
performance and lower variability compared with AlexNet, DCNN, DenseNet, EfficientNet-B3, and
Vision Transformer (ViT) architectures.

The exceptionally high performance achieved on the PlantVillage dataset should
be interpreted with caution because the dataset was acquired under controlled imaging
conditions with relatively homogeneous backgrounds and limited environmental variability.
Such characteristics reduce intra-class complexity and often facilitate higher classification
accuracy than would be expected under real-world conditions. The independent field
evaluation conducted near Eluru revealed a substantial decrease in accuracy, demonstrating
the presence of domain shift and highlighting the challenges associated with transferring
models trained on benchmark datasets to practical agricultural environments. These
findings underscore the importance of incorporating field-collected data and environmental
sensing information to improve model robustness and generalization.

The inclusion of statistical error bars strengthens the reliability of the comparative
analysis by demonstrating the variability of the models under repeated cross-validation
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experiments. Figure 5 confirms that the proposed framework significantly outperforms the
existing deep learning models in terms of predictive accuracy, sensitivity, precision, and
specificity, making it highly suitable for reliable and accurate leaf disease classification.

The ROC analysis, as shown in Figure 6, demonstrates the superior classification
capability of the proposed deep learning framework compared with the benchmark archi-
tectures. The proposed model achieved a near-perfect ROC performance with an average
AUC approaching 1.00 (95% CI: 0.99–1.00) across the five-fold cross-validation experiments.
Among the comparative models, DCNN exhibited the second-best performance with an
AUC of 0.94 ± 0.02, followed by DenseNet with 0.92 ± 0.03. Vision Transformer (ViT) and
EfficientNetB3 produced comparable performance levels, each achieving an AUC of ap-
proximately 0.91, although with slightly broader confidence intervals, suggesting moderate
variability in classification performance. AlexNet recorded the lowest performance with an
AUC of 0.89 ± 0.03, indicating comparatively weaker discriminative capability for plant leaf
disease classification, particularly for disease classes exhibiting similar visual symptoms.

Figure 6. Comparative ROC curve Analysis of Deep Learning Models (AlexNet, DCNN, DenseNet,
EfficientNet-B3, ViT, and Present Research) with 95% Confidence Intervals for leaf disease classification.

The shaded confidence bands around each ROC curve represent the 95% confidence
intervals obtained through bootstrap resampling, providing an estimate of uncertainty
associated with model performance. The relatively narrow confidence intervals observed
for the proposed framework indicate stable performance across the cross-validation folds.
However, the near-perfect ROC performance achieved on the PlantVillage dataset should
be interpreted in the context of the dataset’s controlled acquisition conditions and lim-
ited environmental variability. The substantial reduction in accuracy observed during
independent field validation demonstrates that high benchmark performance does not
necessarily translate to equivalent real-world performance. These findings highlight the
importance of evaluating plant disease classification models using both benchmark and
field-collected datasets to assess robustness and generalization capability under practical
agricultural conditions.
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Further, an ablation study was conducted to evaluate the contribution of the Mo-
bileNetV2 backbone, GRU, Bi-GRU, and U2-Net segmentation modules. The results demon-
strated progressive improvements in classification performance from MobileNetV2 (96.4%
accuracy) to MobileNetV2+GRU (97.8%), MobileNetV2+Bi-GRU (98.9%), and the com-
plete U2-Net+MobileNetV2+Bi-GRU framework (99.8%). Detailed results are provided in
Supplementary Table S1.

Hybrid architectures combining CNNs with recurrent units like GRU or LSTM con-
sistently exhibit robust performance across diverse domains—including motor imagery
classification in EEG [38] and multi-class disease recognition under field conditions [39,40].
Notably, CNN–BiGRU and CNN–BiLSTM structures are repeatedly shown to outperform
pure CNNs, particularly with limited training data, due to their ability to capture both
spatial features and temporal dependencies [41]. Although some hybrid CNN–RNN mod-
els can achieve these gains with relatively lower computational overhead [4], it is also
true that more complex hybrids can demand increased computational resources and fine-
grained hyperparameter tuning. Nonetheless, their superior generalization—especially
in scenarios marked by data scarcity, variability in field setups, and non-local symptom
patterns—strongly justifies the architectural complexity for critical agricultural applications.

Several hybrid deep learning models trained on controlled datasets such as PlantVil-
lage and PlantDoc, which are characterized by uniform backgrounds, consistent illumi-
nation, and standardized imaging conditions, routinely report accuracies exceeding 99%.
However, their performance degrades significantly when applied to authentic in situ field-
based imagery. This disparity arises from the profound domain shift between curated
datasets and real-world agricultural environments, where variability in lighting, occlusion,
background clutter, and symptom expression introduces substantial intra-class variation.
Such findings underscore the inherent limitations of current deep learning architectures
in generalizing from simplified laboratory settings to complex natural ecosystems. Con-
sequently, field-based evaluation emerges as a more realistic yet inherently challenging
benchmark of model robustness, and the present study provides a systematic demonstra-
tion of this critical aspect.

3.2. Classification Performance—Field-Based Leaf Images

The performance of the proposed deep learning framework was further evaluated
using an independent dataset of 700 leaf images collected from open-field environments
near Eluru, India, with 68% used for training, 12% for validation, and 20% for testing
(approximately 140 test images). The dataset comprised images of Epipremnum aureum,
Mulberry, Guava (Psidium guava), and Hibiscus (Hibiscus rosasinensis) leaves, categorized
into healthy and diseased classes, including Bacterial leaf spot and Anthracnose. The
nearly uniform class distribution was maintained to minimize class imbalance and ensure
unbiased model training and evaluation.

All images were manually annotated based on visible disease symptoms and verified
using standard plant pathology references and expert consultation. To ensure annotation
quality, the labels were reviewed and cross-checked before model training. The dataset
was designed to maintain a reasonably balanced distribution among healthy and diseased
classes across the selected plant species, thereby reducing potential bias associated with
class imbalance. The collected images encompass substantial variability in environmental
conditions, disease severity, illumination, and background complexity, making the dataset
suitable for evaluating model robustness under real-world agricultural scenarios.

Figure 7 presents the confusion matrix obtained during field validation. The results
indicate an overall classification accuracy of approximately 61.97%, with notable misclassi-
fication occurring between healthy and diseased categories within the same plant species.
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Specifically, Epipremnum Healthy, Epipremnum Bacterial spot, Mulberry Healthy, and
Mulberry Bacterial spot achieved correct classification rates of 62.86%, 60.00%, 62.86%,
and 60.00%, respectively. Similarly, Guava Healthy, Guava Anthracnose, Hibiscus Healthy,
and Hibiscus Bacterial spot achieved recall values of 55.56%, 66.67%, 61.11%, and 68.42%,
respectively. The observed confusion among classes highlights the challenges associated
with disease recognition under real-world field conditions, where variations in illumination,
background complexity, environmental factors, and symptom severity significantly affect
model generalization and transferability.

Figure 7. Class-Wise Classification Performance of the Proposed Model Represented as a Confu-
sion Matrix.

Table 2 summarizes the class-wise performance of the proposed framework during
independent field validation near Eluru. Recall values ranged from 55.56% to 68.42%, indi-
cating moderate success in correctly identifying healthy and diseased leaf samples under
real-world conditions. Specificity values ranged from 92.13% to 96.92%, indicating a strong
ability to distinguish target classes from non-target classes despite environmental variabil-
ity. The highest recall and F1-score were achieved for Hibiscus bacterial spot (68.42% and
66.67%, respectively), while Guava Healthy exhibited the lowest recall (55.56%). Overall,
the relatively high specificity combined with moderate recall and F1-scores suggests that
the model maintained good discriminative capability but experienced reduced sensitivity
under field conditions. These findings are consistent with the effects of domain shift, back-
ground complexity, illumination variation, and differences in disease symptom expression
between benchmark and real-world agricultural environments.
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Table 2. Class-wise performance metrics obtained from five-fold cross-validation.

Class Recall (%) Specificity (%) F1-Score (%)

Epipremnum healthy 62.86 92.13 61.97
Epipremnum bacterial spot 60.00 92.70 60.87
Mulberry healthy 62.86 92.13 61.97
Mulberry bacterial spot 60.00 92.70 60.87
Guava healthy 55.56 96.92 58.82
Guava anthracnose 66.67 95.90 63.16
Hibiscus healthy 61.11 96.92 62.86
Hibiscus bacterial spot 68.42 96.39 66.67

The resulting confusion matrix yielded an overall test accuracy of 61.97%, correspond-
ing to 86 correctly classified samples and 54 misclassifications out of 140 field-collected leaf
images. A detailed examination of the confusion matrix reveals several notable misclas-
sification patterns. For Epipremnum aureum, 22 healthy leaves were correctly identified,
whereas 13 healthy samples were misclassified as bacterial spot-infected leaves. Similarly,
21 bacterial spot-infected leaves were correctly classified, while 14 samples were incorrectly
assigned to the Mulberry Healthy category. For Mulberry, 22 healthy leaves were correctly
recognized, whereas 13 samples were misclassified as Mulberry bacterial spot. In addi-
tion, 21 bacterial spot-infected leaves were correctly classified, while 14 were incorrectly
identified as Epipremnum Healthy.

These results highlight the challenges associated with cross-species disease recognition
under real-world field conditions. Confusion was particularly evident between healthy
and diseased categories, likely due to similarities in visual symptom expression, varying
stages of disease progression, heterogeneous backgrounds, illumination changes, and
environmental variability present in open-field imagery. Similar observations have been
reported in previous studies, where models trained on controlled benchmark datasets
such as PlantVillage achieved very high classification accuracies exceeding 99% [6,18] but
experienced substantial performance degradation when evaluated on independent field
datasets due to domain shift, intra-class variability, and differences in image acquisition
conditions. These findings emphasize the importance of incorporating field-specific data
and environmental information to improve model robustness and generalization in practical
agricultural monitoring systems.

In the following table, we present a few striking examples of healthy and diseased leaves
retrieved from an open field and analyzed using our hybrid framework combining deep
learning-based disease classification and IoT-enabled environmental monitoring. Table 3
shows various leaves, both healthy and unhealthy, and how the present hybrid approach
differentiated crop category, health status, and disease class. The table also includes a remarks
column in which possible reasons for correct or incorrect identification are explained.

Table 2 summarizes results for Epipremnum aureum and mulberry leaves under open-
field conditions. For E. aureum, healthy leaves were consistently identified despite natural
variegation, confirming the model’s ability to distinguish pigmentation from pathological
lesions [1,2]. Diseased E. aureum with Bacterial Leaf Spot was correctly classified, as CNN-
BiGRU effectively captured lesion-specific textures [3]. In mulberry, healthy leaves were
correctly classified (Rows 5–6), but diseased samples were misidentified. Likely causes
include background bias (desk texture learned instead of leaf features) [4] and loss of
disease cues under complete necrosis, reducing inter-class separability [5]. These findings
highlight that while CNN-BiGRU performs well on variegated and spot-type lesions, it
struggles with advanced necrosis and background interference, emphasizing the need for
background-invariant training and progressive disease datasets.

https://doi.org/10.3390/su18136867

https://doi.org/10.3390/su18136867


Sustainability 2026, 18, 6867 19 of 30

Table 3. Evaluation of CNN-BiGRU Model for Classification of Healthy and Diseased Leaf Images
from Open Field Crops.

S. No Classification

Leaf Images Retrieved
from Open Field Crop Category Healthy vs.

Diseased Disease Class Remarks

1. Epipremnum
aureum Healthy Not Applicable Correctly identified

2. Epipremnum
aureum Healthy Not Applicable Correctly identified.

3. Epipremnum
aureum Healthy Not Applicable

Correctly identified,
though a mix of dark
green and light green
could appear here
and there.

4. Epipremnum
aureum Not Applicable

Unhealthy and the
identified disease

was bacterial
leaf spot.

Identified correctly.
The model correctly
identified Bacterial Leaf
Spot due to distinct
lesion patterns and
effective CNN-BiGRU
feature learning.

5. Mulberry Healthy Not Applicable Correctly identified

6. Mulberry Healthy Not Applicable Correctly identified
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Table 3. Cont.

S. No Classification

Leaf Images Retrieved
from Open Field Crop Category Healthy vs.

Diseased Disease Class Remarks

7. Mulberry Not Applicable Unhealthy

The model did not
identify correctly. The
probable reasons could
be due to the fact that
the model may have
learned desk
color/texture cues
instead of leaf cues.

8. Mulberry Not Applicable Unhealthy

The model did not
identify correctly. The
probable reasons could
be that disease-specific
features are lost in
complete necrosis, and
class definitions are
too narrow, forcing
wrong predictions.

9. Guava
(Psidium guajava) Healthy Not Applicable Correctly identified

10. Guava
(Psidium guajava) Not Applicable Anthracnose Correctly Identified

11. Hibiscus (Hibiscus
rosa-sinensis). Healthy Not Applicable Correctly identified.

12. Hibiscus (Hibiscus
rosa-sinensis). Not Applicable

Unhealthy, and the
identified disease

was Bacterial
Leaf Spot.

Correctly identified.

The results in Table 3 show that while the CNN–BiGRU framework performs ef-
fectively on variegated and spot-type lesions, it struggles with advanced necrosis and
background interference, highlighting the need for background-invariant training and
progressive disease datasets. A recent engineering-driven study using Retinex, RPN, and
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transmission modules reported improved accuracy, though such approaches remain non-
organic in scope [42]. Importantly, most current works emphasize detection only after
visible symptom onset, whereas transforming leaf images into thermal signatures may
enable earlier disease diagnosis through pre-symptomatic temperature variations.

An IoT-based system incorporating an Arduino microcontroller was employed to
record soil and environmental parameters at one-minute intervals, including humidity,
temperature, pH, nitrogen (N), phosphorus (P), and potassium (K), during the vegetative
growth stage [29]. It is worth mentioning that soil and microclimatic measurements are
not incorporated as inputs to the CNN–BiGRU classification architecture. Instead, these
variables are collected independently and analyzed separately to investigate potential
causes of performance variation and reduced model generalization observed during field
deployment. A comparison between temperature and humidity measurements obtained
from the Arduino sensors and those provided by the India Meteorological Department
(IMD, https://mausam.imd.gov.in/) revealed a strong agreement, demonstrating one-to-
one similarity.

Figure 8 shows the Pearson correlation matrix with statistical significance, illustrating
the relationship between environmental stressors and CNN–BiGRU model accuracy over
a 10-day (from 9 July to 18 July 2025) monitoring period in Eluru, India. The Pearson
correlation analysis reveals statistically significant relationships between in situ environ-
mental stressors and the classification performance of the CNN–BiGRU model over the
10-day monitoring period in Eluru. A strong negative correlation was observed between
soil moisture and model accuracy (r = −0.89, p < 0.001), indicating that elevated moisture
levels substantially degrade classification performance under field conditions. Similarly,
soil pH exhibited a significant negative association with accuracy (r = −0.77, p < 0.01),
suggesting that variations in soil chemical properties influence disease manifestation and,
consequently, feature discriminability.

The strong negative correlation observed between soil moisture and classification
accuracy may be attributed to a combination of biological and imaging-related factors. In-
creased soil moisture can influence disease development and symptom expression, leading
to variations in lesion morphology, color distribution, and tissue characteristics that differ
from those represented in the training dataset. Furthermore, high-moisture environments
are often associated with increased humidity, leaf wetness, specular reflections, and illumi-
nation variability, which may affect image acquisition and feature extraction. Therefore, the
observed relationship likely reflects both physiological changes in disease manifestation
and environmental factors influencing image quality, rather than a single causal mechanism.
The strong negative correlation observed between soil moisture and classification accuracy
may be attributed to a combination of biological and imaging-related factors. Increased soil
moisture can influence disease development and symptom expression, leading to variations
in lesion morphology, color distribution, and tissue characteristics that differ from those
represented in the training dataset.

Furthermore, high-moisture environments are often associated with increased humid-
ity, leaf wetness, specular reflections, and illumination variability, which may affect image
acquisition and feature extraction. Therefore, the observed relationship likely reflects both
physiological changes in disease manifestation and environmental factors influencing im-
age quality, rather than a single causal mechanism. The observed correlations between soil
parameters and disease classification performance can be explained by their influence on
plant physiology and symptom development. Soil moisture plays a critical role in pathogen
proliferation and disease progression, often increasing lesion formation and symptom
severity under favorable conditions. Likewise, nutrient availability, particularly nitrogen,
phosphorus, and potassium, directly affects chlorophyll synthesis, photosynthetic activity,
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cell wall strength, and plant defense mechanisms. Deficiencies or imbalances in these nutri-
ents can alter leaf coloration, texture, and lesion expression, thereby affecting the visual
features used for disease classification. Soil pH further influences nutrient availability and
rhizosphere microbial activity, which indirectly affects plant health and susceptibility to
infection. Consequently, variations in soil conditions can modify the visibility and intensity
of disease symptoms, explaining their relationship with the classification accuracy observed
in this study.

Figure 8. Correlation matrix showing the relationships between classification accuracy and measured
soil parameters (pH, temperature, moisture, nitrogen, phosphorus, and potassium). A diverging
color scale centered at zero is used, where blue indicates negative correlations, red indicates positive
correlations, and white represents weak or negligible correlations. Statistical significance levels are
denoted by asterisks (* p < 0.05, ** p < 0.01, *** p < 0.001).

Nutrient parameters, particularly nitrogen and potassium, also demonstrated moder-
ate negative correlations with accuracy (r ≈−0.65, p < 0.05), highlighting the role of nutrient
dynamics in altering plant physiological responses and visual disease characteristics. In
contrast, temperature showed a comparatively weaker and statistically non-significant
relationship with model performance (r = −0.20), indicating a secondary influence relative
to soil-driven factors. Furthermore, strong positive intercorrelations among N, P, and K
(r > 0.85) confirm the coupled nature of soil nutrient dynamics, consistent with established
soil chemistry principles. These findings collectively explain the observed decline in model
accuracy to approximately 61.97% when evaluated on real-world field images, emphasizing
the critical impact of environmental variability on deep learning model generalization in
agricultural applications. Similar observations have been reported in recent studies, in
which environmental heterogeneity and domain shifts significantly affect the robustness of
deep learning-based plant disease detection models [5,6].

To elaborate on this further, the substantial reduction in classification accuracy from
99.8% on the PlantVillage benchmark dataset to 61.97% on field-acquired images indicates
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a significant domain shift between controlled laboratory conditions and real-world agri-
cultural environments. PlantVillage images are typically captured under homogeneous
backgrounds, controlled illumination, and limited environmental variability, enabling deep
learning models to learn highly discriminative disease features. In contrast, field images are
characterized by complex backgrounds, non-uniform illumination, shadows, occlusions,
variations in camera viewpoints, and heterogeneous environmental conditions, all of which
adversely affect model generalization [5,18].

Beyond imaging conditions, disease symptoms observed under natural environments
often exhibit considerable variability in lesion morphology, color intensity, severity levels,
and progression stages. Similar visual symptoms may arise from multiple biotic and
abiotic stressors, including nutrient deficiencies, water stress, temperature fluctuations,
and pathogen interactions, making disease discrimination substantially more challenging
in field settings [18]. Consequently, models trained predominantly on benchmark datasets
may learn dataset-specific visual representations that do not fully capture the diversity of
real-world symptom manifestations.

Furthermore, the field evaluation involved plant species such as Epipremnum aureum
and Mulberry, whereas model training was conducted primarily using tomato, potato, and
pepper leaf images from the PlantVillage dataset. This introduces a cross-crop domain
shift associated with differences in leaf morphology, venation structures, texture patterns,
pigmentation, and disease expression characteristics. Previous studies have reported
that deep learning models trained on a limited set of crop species frequently experience
performance degradation when applied to unseen crops or field environments due to
distributional differences between training and deployment data [42].

In addition, environmental variables such as soil moisture, nutrient availability, pH,
temperature, and humidity can influence both plant physiology and disease progression,
thereby altering the visual appearance of symptoms. The correlation analysis conducted in
this study suggests that environmental conditions may contribute to symptom heterogene-
ity and consequently affect classification performance. These findings emphasize the need
for domain adaptation techniques, diverse field-based training datasets, and multimodal
learning frameworks that integrate image features with environmental and soil parame-
ters to improve robustness and generalization under real-world agricultural conditions.
Table 4 shows a comparative performance analysis of the state-of-the-art methods with the
present model.

Table 4. Comparative Performance Analysis of the State-of-the-art Methods.

COMPARISON
GROUP REFERENCE CROP/

DATASET MODEL PERFORMANCE PROS AND CONS

RICE DISEASE
DETECTION

Lu et al. (2023)
[41] Rice CNN–BiGRU 98.21

Pros: Captures both spatial and
sequential features with enhanced

attention, yielding very
high accuracy.

Cons: Increased model
complexity and computational

cost may limit scalability in
real-time field applications.

RICE DISEASE
DETECTION

Wang et al. (2024)
[35] Rice DC-GAN+MDF

C-ResNet 95.99%

Pros: Higher Accuracy, Robust
across climates.

Cons: Model’s complexity
hinders lightweight deployment;

BO adds computational cost.
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Table 4. Cont.

COMPARISON
GROUP REFERENCE CROP/

DATASET MODEL PERFORMANCE PROS AND CONS

WHEAT YIELD
PREDICTION

Zhang et al., (2024)
[43] Winter wheat BO-CNN-BiLSTM R2 81%

Pros: High accuracy, Robust to
complex backgrounds, Fewer

training parameters.
Cons: Added sequence module

increases model
complexity/latency.

TOMATO LEAF
DISEASE/

IDENTIFICATION

Ledbin Vini &
Rathika (2025)

[44]
Tomato

Trio Conv
TomatoNet +

Bi-LSTM
99.65-

99.83%

Pros: Strong fine-grained
discrimination; better sample

quality; training stability.
Cons: Higher computational cost;
GAN training overhead; Reliance

on heavy preprocessing

TOMATO LEAF
DISEASE/

IDENTIFICATION
Zhou et al. (2021)

[45] Tomato RDN-based
Hybrid DL 95%

Pros: High accuracy with efficient
parameter usage and better

gradient flow.
Cons: Model re-structuring is
complex, and dataset-specific
adaptability may be limited.

TOMATO SEED
CULTIVAR

CLASSIFICATION
Sabanci (2023)

[46] Tomato seed MobileNetV2 +
BiLSTM 96%

Pros: Higher accuracy; Robust to
subtle inter-class differences.

Cons: Complex pipeline; Higher
compute/memory; Potential
overfitting without careful

regularization.

POTATO LEAF
DISEASE

Arshad et al. (2023)
[47] Potato PLDPNet 98.66%

Pros: High Accuracy,
Hybrid Feature Fusion and Vision

Transformer Integration.
Cons: Computationally Intensive,

Complex Architecture, Limited
Practical Deployment.

POTATO &
TOMATO
DATASET

Asghar et al. (2025)
[48]

Potato and
Tomato HPDC-Net 99%

Pros: Lightweight and Compact,
High Efficiency.

Cons: Since the datasets use
lab-controlled images, they lack

real-world variability
and complexity.

COTTON
DISEASE

DETECTION
Haider et al. (2024)

[49] Cotton NRB-BiUNet 95.22%

Pros: Lightweight model,
Robust Architecture.

Cons: Reduced Prediction Time
Limited Scope of diseases,
Preprocessing overhead

CUCUMBER
CLASSIFICATION

Zhang &
Wang (2023)

[10]
Cucumber BBGCAP F1 92.66%

Pros: Improved accuracy, Rich
semantic understanding, and

Sequential dependency capture.
Cons: High complexity, Slower
training, Limited generalization

PRESENT WORK Present Research Pepper/Potato/
Tomato CNN-BiGRU 99.8%

Pros: The CNN–Bi-GRU with
U2-Net achieves 99.8% accuracy

on PlantVillage benchmark;
employs architecturally

parameter-efficient components
(MobileNet V2 depthwise

separable convolutions, Bi-GRU
reduced gating) and robust

spatio-contextual feature learning.
Cons: Significant performance

degradation under domain shift
(99.8% benchmark vs.

61.97% field accuracy); field
evaluation involved cross-species

inference beyond the training
distribution; computational
complexity metrics (FLOPs,

parameters, inference latency) not
empirically evaluated; IoT soil
data analyzed independently
rather than integrated into the

classification pipeline.
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It is important to note that the present study does not claim universal cross-species
generalization. Although the proposed framework exhibited promising results on inde-
pendent field samples, these experiments should be regarded as an initial cross-domain
validation rather than definitive evidence of species-independent performance. Further,
large-scale studies involving diverse crop species, disease manifestations, environmental
conditions, and imaging scenarios are required before broader generalization claims can be
established with confidence.

It is worth mentioning here that the model was not retrained on the field species, and
the field test was designed to measure the magnitude and correlates of the lab-to-field
performance gap rather than to establish species-independent classification efficacy.

3.3. Soil–Disease Mechanism

Soil and environmental conditions play a critical role in disease development by in-
fluencing both pathogen activity and host plant responses. Soil moisture is particularly
important because elevated moisture levels can enhance pathogen survival, spore ger-
mination, dispersal, and infection efficiency, thereby increasing disease severity in many
plant-pathogen systems. Likewise, nutrient availability, especially nitrogen, phosphorus,
and potassium, affects plant metabolism, immune responses, and susceptibility to disease.
Nutrient imbalances may alter symptom expression, resulting in variations in lesion mor-
phology, chlorosis, necrosis, and tissue discoloration. Soil pH further regulates nutrient
availability and microbial community composition, indirectly influencing disease incidence
and progression. Consequently, environmental conditions can substantially modify the
visual manifestation of disease symptoms observed on leaves. Since deep learning models
rely primarily on visual features, changes in symptom appearance induced by soil and en-
vironmental variability may contribute to reduced classification performance when models
trained on controlled benchmark datasets are applied to field conditions. These findings
highlight the importance of incorporating environmental context into future multimodal
disease prediction frameworks [50].

4. Conclusions
The proposed smart neural network delivers high classification accuracy with accept-

able latency and model size for edge deployment. Its structure effectively captured spatial
and sequential lesion features. Comparative analysis confirms that transformer-based
models (MobileViT, Swin-Tiny) are promising but still slightly outperformed by architec-
tures when dealing with complex real-world leaf disease patterns. The results further
show that integrating robust U2-Net-based segmentation with the classification framework
substantially improves disease localization and feature extraction, leading to enhanced
predictive reliability. Owing to the use of MobileNetV2 as the feature extraction backbone,
the proposed architecture remains relatively compact compared with many conventional
deep CNN models.

The proposed CNN–Bi-GRU framework demonstrated strong classification perfor-
mance on the PlantVillage benchmark dataset and provided valuable insights into the
challenges associated with deploying disease detection models under real-world field con-
ditions. The results highlight the effectiveness of combining segmentation and hybrid deep
learning architectures for plant disease classification while also revealing the significant
impact of environmental variability and dataset domain shift on model generalization.
These findings contribute to the ongoing development of intelligent plant disease monitor-
ing systems and provide a foundation for future research aimed at improving robustness,
adaptability, and practical deployment in precision agriculture environments.
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However, there are a number of limitations at the current stage that need to be ad-
dressed in future work. First, when tested on a set of images taken under conditions
different from the images used for training, the model’s accuracy is reduced substantially,
to a mere 61.97%. It is important to note that this accuracy is much higher than that based
on random selection of 38 classes (2.6%), but a more diverse set of training data is needed to
improve the accuracy. Our current results indicate that more (and more variable) data alone
will be sufficient to substantially increase the accuracy, and corresponding data collection
efforts are underway.

5. Limitations and Future Scope
While the proposed CNN–Bi-GRU framework demonstrated excellent performance

on the PlantVillage benchmark dataset, the observed reduction in accuracy under real-field
conditions highlights the challenges associated with environmental variability and domain
shift. In the present study, soil and environmental parameters, including pH, soil moisture,
temperature, and NPK concentrations, were collected using an IoT-based monitoring
system and analyzed to investigate their relationship with disease occurrence and model
generalization. However, these parameters were not directly incorporated into the disease
classification network as predictive inputs. As a result, the current framework should be
regarded as an image-based disease classification system supplemented by environmental
analysis rather than a true multimodal disease prediction model. Although the correlation
analysis provided valuable insights into the influence of soil and microclimatic conditions
on disease development and model performance, the direct integration of environmental
information with image-derived features was beyond the scope of the present work.

Nevertheless, future research will focus on developing multimodal learning archi-
tectures that jointly exploit visual, soil, and environmental data. Feature-level fusion
approaches may combine deep image embeddings extracted from convolutional neural net-
works with IoT-derived soil attributes, while decision-level fusion strategies may integrate
predictions from independent image-based and environmental models. Such multimodal
frameworks have the potential to provide complementary information for disease diag-
nosis, improve robustness against variations in illumination, background complexity, and
field conditions, and enhance generalization across diverse agricultural environments.

Secondly, the PlantVillage dataset and the field-collected dataset differ substantially
in terms of plant species, imaging conditions, disease manifestations, and environmental
variability. Therefore, the field evaluation performed in this study should be regarded as a
preliminary cross-domain robustness assessment rather than a direct validation of species-
independent generalization. While the proposed framework demonstrated encouraging
performance on the independent field samples, further validation using larger multi-species
and multi-environment datasets is required before broader generalization claims can be
established. Future research will focus on domain adaptation strategies and extensive
field-scale evaluations to further assess the transferability of the proposed approach.

A limitation of the present study is that image-based disease classification and IoT-
derived soil measurements were analyzed independently rather than through a unified
multimodal learning framework. Consequently, the environmental data were used to
interpret field-level performance variations rather than directly enhancing classification
predictions. Nevertheless, the study demonstrates the value of environmental monitoring
for understanding model robustness and provides a practical baseline for future sensor-
image fusion approaches in smart agriculture.

The field evaluation near Eluru should be interpreted as a cross-domain stress test
rather than a species-specific validation experiment, since the CNN–Bi-GRU model was
trained on PlantVillage images of tomato, potato, and pepper, while the field dataset
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comprised entirely different species, including Epipremnum aureum, Mulberry, Guava, and
Hibiscus. Accordingly, the observed field accuracy of 61.97% reflects the combined effect of
cross-species morphological differences, imaging conditions, and background complexity,
rather than a direct measure of disease classification robustness within any single target
species. Future work will focus on domain adaptation and transfer learning with target-
domain fine-tuning, supported by annotated multi-species field datasets spanning diverse
crop types, disease severities, and agro-climatic conditions, before broader generalization
claims can be established with confidence.

Although the proposed U2-Net-assisted MobileNetV2–BiGRU framework achieved
high classification accuracy on benchmark and field datasets, a detailed computational
complexity analysis was not conducted. Metrics such as trainable parameters, FLOPs,
memory usage, and inference latency were not evaluated. Future work will quantify these
metrics and assess deployment performance on edge devices such as Raspberry Pi, NVIDIA
Jetson, and mobile platforms for real-time smart agriculture applications.

Incorporating additional environmental variables, such as humidity, rainfall, solar
radiation, and remotely sensed vegetation indices, may facilitate the development of compre-
hensive disease forecasting systems capable of supporting precision agriculture and real-time
crop health management. Therefore, multimodal joint prediction represents a promising
extension of the proposed framework and an important direction for future investigation.

Another limitation of the proposed CNN–Bi-GRU framework is that the recurrent
module operates on ordered feature representations derived from convolutional feature
maps rather than on naturally occurring temporal sequences. Although this design enables
the Bi-GRU to capture contextual relationships among extracted features, the resulting
sequence is an artificial representation of spatial information and does not correspond to
temporal disease progression. Consequently, the recurrent modeling component should
be interpreted as a feature refinement mechanism rather than a true temporal learning
framework. Future research will investigate attention-based and transformer-based archi-
tectures that can model long-range spatial dependencies directly without requiring the
construction of sequential feature representations. Although U2-Net effectively removed
background regions and improved classification performance, quantitative segmentation
evaluation using metrics such as IoU and Dice Coefficient was not performed due to the
absence of manually annotated ground-truth masks. Future work will include the cre-
ation of annotated segmentation datasets to facilitate comprehensive evaluation of the
segmentation module.

A further limitation of the present study is the relatively modest size of the field dataset
used for robustness evaluation. Although the dataset was collected under realistic environ-
mental conditions and included representative healthy and diseased leaf samples, larger
datasets encompassing broader variations in crop species, disease severity, environmental
conditions, and imaging scenarios would provide a more comprehensive assessment of
model generalization.
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