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Early and accurate plant disease diagnosis is essential for sustainable crop
production and effective disease management. This study presents an Explainable
Gradient-Based Convolutional Neural Network (EG-CNN) that integrates leaf
image data with gene expression and metabolomics information to enhance
disease classification while providing transparent and interpretable predictions.
The proposed framework was evaluated on four major plant diseases, powdery
mildew, blight, anthracnose, and leaf spot, using a multimodal dataset comprising
10,000 images and associated omics data. Comparative analysis against
Traditional CNN, ResNet-50, Vision Transformer (ViT), and CNN-LSTM models
demonstrated the superior performance of EG-CNN. The model achieved 97.4%
accuracy, 97.1% precision, 96.8% recall, and a 96.9% F1-score, outperforming all
benchmark approaches. Paired t-test results revealed statistically significant
improvements (p < 0.05) over competing models. Confusion matrix analysis
indicated minimal misclassification across disease classes, while ROC analysis
produced near-perfect AUC values, confirming excellent class separability,
sensitivity, and specificity. Five-fold cross-validation further demonstrated
robust generalization, with accuracy ranging from 97.1% to 97.6%. Grad-CAM
visualizations successfully identified disease-relevant regions, including lesions,
discoloration, and necrotic tissues, thereby enhancing model transparency and
user trust. The integration of omics data also improved biological interpretability
by linking predictions to underlying molecular responses. In conclusion, the
proposed EG-CNN framework provides a highly accurate, robust, and explainable
solution for plant disease diagnosis. Its multimodal architecture and strong
generalization capability make it a promising tool for precision agriculture and
real-time disease monitoring applications.
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Email: nailanawaz38@gmail.com

Introduction

Plant diseases remain a major threat to global
agricultural productivity, food security, and economic
sustainability. Pathogens such as fungi, bacteria, viruses,
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nematodes and insect-associated agents cause
substantial crop losses worldwide, reducing yield and
quality while imposing significant economic burdens on

farming communities (Ali et al, 2023; Shelake et al,
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2024). As global food demand continues to rise, the
timely detection and accurate diagnosis of plant diseases
have become essential for effective disease management
and sustainable crop production (Yao et al, 2023;
Ahmed et al, 2023). Conventional diagnostic
approaches, including visual inspection, microscopy, and
culture-based methods, are often labor-intensive, time-
consuming, and dependent on specialized expertise,
limiting their effectiveness for large-scale and real-time
disease surveillance (Oon et al., 2023). These constraints
have stimulated the development of advanced artificial
intelligence (Al)-based solutions capable of providing
rapid, accurate, and scalable disease diagnosis (Abd-
Elsalam et al., 2024).

Recent advances in deep learning have revolutionized
plant disease detection through automated analysis of
leaf images. Convolutional Neural Networks (CNNs) have
demonstrated remarkable success in extracting complex
visual features and accurately identifying multiple plant
diseases from digital images (Shi et al., 2023; Singh et al.,
2024). Transfer learning strategies employing pre-
trained architectures such as ResNet have further
enhanced diagnostic performance, particularly when
labeled datasets are limited (Hasan et al., 2020). More
recently, even though CNNs are successful in solving
such problems, they do have certain limitations
regarding capturing long-range spatial dependencies. In
order to resolve this problem, Vision Transformers (ViT)
and the hybrid architecture of CNN and Transformer
networks have proven to be very effective. (Choi and
Lee, 2023; Khan et al,, 2023; Yu et al,, 2023).

In addition to CNN based image analysis, the recurrent
neural network architecture, especially GRU based
attention, has also been used to extract the dependence
of spatial features and improve plant disease
classification accuracy (Lee et al, 2020). Hybrid CNN-
LSTM frameworks
monitoring by combining spatial information from

have further improved disease
images with temporal disease progression patterns,
thereby enhancing predictive accuracy under dynamic
field conditions (Zhao et al., 2023). Apart from image-
based diagnoses, there have been various studies
showing the capabilities of temporal deep learning
models such as LSTM and GRU networks to predict
agricultural processes by modeling sequence data from
environmental variables, sensor networks, and past
events. Such models have been used in predicting
diseases, crop monitoring, and predicting yields, among
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others (Bhimavarapu et al, 2023). Reinforcement
Learning (RL) approaches have also shown promise in
developing intelligent decision-support systems for
disease management and resource optimization (Shoaib
et al,, 2023a; Ning and Xie, 2024). Despite these advances,
many existing models exhibit limited generalizability
when deployed under diverse field environments
characterized by variable complex
backgrounds, and heterogeneous symptom expression.

A major challenge associated with deep learning-based

illumination,

disease diagnosis is the lack of model transparency.
Although these models often achieve high predictive
accuracy, their decision-making processes remain
largely opaque, creating a “black-box” effect that limits
user trust and practical adoption in agriculture (McCaig
et al., 2023; Hassija et al., 2024). The latest advances in
deep learning have placed focus not only on the accuracy
of classification but also on the computation speed and
interpretability of models. Lightweight explainable
models have proved to be effective at plant disease
recognition and can provide visual explanations
understandable by experts and increase user confidence
in automatic classifiers (Raquel Ochoa-Ornelas et al,
2025). Farmers, agronomists, and policymakers require
interpretable and trustworthy predictions to support
disease management decisions and minimize the risks
associated with incorrect diagnoses. Consequently,
Explainable Artificial Intelligence (XAI) has emerged as
an important research area aimed at enhancing the
transparency and interpretability of Al systems without
compromising predictive performance (Dwivedi et al,
2023; Kok et al., 2023).

XAl techniques such as Local Interpretable Model-
Agnostic Explanations (LIME), saliency maps, Grad-CAM,
and other gradient-based visualization methods enable
users to understand the features and image regions that
influence model predictions (de Benito et al, 2023;
Shoaib et al., 2023b). In plant disease diagnosis, these
approaches provide visual explanations that highlight
disease-relevant regions on leaf images, thereby
improving model transparency, user confidence, and
decision-making reliability (Sagar et al., 2023; Shams et
al, 2024). Recent studies have demonstrated that
integrating explainability mechanisms with deep
learning architectures can effectively bridge the gap
between predictive accuracy and practical usability in
agricultural applications (Perumal et al.,, 2024).

Despite substantial progress, several limitations continue
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to hinder the widespread deployment of Al-based plant
disease diagnostic systems. Many models are trained on
specific datasets and often struggle to generalize across
different crop species, disease types, and environmental
conditions. Variations in lighting, image
background complexity, and symptom manifestation can
significantly affect model performance in real-world
settings. Moreover, the development of deep learning
models typically requires large annotated datasets and
substantial computational resources, restricting their
accessibility in resource-limited agricultural regions
(Khanna et al., 2024; Sajitha et al.,, 2024). These challenges
highlight the need for robust, efficient, and interpretable
diagnostic frameworks capable of delivering reliable
performance under practical field conditions.

Therefore, this study proposes an explainable deep
learning framework for plant leaf disease detection that
integrates advanced CNN-based image analysis with
gradient-based XAI techniques to generate transparent
and interpretable predictions. The proposed framework
seeks to improve disease detection accuracy while
enhancing model explainability, computational efficiency,
and adaptability to diverse agricultural environments. By
providing both accurate diagnoses and intuitive visual
explanations, the system aims to support informed
decision-making, facilitate early disease intervention, and

quality,

promote sustainable crop management practices (Khatri
etal, 2024).

The objectives of this study were to develop a robust
image preprocessing pipeline capable of minimizing the
effects of illumination variability, background noise, and
environmental heterogeneity in plant leaf images; to
deep
architecture that accurately detects plant diseases across
diverse crop species and environmental conditions; to
develop a computationally efficient framework suitable
for deployment on resource-constrained devices for

design and evaluate an efficient learning

wider accessibility among farmers and agricultural
practitioners;  to Artificial
Intelligence (XAI) techniques, including gradient-based
visualization methods, to provide transparent and
interpretable disease predictions; and to enhance the
reliability, trustworthiness, and practical applicability of

integrate  Explainable

Al-driven plant disease diagnostic systems for supporting
timely disease management and sustainable agricultural
production.

By addressing these objectives, this study seeks to
advance the development of trustworthy and scalable
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Al-based plant disease diagnostic systems that support
precision agriculture, enhance crop health management,
and contribute to global food security.

Materials and Methods

Dataset

A comprehensive multimodal dataset was assembled to
enable the development and evaluation of the proposed
EG-CNN framework for plant disease diagnosis. The
image dataset consisted of 10,000 high-resolution
images of plant leaves affected by four common
diseases: powdery mildew, blight, anthracnose, and leaf
spot as shown in figure 1. Each disease class included
approximately 2,500 images to ensure balanced class
distribution. High-resolution DSLR images were used to
minimize variability caused by differences in
illumination and background complexity.

All images were preprocessed prior to model
development. First, images were resized to 256 x 256
pixels and normalized to ensure uniform intensity
distribution. The dataset was randomly split into
training (70%), validation (15%), and testing (15%) sets
to ensure unbiased model evaluation.

In addition to image data, gene expression and
metabolomics data were generated from the same plant
samples. Total RNA was extracted from infected and
healthy leaves using a commercial extraction kit, and
sequencing was performed on the Illumina NovaSeq
6000 platform. The resulting reads, with an average
length of 150 base pairs, were subjected to quality
control using FastQC, followed by trimming and
alignment against the reference genome using HISAT2.
Gene expression quantification was performed using
HTSeq, and differential expression analysis was
conducted using the edgeR package to identify genes
associated with plant defense responses.

For metabolomic profiling, liquid chromatography-mass
spectrometry (LC-MS) was employed to investigate
metabolic changes in diseased and healthy plants.
Metabolites were extracted from leaf tissues using a
methanol-chloroform protocol, yielding
approximately 600 metabolite features, including key

extraction

sugars and organic acids. The metabolomics data were
processed, normalized, and prepared for integration
with gene expression and image-derived features.

Due to the high cost and experimental complexity of
omics analyses, gene expression and metabolomic

profiling were performed on a representative subset of



Plant Protection, 10 (03) 2026. 563-575

samples corresponding to the image dataset.
Transcriptomic features (RNA-Seq-based gene expression
levels) and metabolomic profiles (LC-MS-derived
features) were preprocessed, normalized, and encoded
prior to integration with image-based representations

under a multimodal learning framework.

Y A\
Anthracnose
fruit

& Soeme
Blossom
blight

Figure 1. Plant diseases (Raquel Ochoa-Ornelas et al.,, 2025).

Model architecture

Algorithm 1 introduces a multimodal architecture that
integrates leaf images with gene expression (G) and
metabolite (M) feature vectors for disease classification.
The process begins with image normalization (Ihorm)
using the mean (p;) and standard deviation (o;) to
standardize pixel is followed by
hierarchical feature extraction through L convolutional
layers, each employing Conv2D operations with weights
(W1) and biases (b;), activated using ReLU and
subsequently downsampled using max-pooling.

The extracted visual features (Fx.) are then flattened and
concatenated with encoded omics data (O = [Guorm |l
Mporm]) using fully connected layers to generate a unified
feature representation (Z). The class probabilities (P) are
computed using a Softmax activation function.

intensities. This
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Overall, the constructed multimodal dataset enables the
EG-CNN model to leverage complementary visual,
transcriptomic, and metabolomic information for
improved plant disease diagnosis. The wuse of

representative omics subsets reflects practical constraints
in precision agriculture and large-scale field applications.

Powdery
mildew fruit

Model interpretability is achieved using Grad-CAM,
which computes the gradients of the class-specific loss
(Ly) with respect to the final convolutional feature maps
(F~). These gradients are averaged to generate a class-
discriminative saliency map (S), highlighting the regions
most relevant for prediction.

Training algorithm and optimization

This training Algorithm 2 optimized the full parameter
set 0 = (0, 0, 0) on E epochs of the full parameterization
0 = {B¢, 0o, Bfc} fc with Oc through mini-batch gradient
descent with batch size B. In the forward pass, CNN
features (F) were extracted from images, while fully
connected features (H) were derived from concatenated
omics data Ocat = [G|IM]. These features were then fused
into a joint representation Z to perform disease
classification using a Softmax classifier.
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Algorithm 1: Explainable gradient-based CNN for plant disease classification
Inputs

1. Leaf image I € [R256x256x3

2. Gene expression vector G € R»

3. Metabolite vector M € Rm

Outputs

4. Predicted disease class y € {1,2,3,4}

5. Saliency map S € R256x256

Procedure

1. Image normalization

Inorm = (I - IJ-I) / O1

Where i and o1 denote the mean and standard deviation of image intensities.
2. Convolutional feature extraction

For each convolutional layer =1, .., L:

Fi = MaxPool(ReLU(Conv2D(Fr1; Wy, b))

with Fo = Ihorm

Flatten the resulting feature tensor: Fp,: = Flatten (Fy)

3. Omics data pre-processing and encoding

Grorm = (G - H_G) / 06, Gnorm = (M ',UM)/O'M

Concatenate both modalities:

0= [Gnorm ” Mnorm]

For each fully-connected layerj=1, .., J:

H;=ReLU(Wj Hi.1 + b)), Hy= 0

4. Feature Fusion and Classification:

Z=[Fua || H), P=Softmax (Wou Z + bout)

Predicted label y = argmax; P;

5. Gradient-based explainability (Grad-CAM)
Class-specific loss: L, = -log(Py)

Gradients of the loss w.r.t. final feature maps: By, = dL, / 0F;
Average gradient weights: wy = (1/Z) 2;; Vr*(ij)

Activation map: A = ReLU(Zk wk Fi¥), S = Resize(4, 256x256)
Return: y, S

Algorithm 2: Multi-modal training with explainability integration
Inputs

Dataset D = {(I;, G;, M; yi)}N i=1, batch size B, epochs E

Output Optimized parameters 6* = {6, 8,, 6z}

Procedure

1. Initialization

Initialize parameters 6, Adam optimizer with learning rate « = 0.001, and momentum factors £, 5.
2. Training Loop

Foreach epoche=1, .., E:

Shuffle dataset D

For each mini-batch B & D of size B:

Compute forward pass: F = CNN(; 6;), Ocat = [G||M], H = FC(Ocat; 65)
Feature fusion and prediction: Z = [F||H], § = FC(Z; 6), P = Softmax(y)
Evaluate total loss: L¢e = -2c=1* yc" log Pc, Lreg = A Zom o] | 0] |22

Compute batch loss: Ly = (1/B) Zi=18 (Lcg + Lreg)

3. Backpropagation and parameter update

Compute gradients: Vg = 0L, / 0¢

Update parameters using Adam:

me = B1 me1} + (1 - B1) Vo, ve= B2 Ver + (1 - B2) Ve
0=0-a(m:/V{v}+e)

4. Validation and checkpointing

Evaluate validation accuracy, Accya

If AcCyar > AcChest, then 0" = 8 and AcCpest = ACCyar

Return: 0
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The loss function comprised a classification error loss
(LCE) based on four disease categories and regularization
(L2) loss (Lreg) with a weight (A) to avoid overfitting.
During backpropagation, gradients of the batch loss (L)
with respect to all trainable parameters were computed.
Parameter updates were performed using the Adam
optimizer with a specified learning rate 0 and momentum
factors (0.1 and 0.2) to adjust the values of the parameters
dynamically. Validation accuracy (Accva) was monitored at
the end of each epoch to identify and checkpoint the best-
performing model configuration (6) and to ensure optimal
generalization to unseen plant disease samples.
Explainable Al methods for plant disease classification
As the application of Al in agriculture continues to
expand, ensuring that models were interpretable and
trustworthy has become essential. Explainable Al (XAI)
methods were designed to enhance model transparency
by revealing how predictions are generated. The
proposed framework focused on gradient-based
explainability techniques for classifying plant disease
data derived from imaging and omics datasets.
Gradient-based explainability

Gradient-based methods utilize the gradients of model
outputs with respect to input features to provide
insights into the decision-making process. One of the
most widely used techniques is Gradient-weighted Class
Activation Mapping (Grad-CAM), which highlights the
regions of an image that contribute most strongly to a
given classification. By analyzing these gradients,
saliency maps can be generated to visually indicate the
image regions most indicative of plant disease
symptoms. This improves interpretability and enhances
user confidence in model predictions.

In the proposed architecture, a gradient-based
explainable model is integrated with a CNN for feature
extraction and classification. This approach combines
deep learning with explainability techniques to provide
clear visual and analytical interpretations of the features
contributing to plant disease classification.

Model architecture

Figure 2 illustrates the proposed Explainable Gradient-
Based Convolutional Neural Network (EG-CNN)
architecture designed for multimodal plant disease
diagnosis through the integration of leaf image data, gene
expression profiles, data. The
framework consists of three parallel processing branches
that extract complementary features from visual and
molecular data before being integrated through a feature

and metabolomics
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fusion module for final disease classification.
The image-processing branch receives preprocessed
RGB leaf images of size 256 x 256 x 3 and employs a
deep convolutional neural network to learn hierarchical
visual representations associated with plant diseases.
This branch consists of four convolutional blocks with
32, 64, 128, and 256 filters, respectively. Each
convolutional layer is followed by a Rectified Linear Unit
(ReLU) activation function and max-pooling operations
to reduce spatial dimensionality while preserving
discriminative features. The resulting feature maps are
flattened and passed through a fully connected layer
with 512 neurons and dropout regularization to
generate a compact visual feature vector.

The transcriptomic subnetwork processes normalized
gene expression vectors derived from RNA-seq analysis.
It consists of a feed-forward fully connected neural
network with three layers containing 1024, 512, and 256
neurons, respectively. Batch normalization and dropout
are applied to improve training stability and
generalization. This branch learns high-level gene
representations reflecting molecular responses involved
in plant-pathogen interactions.

Similarly, the metabolomics branch receives normalized
metabolite abundance profiles obtained through LC-MS
profiling. It employs a fully connected neural network with
three layers of 512, 256, and 128 neurons, respectively, to
learn biochemical signatures associated with disease
infection. Each layer incorporates ReLU activation, batch
normalization, and dropout regularization.

The feature vectors generated from all three
subnetworks are concatenated in a fusion layer to form a
unified multimodal representation
phenotypic, transcriptomic, and

information. This fused

capturing
metabolomic
representation is further
processed through two fully connected layers with 512
and 256 neurons, respectively, followed by a Softmax
classification layer that predicts one of four classes:
powdery mildew, blight, anthracnose, and leaf spot.
To enhance model transparency and biological
interpretability, explainability methods are integrated into
the framework. Specifically, Grad-CAM is used to highlight
image regions most influential in disease prediction, allowing
visualization of symptomatic leaf areas driving the decision
process. In addition, SHAP (SHapley Additive exPlanations)
is applied to the gene expression and metabolomics
branches to quantify the contribution of individual genes and
metabolites to the final classification outcomes.
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Figure 2. Proposed architecture.

Tools and technologies

TensorFlow, a powerful deep learning library, was used
to implement the Explainable Gradient CNN (EG-CNN)
model for plant disease detection. The model was
developed using the Keras API, a high-level interface for
building and training deep neural networks. In addition
several other software
libraries were used for data analysis and visualization,
including NumPy, Pandas, and Matplotlib.

The EG-CNN model was evaluated on a system with the
following hardware specifications: 16 GB RAM and an
NVIDIA GeForce RTX 3080 graphics card. The use of a
GPU significantly accelerated the workflow and enabled

to TensorFlow and Keras,

efficient processing of large datasets.

To generate the plant disease sensitivity report, the
trained EG-CNN model was integrated with Flask, a
Python-based micro web framework. This web application
allows users to upload hyperspectral images and gene
expression data, which are then preprocessed and
classified by the EG-CNN model. The model output consists
of the predicted class along with a saliency map that

569

Total Images: 10,000 (2,500 per class)

explains the model’s decision. The implementation of the
EG-CNN model and the plant disease sensitivity report
generator involved multiple software libraries and
computing environments, as well as specialized hardware,
to effectively train and evaluate the model. The system
serves as a robust tool for accurate plant disease diagnosis.
Performance metrics used to evaluate the model

To evaluate the performance of the EG-CNN model for
plant disease detection, a variety of evaluation metrics
were used to assess the model’s accuracy, reliability, and
interpretability. The key performance metrics are
described below:

1. Accuracy

Accuracy is defined as the proportion of correctly
classified instances (both positive and negative) out of

the total number of instances.
TP+ TN

Accuracy = Gp TP Y FN + TN
2. Precision

Precision represents the proportion of correctly predicted
positive cases among all predicted positive cases.
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.. TP
Precision = TP+ FP
3. Recall (Sensitivity)

Recall measures the proportion of correctly identified

positive cases out of all actual positive cases.
TP

Recall = TP-I-—F]V

4.F1-Score
The F1-score is the harmonic mean of precision and

recall, providing a balanced measure between the two.

Precision * Recall
F1 —Score =2 *

Precision + Recall
5. Confusion matrix

The confusion matrix provides a detailed breakdown of
model performance by comparing actual versus
predicted classifications. It is used to visualize the types
of errors made by the model and includes true positives,
true negatives, false positives, and false negatives.

Results and Discussion

Statistical analysis

A paired t-test was conducted to assess the statistical
significance of the proposed EG-CNN model against
baseline methods, including Traditional CNN, ResNet-50,
(ViT), and CNN-LSTM. In all
comparisons, the p-values were below 0.05, indicating that

Vision Transformer

the observed performance improvements are statistically
significant and not due to random variation (Table 1).

Notably, extremely low p-values in comparisons with ViT
and CNN-LSTM models further confirm the superiority of

Table 1: Statistical analysis.

DOI:10.33804/pp.010.03.6143

the proposed approach. These results demonstrate that
integrating multimodal data with explainable Al
significantly enhances predictive performance and
reliability in plant disease classification.

Comparative performance and interpretability analysis
of deep learning models for plant disease classification
The comparative evaluation demonstrated that the
proposed EG-CNN model consistently outperformed all
baseline approaches across all performance metrics. It
achieved the highest accuracy (97.4%), precision (97.1%),
recall (96.8%), and F1-score (96.9%), indicating superior
and well-balanced classification capability. Vision
Transformer (ViT-Base) ranked second with strong
performance (96.1% accuracy), followed by CNN-LSTM
(94.8%) and Transfer Learning with ResNet-50 (93.2%).
The traditional CNN showed the lowest performance
across all metrics (89.4% accuracy), reflecting limited
representational capacity advanced
architectures (Table 2).

In terms of interpretability, the proposed EG-CNN
provided high explainability through gradient-based
saliency (Grad-CAM), whereas ViT offered moderate
interpretability via attention maps. In contrast, ResNet-
50 and CNN-LSTM exhibited low interpretability, and
the traditional CNN lacked explicit interpretability
mechanisms (Table 2). Overall, the results confirmed
that integrating multimodal inputs (image + omics)

compared to

with explainable deep learning significantly enhanced
both predictive performance and model transparency.

Comparison Model Accuracy (%) (Mean * SD) P-value Significance (a= 0.05)
CNN(Baseline) 89.4+ 1.1 23x1078 Significant
ResNet-50 (Transfer Learning) 932+ 09 46107 Significant
Vision Transformer (ViT) 96.1 £ 0.6 0.0012 Significant
CNN-LSTM 94.8+0.8 0.0034 Significant

Table 2. Performance comparison of deep learning architectures for plant disease classification with interpretability

assessment.
Model % Accuracy % Precision % Recall % F1-Score Interpretability
Traditional CNN 89.4 88.1 87.6 87.8 None
Transfer Learning (ResNet-50)  93.2 92.4 91.8 92.1 Low
Vision Transformer (ViT-Base) 96.1 95.6 95.2 95.4 Medium (Attention Maps)
CNN-LSTM Hybrid 94.8 93.9 93.6 93.7 Low
Proposed EG-CNN (Image + 97.4 97.1 96.8 96.9 High (Gradient-based

Omics + Grad-CAM)

saliency maps)
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Confusion matrix-based performance analysis of the
EG-CNN model for plant disease classification

The confusion matrix analysis (Figure 3) demonstrated
that the proposed EG-CNN model achieved a high level of
classification accuracy across all four plant disease
categories, including powdery mildew, blight, anthracnose,
and leaf spot. Most test instances were correctly assigned
to their respective disease classes, indicating the model’s
strong ability to learn and discriminate disease-specific
features from the multimodal dataset.

Only a small number of misclassifications were observed,
primarily between disease categories exhibiting visually

DOI:10.33804/pp.010.03.6143

similar symptoms, such as blight and leaf spot, which
often share comparable lesion patterns and foliar
discoloration. Nevertheless, the overall confusion matrix
indicated a balanced predictive performance, with low
rates of both false positives and false negatives.
Furthermore, the uniform distribution of correctly
classified samples across all disease classes reflects the
robustness and stability of the model. Importantly, the
integration of image-based features with additional data
modalities enhanced the model’s capacity to capture
discriminative disease characteristics that are not
readily discernible from visual information alone.

Powdery Mildew Blight Anthracnose Lea Spot
Powdery 615 18 9 8
Mildew
Blight
=
=
- Anthracnose
=
i
Leaf Spot

Predicted Label

Figure 3. Confusion matrix-based performance analysis of the EG-CNN model for plant disease classification.

ROC analysis and class separability of the proposed EG-CNN model

Further, ROC analysis demonstrated that the proposed EG-CNN model was highly effective in differentiating among
the four plant disease classes, as illustrated in Figure 4. The ROC curves for powdery mildew, blight, anthracnose, and
leaf spot were positioned near the upper-left region of the plot, indicating excellent classification performance.
Moreover, the corresponding AUC values for all disease classes were very high, approaching 1.0, which further
confirmed the strong discriminative capability of the model in distinguishing diseased samples across classes.

In addition, the ROC results highlighted the high inter-class separability achieved by the proposed approach. The
integration of leaf images with gene expression and metabolomics data enabled the model to learn highly
discriminative feature representations, thereby minimizing overlap among disease classes with similar visual
symptoms. Consequently, the model effectively differentiated between closely related disease patterns.

Furthermore, the ROC curves reflected the model’s strong sensitivity and specificity. The high sensitivity indicated that
the EG-CNN effectively identified the majority of diseased instances, thereby reducing false negatives. Similarly, the high
specificity demonstrated its ability to correctly recognize non-target classes, resulting in fewer false positives.
Collectively, the high sensitivity and specificity confirmed the robustness of the proposed model for real-world
agricultural applications, where accurate disease diagnosis and minimal classification errors were essential for effective
crop management.
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Figure 4. ROC curves for plant disease classes.

Performance analysis

The proposed EG-CNN demonstrated substantial
improvements over conventional and state-of-the-art
plant disease detection models. The results indicated
that integrating data
significantly enhanced classification performance, while
explainability strengthened

image features with omics

the incorporation of

diagnostic interpretability. Model evaluation was
performed using accuracy, precision, recall, F1-score,
and interpretability via Grad-CAM visualizations.

EG-CNN achieved an overall accuracy of 97.4%,
outperforming Vision Transformers (96.1%) and
ResNet-50 (93.2%). This largely
attributed to the integration of leaf imagery with

genomic and metabolomic data, enabling the model to

improvement is

Table 3. Cross validation.

detect subtle disease symptoms that are often
imperceptible to human observation. The model
achieved a precision of 97.1% and a recall of 96.8%,
indicating a low rate of misclassification and strong
reliability in identifying diseased plants, an essential
requirement for practical agricultural decision-making.
The F1l-score of 96.9% further confirmed balanced
performance across all disease categories, including
visually similar conditions such as blight and leaf scorch.
Five-fold cross-validation confirmed the
robustness and stability of the proposed framework. The
model consistently achieved an average accuracy of
97.4%, with values ranging from 97.1% to 97.6% across
folds, demonstrating strong generalization capability
independent of data partitioning (Table 3).

further

Fold % Accuracy % Precision % Recall %F1-Score
Fold 1 97.2 96.9 96.6 96.7

Fold 2 97.5 97.2 96.9 97.0

Fold 3 97.6 97.3 97.0 97.1

Fold 4 97.1 96.8 96.6 96.7

Fold 5 97.6 97.3 96.9 97.1

Mean + SD 97.4 £0.5 97.11+0.6 96.840.5 96.91+0.4
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Comparative analysis of existing studies and the
proposed EG-CNN framework

Several studies have explored deep learning and
multimodal approaches for plant disease detection, each
contributing distinct methodological strengths and
limitations when compared with the proposed EG-CNN.
Singh et al. (2024) employed a deep CNN on a large leaf
image dataset, achieving high classification accuracy;
however, the approach lacked explainability, whereas
the proposed model integrates multimodal data with
explainable Al techniques to enhance both diagnostic
trust and performance. Similarly, Khan et al. (2023)
utilized Vision Transformers on large-scale image
datasets and reported state-of-the-art performance with
attention-based interpretability, but their method was
computationally intensive, while the proposed EG-CNN
comparable accuracy  with
computational cost and improved interpretability. Lee et
al. (2020) combined GRU networks with sensor-based
time-series data, effectively capturing temporal disease
patterns but lacking applicability to image-based
diagnostics; in contrast, the proposed framework
integrates image and omics data, offering broader
diagnostic coverage.

Zhao et al. (2023) developed a CNN-LSTM hybrid model
incorporating image and disease progression data,

achieves reduced

enabling modeling of temporal disease evolution, though
with limited explainability; the proposed EG-CNN
addresses this limitation by incorporating Grad-CAM-
based XAI for transparent decision-making. Hasan et al.
(2020), using transfer learning on small datasets,
achieved high accuracy but faced inherent black-box
limitations, whereas the proposed approach improves
interpretability through explainable multimodal fusion.
Shoaib et al. (2023) introduced gradient-based
explainability for bioinformatics data, marking an early
step toward XAl integration, but their framework was
restricted to a single data modality; the proposed model
extends this concept to a unified image-omics diagnostic
system. Overall, the proposed EG-CNN, trained on
10,000 images along with gene and metabolite data,
provides a superior balance of accuracy, interpretability,
although
relatively higher computational resources, making it

and multimodal integration, it requires
more suitable for GPU-enabled environments and real-
world precision agriculture applications.
Interpretability and explainability outcomes

Grad-CAM visualizations play a central role in the proposed
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framework by highlighting disease-relevant regions in leaf
images. Saliency maps effectively localize infected areas,
including lesions, discoloration, fungal growth, and necrotic
tissues, providing clear visual evidence supporting model
predictions. These explanations are consistent with
established plant pathology knowledge, thereby enhancing
user trust and interpretability.

In addition, the integration of omics data (gene
expression and metabolite profiles) strengthens
biological interpretability by linking model predictions
to underlying physiological and molecular responses.
Generalization and real-world applicability

The EG-CNN model was evaluated across four major
plant diseases: powdery mildew, blight, anthracnose,
and leaf scorch. The dataset was designed to reflect real-
field conditions, incorporating variations in illumination,
noise, variability. The
demonstrated strong performance on unseen samples,
indicating robust generalization ability. Due to its
computational efficiency, the framework is suitable for
deployment in resource-constrained environments,
including mobile devices and drone-based imaging systems.
This makes it highly applicable for real-time, on-field
disease monitoring and decision support systems.

and environmental model

Conclusion

This study presents an Explainable Gradient-Based
Convolutional Neural Network (EG-CNN) designed for
accurate and interpretable plant disease detection. The
model integrates leaf image data with genomic and
metabolomic information to achieve highly reliable
disease classification. The incorporation of Grad-CAM
enhances transparency by visually identifying disease-
relevant regions and supporting biological interpretation
through omics associations.

The proposed framework outperforms existing models
in both accuracy and interpretability, offering a more
robust alternative to traditional black-box systems. Its
ability to generalize across multiple diseases and field
highlights its practical applicability in
precision agriculture.

Overall, EG-CNN contributes to advancing intelligent
agricultural diagnostics by combining high predictive

conditions

power with explainable artificial intelligence. Future
work may focus on lightweight model optimization,
hyperspectral integration, edge-device deployment, and
temporal disease progression monitoring for real-time
agricultural decision support.
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