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ABSTRACT

Plant diseases pose a serious challenge to global agricultural productivity, food security, and
sustainable farming practices. In recent years, deep learning models—particularly
Convolutional Neural Networks (CNNs)—have demonstrated remarkable success in
automatically identifying and classifying plant leaf diseases from image data. Despite their
high predictive accuracy, most deep learning systems function as “black boxes,” offering
little insight into how decisions are made. This lack of transparency limits trust, adoption, and
practical deployment among farmers, agronomists, and agricultural policymakers.

The present study explores the integration of Explainable Artificial Intelligence (XAI)
techniques into deep learning—based plant leaf disease classification systems to enhance
transparency, interpretability, and user trust. The research systematically evaluates popular
CNN architectures for plant disease detection and applies post-hoc explainability methods
such as Gradient-weighted Class Activation Mapping (Grad-CAM), Local Interpretable
Model-agnostic Explanations (LIME), and SHapley Additive exPlanations (SHAP) to
interpret model predictions.

Through comparative experimentation on benchmark plant leaf image datasets, this study
demonstrates that explainable models can maintain high classification accuracy while
providing meaningful visual and feature-based explanations of disease predictions. The
findings highlight the importance of explainability in bridging the gap between advanced Al
models and real-world agricultural decision-making. This research contributes to the
development of trustworthy, transparent, and farmer-centric Al solutions for precision
agriculture.

Keywords- Explainable Artificial Intelligence (XAI); Plant Leaf Disease Classification;
Deep Learning; Convolutional Neural Networks; Grad-CAM; LIME; SHAP; Precision
Agriculture; Model Interpretability

INTRODUCTION

Agriculture plays a fundamental role in ensuring global food security, supporting livelihoods,
and sustaining national economies, particularly in developing regions. However, agricultural
productivity is persistently threatened by plant diseases caused by fungi, bacteria, viruses,
pests, and adverse environmental conditions. These diseases adversely affect crop yield,
quality, and market value, leading to substantial economic losses for farmers and contributing
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to food scarcity. According to international agricultural reports, plant diseases are responsible
for approximately 20—40 percent of global crop losses annually, making disease management
one of the most critical challenges in modern agriculture.

Early and accurate diagnosis of plant diseases is essential for effective crop management and
yield protection. Traditional disease identification methods rely on visual inspection by
trained experts, laboratory-based testing, and field surveys. Although these approaches can be
accurate, they are often time-consuming, costly, subjective, and difficult to scale, especially
in rural areas where access to plant pathologists and diagnostic facilities is limited.
Furthermore, many plant diseases exhibit similar visual symptoms—such as discoloration,
lesions, spots, or wilting—making manual diagnosis prone to error even for experienced
professionals.

The rapid advancement of artificial intelligence (Al) and computer vision has introduced new
opportunities for automating plant disease detection. Among various Al techniques, deep
learning, particularly Convolutional Neural Networks (CNNs), has emerged as a powerful
tool for image-based classification tasks. CNNs have demonstrated exceptional performance
in recognizing complex visual patterns and have been successfully applied to medical
imaging, facial recognition, and autonomous systems. In the agricultural domain, CNNs
enable automatic extraction of discriminative features from plant leaf images, eliminating the
need for manual feature engineering.

Over the past decade, numerous studies have reported high classification accuracy for plant
leaf disease detection using CNN architectures such as VGG, ResNet, Inception, DenseNet,
and EfficientNet. When combined with transfer learning and data augmentation techniques,
these models often achieve accuracy levels exceeding 95 percent on benchmark datasets.
Such results highlight the potential of deep learning to revolutionize plant disease diagnostics
and support precision agriculture practices.
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Fig: Deep Learning and Explanable A.1.
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Despite these promising outcomes, a critical limitation of deep learning models is their lack
of interpretability. Most CNN-based systems operate as opaque black boxes, providing
predictions without explaining the underlying reasoning. In agriculture, where decisions
directly affect crop health, farmer income, and environmental sustainability, this lack of
transparency raises serious concerns. Farmers and agricultural experts are often reluctant to
trust Al-generated recommendations unless they can understand why a particular disease has
been identified and which visual cues influenced the decision.

This challenge has led to growing interest in Explainable Artificial Intelligence (XAI), a
research area focused on making Al systems more transparent, interpretable, and accountable.
XALI techniques aim to explain model predictions in a human-understandable manner without
significantly compromising performance. In image-based classification tasks, XAI methods
can highlight important regions of an image that contribute to a prediction, providing visual
explanations that align with human reasoning.

In the context of plant leaf disease classification, explainability is particularly important.
Visual explanations can help farmers and agronomists verify whether the model focuses on
biologically relevant disease symptoms such as lesions, discoloration, or vein patterns. This
alignment between model reasoning and expert knowledge enhances confidence in Al
systems and facilitates their adoption in real-world agricultural settings.

Recent studies have begun incorporating XAl techniques such as Grad-CAM, LIME, and
SHAP into plant disease detection frameworks. These methods generate heatmaps, saliency
maps, or feature importance scores that explain CNN predictions. However, existing research
in this area remains fragmented, with limited comparative analysis and insufficient emphasis
on trust, usability, and practical deployment.

Against this background, the present study investigates Explainable Al-based plant leaf
disease classification with the objective of enhancing transparency and trust in deep learning
models. By integrating explainability techniques with high-performing CNN architectures,
this research seeks to demonstrate that accurate and interpretable Al systems can be
developed for agricultural disease diagnostics. The study emphasizes not only predictive
performance but also the quality and usefulness of explanations, thereby addressing a critical
gap in current Al-driven agricultural research.

AIMS AND OBJECTIVES

The rapid adoption of deep learning techniques in plant disease identification has
significantly improved classification accuracy and automation in agricultural diagnostics.
However, the limited interpretability of deep learning models has raised concerns regarding
their reliability, transparency, and acceptance among end users such as farmers, agronomists,
and agricultural policymakers. In this context, the present study is designed with the
overarching aim of integrating explainable artificial intelligence (XAI) techniques into plant
leaf disease classification systems in order to enhance transparency, trust, and practical
usability.
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Aim

The primary aim of this research is to develop and evaluate an explainable deep learning

framework for plant leaf disease classification that balances high predictive performance with

meaningful interpretability, thereby improving user trust and facilitating real-world
agricultural adoption.

Objectives

To achieve the above aim, the study pursues the following specific objectives:

% To design a deep learning—based plant leaf disease classification system using
established Convolutional Neural Network (CNN) architectures for accurate multi-class
disease recognition.

% To integrate explainable Al techniques—such as Grad-CAM, LIME, and SHAP—into
the deep learning framework to interpret and visualize model decision-making processes.

% To evaluate and compare classification performance of explainable and non-
explainable models using standard metrics such as accuracy, precision, recall, and F1-
score.

% To assess the quality and relevance of explanations generated by XAl methods in terms
of their alignment with known plant pathology features.

¢ To analyze the role of explainability in building user trust, particularly in agricultural
decision-making contexts where model recommendations influence crop management
practices.

» To identify challenges and limitations associated with explainable deep learning
approaches in plant disease detection, including computational overhead and explanation
consistency.

% To provide practical recommendations for deploying transparent and trustworthy Al
systems in precision agriculture.

REVIEW OF LITERATURE

Deep Learning in Plant Leaf Disease Classification

The application of deep learning to plant disease diagnosis has gained significant momentum

over the past decade. Early studies primarily focused on traditional machine learning methods

that relied on handcrafted features such as color, texture, and shape descriptors. While these
approaches demonstrated moderate success, they often struggled to generalize across diverse
datasets and environmental conditions.

The introduction of Convolutional Neural Networks (CNNs) marked a turning point in plant

disease classification research. CNNs automatically learn hierarchical feature representations

directly from raw images, enabling them to capture subtle disease-specific visual patterns.

Numerous studies have reported high accuracy levels using CNN-based models on

benchmark datasets such as PlantVillage. Transfer learning further enhanced performance by

leveraging knowledge from large-scale image recognition tasks. Although CNNs outperform
traditional approaches, their opaque decision-making processes limit their acceptance in real-
world agricultural applications.
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Explainable Artificial Intelligence (XAI)
Explainable Artificial Intelligence emerged as a response to the growing complexity and
opacity of modern AI systems. XAI aims to make model predictions understandable to
humans by providing explanations that clarify how and why decisions are made.
Explainability is particularly critical in high-stakes domains such as healthcare, finance, and
agriculture, where Al-driven decisions have significant real-world consequences. XAl
techniques can be broadly classified into model-intrinsic and post-hoc methods. Model-
intrinsic approaches incorporate interpretability directly into the model architecture, while
post-hoc methods generate explanations after the model has been trained. In image
classification tasks, post-hoc techniques are more commonly used due to their flexibility and
compatibility with existing deep learning models.

XAI Techniques in Image-Based Classification

Several explainability methods have been proposed for interpreting CNN predictions:

e Gradient-weighted Class Activation Mapping (Grad-CAM) highlights image regions
that contribute most strongly to a specific class prediction, providing intuitive visual
explanations.

e Local Interpretable Model-agnostic Explanations (LIME) approximates complex
models locally using simpler interpretable models to explain individual predictions.

o SHapley Additive exPlanations (SHAP) assigns importance scores to features based on
cooperative game theory, offering consistent and theoretically grounded explanations.

In agricultural research, these techniques have been applied to visualize disease-affected

regions in leaf images, helping to verify whether models focus on biologically meaningful

symptoms such as lesions or discoloration.

RESEARCH METHODOLOGY (Conceptual Framework)

The research methodology adopted in this study follows a structured and systematic approach

to ensure reliability, reproducibility, and scientific rigor. The methodology integrates deep

learning-based classification with explainable Al techniques to achieve both high accuracy
and transparency.

Overall Research Design

The study adopts an experimental research design, combining quantitative performance

evaluation with qualitative analysis of explainability outputs. The methodology consists of

the following major stages:

Data collection and preprocessing

Deep learning model selection and training

Integration of explainable Al techniques

Performance evaluation and interpretation

. Trust and transparency assessment

Conceptual Framework

MEFI NS

The conceptual framework underlying this research is based on the integration of three core
components:
e Input Layer: Plant leaf images captured under varying conditions

1168
Volume 14 Issue 01 January - March 2026 www.ijrt.org


http://www.ijrt.org/

International Journal of Research and Technology (IJRT)

International Open-Access, Peer-Reviewed, Refereed, Online Journal

ISSN (Print): 2321-7510 | ISSN (Online): 2321-7529

| An ISO 9001:2015 Certified Journal |

e Deep Learning Model: CNN-based classifier for disease prediction

o Explainability Module: XAI techniques for interpretation and visualization

The framework ensures that every model prediction is accompanied by an explanation,
enabling users to understand and validate the classification outcome.

Dataset Selection

Publicly available, well-annotated plant leaf image datasets are used to ensure comparability
and reproducibility. These datasets include multiple crop species and disease categories,
allowing for robust evaluation of classification and explainability performance.

Dataset Description and Sources

The study utilizes publicly available benchmark datasets that have been widely employed in
plant disease research up to 2023. These datasets provide high-quality, labeled images across
multiple crops and disease categories, ensuring robustness and comparability of results.

Table 1: Dataset Description

Disease Total Image
Dataset Name Crop Types .
PP Classes Images Conditions
PlantVillage Tomato, P_otato, Apple, | 38 disease + ~54,000 Controlled
Grape, Maize healthy
C{_;lssava Leaf Cassava 4 diseases + ~21.000 Field
Disease healthy
Rl_ce Leaf Rice 3 diseases + ~5.000 Mixed
Disease healthy

These datasets include both controlled laboratory images and real-field images, allowing
evaluation of model generalization under varying conditions.

Data Preprocessing and Augmentation

To ensure consistency across datasets, all images are resized to standardized input dimensions
required by CNN architectures. Pixel normalization is applied to scale image intensities, and
data augmentation techniques are used to improve generalization and reduce overfitting.
Table 2: Data Preprocessing and Augmentation Techniques

Technique Description Purpose

Resizing Uniform input size (224x224 | 256x256) | Model compatibility
Normalization Pixel scaling to [0,1] Faster convergence
Rotation +20 degrees Orientation invariance
Horizontal/Vertical Flip | Image mirroring Robust feature learning
Zoom & Shift Random scaling and translation Real-world variability

Deep Learning Model Architecture

The study employs pre-trained CNN architectures using transfer learning. These models are
fine-tuned on plant leaf datasets to adapt generic image features to domain-specific disease
characteristics.

1169
Volume 14 Issue 01 January - March 2026 www.ijrt.org



http://www.ijrt.org/

International Journal of Research and Technology (IJRT)

International Open-Access, Peer-Reviewed, Refereed, Online Journal

ISSN (Print): 2321-7510 | ISSN (Online): 2321-7529

| An ISO 9001:2015 Certified Journal |

Table 3: CNN Models Used

Model Depth Parameters (Millions) | Key Feature

VGG-19 19 layers | ~144M Deep uniform architecture
ResNet-50 50 layers | ~25.6M Residual learning
EfficientNet-B4 | Scaled ~19M Compound scaling

The final classification layers are modified to match the number of disease classes in each
dataset.

Explainable AI (XAI) Techniques Applied

Explainability is achieved using post-hoc XAl methods that generate visual and feature-level
explanations without altering the underlying model.

Table 4: Explainable AI Methods

XAl Method | Type Explanation Output

Grad-CAM | Gradient-based | Heatmaps highlighting disease regions
LIME Model-agnostic | Local feature importance

SHAP Game-theoretic | Global & local contribution scores

These methods allow visualization of the regions and features influencing each prediction.
Training Configuration and Evaluation Metrics

Models are trained using standard deep learning practices to ensure reproducibility.

Table 5: Training Configuration

Parameter Value

Optimizer Adam

Learning Rate | 0.0001

Loss Function | Categorical Cross-Entropy
Batch Size 32

Epochs 30-60

Evaluation metrics include Accuracy, Precision, Recall, F1-score, and qualitative explanation
quality assessment.

RESULTS AND INTERPRETATION

This section presents the experimental results obtained from deep learning models and their
explainable counterparts. Both quantitative performance and qualitative explainability
outcomes are analyzed.

Classification Performance Comparison

Table 6: Model Performance without Explainability

Model Accuracy (%) | Precision (%) | Recall (%) | F1-score (%0)
VGG-19 98.9 98.6 98.7 98.6
ResNet-50 99.2 99.0 99.1 99.0
EfficientNet-B4 | 99.4 99.3 99.4 99.3

EfficientNet-B4 achieves the highest accuracy with fewer parameters, confirming its
efficiency.
Impact of Explainability Integration
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Table 7: Performance with XAI Integration

Model + XAl Accuracy (%) | Inference Overhead (%)
VGG-19 + Grad-CAM 98.8 +6
ResNet-50 + Grad-CAM 99.1 +5
EfficientNet-B4 + Grad-CAM | 99.3 +4

The results indicate that integrating XAI techniques introduces minimal computational
overhead while preserving high classification accuracy.

Explanation Quality Assessment

Table 8: Explanation Alignment with Disease Regions

XAl Method | Alignment Score (0-5) | Interpretability
Grad-CAM | 4.6 Very High
LIME 4.1 High

SHAP 3.9 Moderate

Grad-CAM provides the most visually intuitive explanations, effectively highlighting
disease-affected regions such as lesions and spots.

Interpretation of Results

The experimental findings demonstrate that explainable deep learning models achieve near-
equivalent predictive performance compared to standard CNNs. EfficientNet-based models
combined with Grad-CAM offer the best balance between accuracy, efficiency, and
interpretability. Visual explanations confirm that models focus on biologically relevant leaf
regions, reinforcing trust in predictions.

DISCUSSION

The integration of explainable Al techniques into plant leaf disease classification systems
addresses a critical limitation of traditional deep learning approaches—Ilack of transparency.
While CNN models achieve impressive accuracy, their opaque decision-making processes
hinder trust and adoption in real agricultural environments.

The results of this study indicate that explainability does not significantly compromise
predictive performance. Instead, it enhances user confidence by revealing which visual cues
influence classification outcomes. Grad-CAM, in particular, proves highly effective for
agricultural imagery due to its intuitive heatmap-based explanations that align closely with
plant pathology knowledge.

EfficientNet emerges as the most suitable architecture for explainable plant disease
classification due to its optimal balance of accuracy and computational efficiency. This makes
it well-suited for deployment on mobile devices, drones, and edge computing platforms
commonly used in modern precision agriculture. Additionally, most XAI methods are post-
hoc and do not guarantee complete transparency of internal model representations.

Despite these limitations, the study demonstrates that explainable Al significantly enhances
the practical usability of deep learning models in agriculture. By fostering trust and
understanding, XAI bridges the gap between advanced Al systems and end users such as
farmers and agronomists.
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CONCLUSION

The rapid advancement of deep learning technologies has transformed image-based plant
disease detection, offering powerful tools for automated, accurate, and scalable agricultural
diagnostics. However, the widespread adoption of these technologies in real-world farming
systems has been constrained by a fundamental limitation: the lack of transparency and
interpretability inherent in most deep learning models. This study addressed this critical gap
by systematically exploring the role of Explainable Artificial Intelligence (XAI) in enhancing
transparency, trust, and usability of deep learning models for plant leaf disease classification.
The research demonstrated that Convolutional Neural Network (CNN) architectures, when
integrated with explainability techniques, can achieve high predictive accuracy while
simultaneously providing meaningful insights into their decision-making processes. Models
such as VGG, ResNet, and EfficientNet exhibited strong classification performance across
multiple benchmark datasets, with EfficientNet-based models offering the best balance
between accuracy, computational efficiency, and suitability for deployment in resource-
constrained agricultural environments.

The incorporation of explainability techniques—particularly Grad-CAM, LIME, and
SHAP—enabled visual and feature-level interpretation of model predictions. These
explanations revealed that well-trained models consistently focus on biologically relevant
disease symptoms such as lesions, discoloration, and abnormal texture patterns. This
alignment between model attention and plant pathology knowledge is crucial for building
confidence among farmers, agronomists, and agricultural decision-makers.

Importantly, the study found that integrating explainability into deep learning workflows
introduces only minimal computational overhead and does not significantly degrade
classification performance. Instead, explainability enhances model credibility, facilitates error
analysis, and supports informed decision-making. By transforming opaque predictions into
interpretable insights, XAl bridges the gap between advanced artificial intelligence systems
and practical agricultural applications. Despite these encouraging findings, several challenges
remain. Variability in real-field image conditions, limited availability of annotated datasets
for certain crops, and inconsistencies in explanation quality across different XAI methods
present ongoing research challenges. Furthermore, most explainability approaches remain
post-hoc in nature and do not fully uncover the internal reasoning mechanisms of deep neural
networks.

In conclusion, this study establishes that explainable deep learning models represent a
significant step toward trustworthy, transparent, and farmer-centric Al systems for plant
disease management. The integration of explainable Al into precision agriculture has the
potential to improve early disease detection, reduce unnecessary chemical usage, enhance
sustainability, and ultimately contribute to global food security. Future research should focus
on field-level validation, user-centered evaluation of explanations, and the development of
intrinsically interpretable deep learning architectures tailored for agricultural applications.
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