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ABSTRACT 

Sustainable agriculture depends on the timely identification of plant diseases. While deep learning, 

particularly Convolutional Neural Networks (CNNs), has shown promise in leaf disease classification, its 

black-box nature undermines transparency and farmer trust. This study presents a framework integrating 

EfficientNet-B4/B7 with multiple Explainable AI (XAI) techniques—Grad-CAM++, Score-CAM, 

Integrated Gradients, and LIME—to enhance interpretability. The proposed framework was developed 

and tested on the PlantVillage dataset. Although the classification model itself demonstrated modest 

performance (AUC 0.53), highlighting challenges in generalization, the primary contribution of this study 

lies in the comparative analysis of XAI methods. A qualitative expert evaluation revealed Grad-CAM++ as 

the most consistent and visually coherent method for highlighting disease-related features. A prototype 

farmer-friendly GUI was developed to visualize input images, predicted classes, and XAI heatmaps. This 

work underscores the importance of interpretability in building trustworthy AI systems for agriculture 

and provides a comparative baseline for XAI techniques in plant pathology, establishing a foundation for 

future work on more robust classifiers. 

Keywords-leaf disease detection; Explainable AI (XAI); EfficientNet; model interpretability; PlantVillage 

dataset 

I. INTRODUCTION  

Agriculture remains one of the main pillars of global food 
security, as it contributes significantly to the nutrition and 
livelihood of people around the world. In this industry, 
recognizing and controlling plant diseases in their early stages 
is very important for maintaining crop health and maximizing 
production [1]. Diseases that are not detected or diagnosed 
early can cause immense agricultural losses, jeopardizing food 

supply chains and economic sustenance among farmer 
communities. Therefore, achieving effective and sustainable 
agriculture in terms of precise diagnosis of diseases in plants, 
especially in leaves, as symptoms are largely observed in the 
leaves of plants initially, is critical. Historically, the 
identification of such diseases was mostly based only on the 
skills of agronomists or any skilled agriculturalist who would 
observe the status of plants by examining them directly. 
However, this approach is quite problematic, as it is very time-
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consuming, requires a lot of manpower, and is prone to 
subjectivity and human error [2]. Moreover, the fact that 
agricultural operations are becoming larger in size means that 
manual inspection can no longer be practical. 

Artificial Intelligence (AI) has recently made massive 
progress, particularly in its sub-branch of Deep Learning (DL) 
and computer vision, offering new paths of automation in the 
agricultural sector. Automation technology that can identify 
leaf diseases with the help of image analysis is creating a 
revolutionary impact in smart farming, offering fast, scalable, 
and cost-effective solutions. Concepts such as Convolutional 
Neural Networks (CNNs) are popular in this area and mainly 
focus on visual data processing. CNNs have been proven to be 
outstanding in discriminating complicated images, such as 
complex indications of plant diseases on leaves [3]. Although 
CNNs have shown excellent levels of accuracy, they have a 
major shortcoming in being black box system models. This 
implies that although the model is capable of making a 
forecast, it fails to explain its thinking in a way that an average 
user can easily understand. Such interpretability limitations 
may complicate the use of AI-driven tools in agricultural fields, 
especially by farmers or agricultural employees who are not 
well-versed and highly skilled in technical aspects. Such users 
often need meaningful, comprehensible explanations of 
automated decisions, particularly in instances when decisions 
impact important parts of crop management. 

To increase the interpretability of deep network models 
applied to the diagnosis of plant diseases, in [4], the Score-
CAM method was used to reveal what was happening inside a 
CNN-based classifier. Score-CAM, a type of class activation 
mapping approach, visualizes the input images by providing 
visual explanations in the form of heatmaps, which reflect 
which parts of the leaf images mattered most to the final 
predictions of the model. This design was a valuable 
contribution to bringing performance and comprehension 
closer to each other, especially within the realm of agricultural 
diagnostics. However, despite the application of Score-CAM 
being a step towards explainable AI in plant pathology, the use 
of only one mode of visualization has certain disadvantages. 
Score-CAM insights are useful but not comprehensive, and are 
not necessarily consistent across various kinds of images, 
particularly when disease patterns become complicated or 
overlap in complex multi-class datasets encountered in 
agriculture [5]. Moreover, since Score-CAM does not use 
gradients, it might sometimes fail to capture fine-grained but 
significant decision boundaries in the neural network, and its 
interpretations might therefore run counter to the visual 
evaluation of plant diseases by human experts. 

These constraints indicate the necessity to expand 
interpretability by including various Explainable AI (XAI) 
solutions. These approaches provide a generative perspective 
on the behavior of a DL model. As an example, model-agnostic 
methods, such as Local Interpretable Model-Agnostic 
Explanations (LIME), may provide fine-grained instance-level 
explanations by approximating the model locally near a 
prediction [6]. In contrast, gradient-based approaches, such as 
Grad-CAM++ and Integrated Gradients, are more granular, as 
they reveal the sensitivity of the model output to the input 

features [7]. Performing a comparative analysis of these varied 
methods, researchers and practitioners will be able to obtain a 
less biased and more credible idea of how CNNs make 
decisions within the framework of leaf disease detection. This 
complex outlook is necessary to establish confidence in end-
consumers, as well as to monitor the responsible 
implementation of AI systems in agricultural settings. 

Encouraged by the need to improve model interpretability 
in automated leaf disease classification, this study is a 
continuation of [4], with the intention of examining a greater 
variety of XAI methods. The aim was to study and compare the 
understandability, reliability, and practical usefulness of 
different ways to provide an explanation in a systematic way. 
Four popular XAI methods, Score-CAM, Grad-CAM++, Local 
Interpretable Model-Agnostic Explanations (LIME), and 
Integrated Gradients, are examined on CNN-based models that 
diagnose leaf diseases. Besides this analysis, this work presents 
a user-friendly interface in the form of a heatmap visualization, 
built to increase the accessibility of model explanations to non-
technical audiences, including farmers and agricultural 
advisors. Each of the methods is evaluated in its interpretability 
using both quantitative parameters, such as region overlap and 
consistency, and qualitative evaluation using visual analysis by 
experts. 

II. RELATED WORK 

Accurate and timely identification of plant diseases is 
critical to safeguard food production, reduce agricultural losses, 
and promote environmentally friendly farming approaches [8]. 
Traditional disease detection techniques, which are largely 
based on manual visual inspection by agricultural experts, are 
often inefficient. These methods can be time-consuming, 
require extensive labor, and are susceptible to inconsistencies, 
especially when subtle disease symptoms or early-stage 
infections are involved [9]. Furthermore, the extensive scale of 
agricultural fields and the rapid and variable nature of disease 
progression create additional obstacles to effective manual 
surveillance [10]. 

The emergence of DL, particularly CNNs, has transformed 
the landscape of plant disease detection and diagnosis [11]. 
These models have demonstrated exceptional performance in 
visual recognition tasks, facilitating their integration into 
modern agricultural practices for the early identification and 
classification of plant diseases [12, 13]. The effectiveness of 
CNNs in various domains has extended to plant sciences, 
where they have been successfully applied to recognize disease 
patterns or categorize plant species with high precision [14]. 
CNNs are especially valued for their ability to address 
challenges in object detection, classification, and image 
segmentation tasks [15]. Unlike traditional computer vision 
methods that require manual feature extraction and significant 
domain knowledge, CNNs are capable of autonomously 
learning relevant features directly from raw input data [16]. 
This self-learning ability allows CNNs to discover complex 
spatial hierarchies and texture-based patterns that are often 
indicative of plant diseases [17]. Automatic extraction of 
complex and hierarchical features from raw image data allows 
CNNs to detect intricate patterns and minor visual cues 
associated with disease onset. 
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Combining data from multiple imaging modalities can 
further enhance diagnostic accuracy. Such multimodal 
approaches provide complementary perspectives, enriching the 
information available for learning and improving the overall 
robustness of the model [18]. This ability is especially 
advantageous when dealing with varied and subtle disease 
manifestations across different plant species. One of the core 
strengths of CNN-based systems lies in their ability to process 
large-scale datasets and learn intricate visual features, which 
are essential for the nuanced task of detecting plant anomalies 
[19]. The application of DL techniques in areas such as medical 
imaging underscores their broader potential for visual-based 
diagnostics, demonstrating parallels with plant health 
monitoring. The empirical results of various studies reflect the 
effectiveness of CNN architectures in this domain, with 
classification accuracies as high as 99.53% showcase the 
ability of these models to reliably distinguish between disease 
types under controlled conditions [20]. Furthermore, the 
incorporation of multimodal information continues to be a 
promising strategy for advancing the practical applicability of 
DL in agricultural disease detection [21]. 

Explainable XAI has become an increasingly vital area of 
research, particularly as complex machine learning models are 
being deployed across domains where transparency and 
interpretability are essential for trust and accountability [22]. 
As AI systems are utilized in high-stakes scenarios, 
understanding the rationale behind predictions is no longer 
optional but a necessity for responsible decision-making. 
Model-agnostic techniques such as LIME have gained 
significant traction due to their versatility, as they can generate 
explanations for any black-box model, regardless of its internal 
workings, making them especially useful for a wide range of 
applications and model architectures [23]. The overarching 
goal of XAI is to improve the interpretability of AI systems 
throughout their lifecycle, thus fostering a deeper level of trust, 
promoting ethical use, and allowing informed oversight by 
human stakeholders [24]. The importance of XAI is now 
widely acknowledged as the foundation for the practical and 
safe deployment of AI technologies [25]. In visual applications, 
XAI methods can identify and display the most influential 
regions of an image that contribute to a specific classification, 
helping users to validate and interpret the model's reasoning. 
Additionally, XAI can be applied at the preprocessing level, 
modifying or enhancing the features within the input data that 
are critical to the prediction task, thus improving model clarity 
and effectiveness [26, 27].  

The field of XAI has gained substantial momentum as 
researchers seek to interpret the internal workings of complex 
ML models, especially those applied in computer vision tasks 
[28]. With the widespread adoption of DL models in sensitive 
domains such as medical imaging, there has been a parallel 
increase in the demand for interpretability tools that can 
visually communicate how and why a model arrives at a given 
decision [29]. Saliency maps is one of the most prevalent 
interpretability tools in this context, visually highlighting the 
image regions that contribute most significantly to the 
prediction of a model [30]. These maps offer insight into the 
discriminative features identified by the model, helping to align 

machine decisions with human understanding. However, 
although saliency-based explanations are widely used, they 
introduce new challenges. The assessment of what constitutes a 
meaningful or "good" explanation often involves subjective 
judgment, making the interpretability process prone to human 
bias [31]. This subjectivity becomes particularly problematic in 
high-stakes domains such as healthcare, where transparency 
and trust are essential for decision support systems. In such 
scenarios, clinicians must not only rely on the output of the AI 
model but also understand its rationale to ensure diagnostic 
accuracy and maintain patient safety [32, 33]. 

Despite these efforts, the field still grapples with the 
absence of universally accepted standards for evaluating 
explainability methods. There remains a lack of agreement on 
what defines a reliable explanation, making it difficult to 
benchmark or validate XAI techniques consistently. These 
challenges underscore the need for continued research into 
robust, trustworthy, and user-centric explanation frameworks, 
especially in applications where interpretability directly 
impacts user confidence and decision-making. 

A. Gap Identified 

Although DL models can be used to better detect the 
presence of a plant disease, most existing studies used a single 
method of explainability, such as Score-CAM. Although 
relatively effective, the use of one explainability method is 
limited in terms of the depth and reliability of the findings, 
particularly when used on complicated or ambiguous patterns 
of leaf diseases. In addition, existing systems tend to have 
complicated user interfaces that are not very easy to understand 
by final users, such as farmers, when looking into the decisions 
made by the model. Such unavailability of understandable and 
reliable visual descriptions hinders the effective applications in 
realistic and agricultural subdomains, where ease of use and 
interpretability are the keys to trusting AI-based tools. 

III. METHODOLOGY 

Figure 1 outlines a comprehensive and interpretable 
pipeline for leaf disease detection using DL and XAI. This 
study used the PlantVillage dataset, consisting of tomato leaf 
images. Since the dataset does not provide pixel-wise 
segmentation masks, a Modified U-Net was optionally used to 
generate leaf region masks to reduce background interference. 
These masks are not ground-truth annotations but are intended 
to isolate the leaf area before classification. These annotated 
masks help in isolating the actual leaf regions from the 
background, ensuring that the model focuses on the relevant 
portions of the image for disease identification. By removing 
background noise and focusing on the leaf itself, the 
segmentation step enhances the precision of downstream 
classification tasks. Once the leaf region is segmented, the 
images are passed to a classification model based on 
EfficientNet-B4 or B7, which are known for their scalable and 
efficient architecture, balancing high accuracy with 
computational efficiency. The model classifies each segmented 
leaf into one of the disease categories or identifies it as healthy. 
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Fig. 1.  Block diagram of the proposed method. 

To enhance transparency and interpretability, this study 
integrates four XAI techniques: Grad-CAM++, Score-CAM, 
Integrated Gradients, and LIME. These techniques generate 
visual heatmaps that highlight the areas within the leaf image 
that most strongly influenced the classification decision. As 
pixel-level ground truth annotations are unavailable in 
PlantVillage, quantitative XAI metrics such as IoU and region-
overlap cannot be applied. Hence, the comparison of XAI 
methods in this study is based exclusively on qualitative expert 
review of visual explanations. XAI visualizations were 
evaluated by two plant pathology experts using a structured 
qualitative rubric based on three criteria: (i) lesion localization 
clarity, (ii) biological plausibility of the highlighted regions, 
and (iii) consistency of heatmap behavior across samples of the 
same disease class. Each criterion was scored on a 1–5 scale, 
and final evaluations were determined by consensus where 
disagreements occurred. This step is crucial for understanding 
the model's behavior and validating its focus on disease-
affected regions. 

To ensure that the model's predictions are accessible and 
understandable to end-users, a GUI was developed as part of 
the proposed system. This interface is intentionally designed to 
be simple and intuitive, with a primary focus on usability for 
individuals, such as farmers and agricultural practitioners, who 
may not have technical expertise. The GUI provides a 
consolidated view that includes the original input image of the 
leaf, the predicted disease label, the model's confidence score, 
and visual heatmaps generated by each of the four integrated 
XAI techniques. By visually highlighting the regions of the leaf 
that most influenced the model's decision, the interface 
promotes transparency and interpretability. This functionality 
not only helps users validate the system's output but also 
strengthens their trust in the model’s reliability. Ultimately, the 
interface enhances the real-world applicability of the solution 
by supporting informed decision-making in agricultural disease 
management. 

To assess the effectiveness of the proposed system, both 
classification performance and explanation quality were 
evaluated using a range of quantitative metrics. For the 
classification component, standard evaluation measures were 
applied, including accuracy, precision, recall, and F1-score. 
Accuracy reflects the overall proportion of correctly identified 
cases and is calculated as the ratio of true positives and true 
negatives to the total number of predictions. Precision 
measures the proportion of correctly identified positive cases 
out of all positive predictions, while recall evaluates the 
model's ability to correctly detect actual positive cases. The F1-
score provides a balanced metric by combining precision and 
recall into a single harmonic mean, making it especially useful 
when dealing with class imbalance. 

In addition to classification accuracy, the quality of the 
model's visual explanations is evaluated using several XAI-
specific metrics. The Region Overlap, measured by 
Intersection-over-Union (IoU), quantifies the alignment 
between the generated heatmaps and the annotated regions of 
interest, indicating how well the model's attention matches 
expert-identified disease areas. A Human Interpretability Score 
is also introduced, where domain experts rate the clarity and 
usefulness of the heatmaps on a standardized 1–5 scale. 
Furthermore, Explanation Consistency is analyzed by 
computing the standard deviation of explanation outputs across 
multiple samples within the same class, highlighting the 
reliability of the interpretability methods. 

This method combines segmentation, classification, and 
multi-method explainability into an end-to-end system that is 
both accurate and transparent. The added novelty lies in the 
comparison of multiple XAI techniques and their visualization 
through a practical interface designed for real-world 
agricultural use. The proposed pipeline should be considered 
exploratory. As the segmentation stage is not validated and 
quantitative XAI metrics cannot be computed, the study 
focuses solely on a qualitative expert comparison of 
explanation methods rather than a fully operational disease 
diagnosis system. 

A. Dataset Description 

The PlantVillage dataset [34] is a widely adopted 
benchmark dataset for plant disease classification tasks. The 
dataset consists of high-quality RGB images of healthy and 
diseased plant leaves captured under controlled conditions with 
uniform backgrounds. It includes images spanning multiple 
crop species and disease categories, making it a standard 
reference for evaluating deep learning-based plant pathology 
systems. Leaf images were extracted from the PlantVillage 
dataset to ensure consistency across disease classes. All images 
were resized to match the input resolution required by the 
EfficientNet architectures. Since the dataset does not provide 
pixel-level lesion annotations, no ground-truth segmentation 
masks are available. Thus, the study focuses on image-level 
classification and qualitative explainability analysis, rather than 
pixel-wise disease localization or quantitative XAI validation. 

Although PlantVillage enables reproducible 
experimentation and controlled benchmarking, its laboratory-
style image acquisition limits real-world generalization. The 
absence of field variability, such as illumination changes, 
occlusion, background clutter, and multi-disease coexistence, 
may lead to overly optimistic performance estimates in 
conventional classification studies. The dataset is intentionally 
used not to maximize classification accuracy, but to provide a 
stable testbed for comparative evaluation of XAI techniques, 
isolating explainability behavior from environmental noise. 
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IV. RESULTS AND DISCUSSION 

The performance of the proposed EfficientNet-B4/B7 
model was evaluated on the PlantVillage dataset. Since no 
baseline models (e.g., ResNet, MobileNet, or EfficientNet 
variants without segmentation) were evaluated, the low AUC 
cannot be attributed to architecture choice, preprocessing, or 
dataset characteristics. This classifier is treated as a test case for 
qualitative XAI comparison rather than a validated diagnostic 
model. These results are interpreted only to facilitate XAI 
comparison and do not represent a validated diagnostic model. 
The confusion matrix (Figure 2) shows a nearly symmetric 
distribution of errors. Of the healthy samples, 259 were 
correctly classified, while 231 were misclassified as diseased. 
For the diseased category, 243 were accurately identified and 
267 were incorrectly predicted as healthy. This indicates that 
the model's ability to distinguish between healthy and diseased 
leaves is limited, with a significant number of false negatives 
(diseased leaves classified as healthy) that would be critical in a 
real-world scenario. 

 

 

Fig. 2.  Confusion matrix. 

The ROC curve (Figure 3) yielded an AUC value of 0.53, 
which is only marginally better than random guessing. This 
result, coupled with the confusion matrix, clearly indicates that 
the classification model requires substantial architectural or 
training refinements to achieve diagnostic utility. The model 
exhibits signs of underfitting, with low recall in diseased 
samples, suggesting insufficient learning of lesion-specific 
features. Limited augmentation and removal of background 
cues through exploratory segmentation may have further 
weakened discriminative learning. The class imbalance within 
PlantVillage and the lack of real-field variability also likely 
contributed to poor generalization. The modest performance 
underscores the complexity of the task even on a curated 
dataset like PlantVillage and emphasizes that high accuracy in 
some prior studies cannot be taken for granted. 

A. XAI Technique Comparison 

The primary value of this study is the comparative analysis 
of XAI techniques. These diagnostic factors are reflected in the 
XAI outputs, which often highlight non-lesion regions, 
indicating that the classifier learned incomplete or biased 
feature representations rather than disease-specific cues. This 
comparison is qualitative only, as the absence of pixel-wise 
ground truth masks prevents the use of quantitative measures 
such as IoU and region-overlap. Since the PlantVillage dataset 
lacks pixel-level segmentation annotations, quantitative 

evaluation metrics such as IoU between heatmaps and true 
lesion regions could not be applied. Therefore, the comparative 
assessment of XAI methods was conducted through qualitative 
expert review rather than pixel-wise quantitative validation. IN 
addition, the lack of pixel-wise ground truth annotations makes 
a quantitative evaluation of heatmap accuracy (e.g., via IoU) 
not feasible. Instead, the four XAI methods, as shown in Figure 
4, Grad-CAM++, Score-CAM, Integrated Gradients, and 
LIME, were compared through qualitative visual inspection 
and expert assessment.  

 

 

Fig. 3.  ROC curve of the model. 

 

Fig. 4.  XAI method comparison by region overlap. 

The heatmap outputs (e.g., Figure 5) revealed distinct 
characteristics for each method. Grad-CAM++ and Score-
CAM generally produced the most focused and localized 
heatmaps, which often aligned well with visible lesions and 
discolorations on the leaves. In contrast, Integrated Gradients 
and LIME tended to generate noisier, more diffused activation 
regions, making them harder to interpret intuitively. For 
instance, in cases of fungal infections with clear lesions, Grad-
CAM++ consistently highlighted the affected areas, whereas 
LIME's perturbations sometimes led to less stable and coherent 
explanations. These observations suggest that for this specific 
application, gradient-based CAM methods such as Grad-
CAM++ may offer more reliable and actionable insights for 
agricultural experts. 

B. GUI Usability 

The developed GUI (Figure 5) successfully integrates the 
input image, prediction, confidence score, and heatmaps from 
all four XAI methods into a single dashboard. Usability testing 
with a small group of non-experts indicated that the interface 
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was intuitive. The ability to switch between different XAI 
visualizations was found to be particularly useful for building a 
comprehensive understanding of the model's decision-making 
process, even when the underlying prediction was incorrect. 
This functionality is crucial for fostering critical engagement 
with the AI model's output rather than blind trust. 

 

 

Fig. 5.  Farmer-friendly interface output. 

Figure 5 shows the output of the leaf disease classification 
system through its GUI. The input image, featuring a leaf with 
visible lesions, has been identified as suffering from "Early 
blight" with a confidence score of 0.87. Below the prediction, 
four heatmaps generated using different XAI methods highlight 
the regions contributing to the classification decision. Among 
these, Grad-CAM++ and Score-CAM provide more focused 
and localized visual cues, whereas Integrated Gradients and 
LIME display more diffused regions. This visualization helps 
users understand not only the prediction but also the rationale 
behind it, enhancing its interpretability for practical agricultural 
decision-making. 

C. Limitations and Future Work 

This system is not a fully validated pipeline, as 
segmentation, classification quality, and quantitative XAI 
analysis remain unverified and are proposed for future work. 
The main limitation of this work is the suboptimal performance 
of the classifier, which restricts its immediate practical 
deployment. The high rate of misclassification, particularly for 
diseased leaves, is a major concern. Furthermore, the 
computational demand of some XAI methods, especially 
LIME, hinders real-time applicability. Future work will focus 
on improving classification accuracy through advanced 
architectures (e.g., Vision Transformers), extensive data 
augmentation simulating field conditions, and using more 
challenging datasets that include background clutter and 
multiple leaf orientations. The XAI evaluation will be extended 
to a quantitative basis using a dedicated, expert-annotated 
dataset with pixel-level ground truth. Future work will utilize 
expert-labeled pixel-wise lesion masks to enable quantitative 
evaluation of XAI using metrics such as IoU and region-based 
precision. In addition, future studies should involve 
benchmarking multiple architectures and non-segmented 
pipelines to establish whether XAI behavior remains consistent 
across models and preprocessing strategies. 

V. CONCLUSIONS 

This study presents an interpretable DL framework for leaf 
disease analysis, emphasizing explainability over classification 
performance. Using the PlantVillage dataset, EfficientNet-
B4/B7 models achieved modest classification results (AUC 
0.53), highlighting the difficulty of robust disease 
discrimination even in curated datasets. The primary 
contribution lies in the comparative qualitative evaluation of 
XAI methods. Among the techniques examined, Grad-CAM++ 
consistently produced the most spatially coherent and 
biologically plausible explanations, making it more suitable for 
plant disease interpretation in the absence of pixel-level 
annotations. The GUI developed further demonstrates how 
explainable outputs can enhance transparency and user trust. 
Beyond agriculture, this work aligns with broader research in 
medical imaging and responsible AI, where explainability is 
increasingly essential for model validation and trust. The 
findings reinforce that XAI is not just an auxiliary visualization 
tool but a critical mechanism for diagnosing, auditing, and 
improving DL models, particularly when predictive 
performance is limited. 

In conclusion, while this classification model is not ready 
for real-world application, this work successfully demonstrates 
a critical methodology for evaluating and integrating XAI into 
agricultural AI systems. By prioritizing explainability, the 
framework lays the groundwork for developing future systems 
that are not only accurate but also trustworthy and actionable 
for users in the field. The key point is that interpretability is not 
just a feature of a successful model, but an essential tool for 
diagnosing and improving a failing one. 
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