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Timely and accurate crop disease detection is most important for ensuring
global food security. For detecting diseases in crops, many different machine
learning (ML) models were proposed. These models work as a black-box,
and without proper explanation of these models’ decisions, farmers may find
it difficult to trust these systems. For this, many model explainability
methods were also proposed. All these methods have been evaluated
qualitatively, but quantitative and cross-method comparisons are lacking.
This study addresses this gap by emphasizing quantitative validation of
models’ explanations. This study investigates the interpretability and
performance of two approaches for potato leaf disease classification: i)
manual feature engineering with relief-based feature selection and artificial
neural network (ANN) classification with local interpretable model-agnostic
explanations (LIME) and ii) deep convolutional neural networks (CNNSs)
based on mobile network version 2 (MobileNetV2) with gradient-weighted

class activation mapping (Grad-CAM). Quantitative assessment of
explanation quality was performed using fidelity and robustness metrics.
While LIME achieved a lower average fidelity drop 10.90% and higher
robustness 84.27% compared to Grad-CAM 18.68% fidelity drop and
79.38% robustness, Grad-CAM provided clearer visual explanations. These
findings suggest that explanation effectiveness is influenced by model
design and data characteristics, highlighting the need for careful selection of
interpretability techniques in precision agriculture applications.
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1. INTRODUCTION

Early detection of crop diseases is essential for timely intervention and reducing yield losses.
Manual monitoring of large agricultural areas is difficult; therefore, intelligent and automated disease
detection systems have gained increasing attention. Machine learning (ML) techniques have been widely
investigated for plant disease classification. For identifying relevant features, relief-based feature selection
has been explored for plant leaf disease classification [1]-[3]. Different ML classifiers have also been applied
to distinguish healthy and diseased plants. Artificial neural networks (ANNS) and support vector machines
(SVMs) have demonstrated their effectiveness for plant disease classification [4], [5]. Deep learning,
particularly convolutional neural networks (CNNSs), has been widely adopted for automatically extracting
discriminative patterns from plant images [6], while lightweight architectures and transfer learning support
efficient disease identification [7]. Data augmentation further improves model robustness and generalization
under varying field conditions [8]. Although deeper and more complex deep learning models can improve
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predictive performance [9], [10], their black-box nature makes the reasoning behind predictions difficult to
understand, potentially limiting trust and practical adoption.

Explainable artificial intelligence (XAI) methods address this limitation by identifying features or
image regions influencing model decisions. Local interpretable model-agnostic explanations (LIME)
provides local model-agnostic explanations [11], while gradient-weighted class activation mapping
(Grad-CAM) highlights class-discriminative image regions in CNNs [12]. Both methods have been applied in
plant disease classification and related agricultural applications [13]-[17]. However, existing studies
have predominantly evaluated explanations qualitatively, with limited quantitative comparison of different
model-explanation combinations [18]-[20]. Although advanced explanation techniques have also been
explored [21], [22], the reliability of explanations from lightweight models such as mobile network version 2
(MobileNetV2) remains insufficiently quantified [23]. Simpler feature-based ANNs are seldom benchmarked
against deep models. Recent studies highlight the need for quantitative validation of model explanations
[24], [25], a direction that remains underexplored in plant disease research. Collectively, existing research
lacks a systematic, quantitative framework to assess explanation fidelity and robustness across model types.
Moreover, the integration of interpretable and lightweight models for mobile or field-level plant disease
diagnosis remains underdeveloped, revealing a critical research gap in ensuring the reliability and
comparability of explanation methods.

To address these gaps, this study provides a comparative analysis of two combinations of models
and interpretation methods. In the first approach, this study combined manual feature engineering with a less
complicated ANN model and then applied the LIME interpretation method to find which particular feature is
most important in making a decision for a particular leaf image. In the second approach, this study used the
MobileNetV2 architecture and applied the Grad-CAM interpretation method to directly visualize the portion
of the image responsible for a particular decision. Extensive image augmentation was used to improve
generalization to field conditions. This comparison evaluates both predictive performance and interpretability
fidelity, providing insights into which XAl approaches best align with domain knowledge and supporting
more transparent, reliable Al for precision agriculture.

The objective is to provide a framework for quantitative analysis of LIME and Grad-CAM
explanation methods for the agricultural domain. The architecture supports practical mobile deployment
through low inference cost and efficient processing. The relief-based ANN enables rapid on-device
computation, while CNN models provide heatmap-based visual explanations rendered on smartphone
screens. Farmers can capture leaf images via mobile cameras to obtain instant disease predictions and
visualize affected regions, even offline. It enables farmers to interpret model reasoning and obtain actionable
insights directly in the field. This transparency enhances user trust, supports localized disease diagnosis, and
promotes wider adoption within smart agriculture ecosystems. The main contributions of this work include: i)
development of two complementary explainable models: a relief-based ANN interpreted via LIME, and a
MobileNetVV2 model analyzed using Grad-CAM and ii) quantitative assessment of explanation quality based
on fidelity and robustness metrics.

The remainder of this paper is organized as follows. Section 2 describes the proposed methodology.
Section 3 presents the results and discussion. Finally, section 4 concludes the study with insights on future
research directions.

2. METHOD
2.1. Dataset description

To address existing gaps in XAl for precision agriculture, this study presents a comparative
analysis of two integrated frameworks that combine model architectures with interpretation methodologies.
The comparison aims to evaluate the relationship between predictive performance and interpretability
fidelity. Potato images from PlantVillage dataset were used. The selected dataset contains a total of
2,152 images belonging to three classes. The first class consists of 152 healthy leaves, while the second and
third classes consist of 1,000 images of early blight and 1,000 images of late blight, respectively. The original
dataset contains images with a resolution of 256 x 256 pixels, which were resized to 224 x 224 pixels. In this
study, 80% of the images were used for training, while the remaining 20% were used for testing.

2.2. Data augmentation

This study employed image augmentation techniques to improve the generalization ability and
robustness of the CNN model in the field [26]. During image augmentation, the dataset is synthetically
expanded by applying random transformations. For this purpose, a rotation range of +30 degrees, random
horizontal flipping, and brightness adjustment in the range of 0.7 to 1.3, a zoom variation of up to 20%, and
Gaussian noise with a small variance were applied. These augmentations replicate natural variability in field

Int J Adv Appl Sci, Vol. 15, No. 3, September 2026: 1123-1130



Int J Adv Appl Sci ISSN: 2252-8814 a 1125

conditions such as changes in lighting, camera angles, and leaf appearance. Gaussian noise simulates sensor
imperfections and minor environmental artifacts, encouraging the model to learn more robust and
noise-tolerant representations. The augmented dataset was subsequently used to train the MobileNetV2-based
CNN model.

2.3. Approach A: manual feature engineering + relief + artificial neural network

The first approach consists of four stages. The first stage is feature extraction, the second is feature
selection, the third is training and testing of the classification model, and the fourth is model interpretation. In
feature extraction stage, this study extracted a comprehensive set of handcrafted features from each leaf
image to capture color, texture, and structural information. Color characteristics are quantified using
histograms of the red, green, and blue channels, each computed with 32 bins to capture the distribution of
intensities. Texture features, including contrast, homogeneity, dissimilarity, angular second moment (ASM),
and correlation, are extracted, which describe spatial relationships of pixel intensities. In statistical
descriptors, the mean and standard deviation of each color channel are calculated to summarize color
variations. The entropy of the grayscale image is estimated to measure the complexity of intensity patterns.
Histogram of oriented gradients (HOG) features are extracted to characterize shape and local gradients, using
eight orientations and 32 x 32-pixel cells, providing a compact representation of edge information. These
diverse features are concatenated into a single vector that serves as input for subsequent ML classifiers. In
this way, a total of 501 features were extracted from each image. The names of these original features are
stored in a list called “feature_names”. In feature selection stage, the relief algorithm was applied to identify
the 128 most relevant features for classification. Here, the purpose of using Relief is to identify features that
globally help distinguish between classes and improve model classification accuracy. It is also used to reduce
the dimensionality or complexity of the model. The indices of these top-ranked features, based on their
importance scores, are stored in the array “selected indices”. These indices indicate the positions of the
selected features in the original feature space.

For the classification model, an ANN is designed using a sequential architecture comprising four
hidden layers. The hidden layers included 256, 128, 64, and 32 neurons each with rectified linear unit
(ReLU) activation, followed by batch normalization and a dropout layer with different rate to reduce
overfitting. The output layer employed a softmax activation function with a number of neurons equal to the
number of target classes to produce class probabilities. A batch size of 32 is selected, and the Adam
optimizer is used to train the ANN model with a learning rate of 0.001. To enhance interpretability, this study
used LIME framework in tabular mode to interpret the ANN model predictions. LIME highlights the top 20
most influential features in the model’s decision. However, LIME provides the explanation in terms of
column indices (lime_column_index) corresponding to the reduced feature set of relief. To find out which
original features these indices refer to, each lime_column_index is remapped to its original feature_index
using selected_indices as shown in (1). The actual feature name is then retrieved using this index from the
feature_names list as shown in (2).

feature_Index = selected indices [lime_column_index] 1)
feature_name = feature_names [feature_Index] 2

This mapping ensures that the explanations produced by LIME are interpretable in terms of the original
image-derived features, even though the model operates on a reduced feature subset after relief selection.

2.4. Approach B: convolutional neural network + gradient-weighted class activation mapping

In the second approach, two stages are used: the first is CNN model training, followed by the
Grad-CAM interpretation method. Training deep learning models generally requires a large amount of
training data. Since our dataset does not have large number of training images, a transfer learning approach is
employed, leveraging the MobileNetV2 architecture as the base model. The MobileNetV2 model was
initialized with weights learned on ImageNet and configured with include_top = False to remove its original
classification head. During the first stage of training, only the top layers were retrained, while the pretrained
MobileNetV2 layers remained frozen. This step enabled the model to adapt its high-level representations to
the target dataset without disrupting the pretrained convolutional filters. The model was compiled using the
Adam optimizer and the sparse categorical cross-entropy loss function, and trained the model for eight
epochs using both training and validation sets. For fine-tuning, the base model MobileNetV2 was unfrozen
by setting base_model.Trainable = true, enabling all convolutional layers to be updated during training. The
model was then retrained for an additional seven epochs, starting from the last completed epoch of the initial
training. This process allows the feature extractor to be refined jointly with the classifier, leading to improved
discriminative performance. Overall, this two-stage training strategy, consisting of initial transfer learning
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with frozen weights, followed by end-to-end fine-tuning, balances the benefits of leveraging prior knowledge
from large-scale datasets with the ability to specialize the model to the characteristics of the target domain.
Grad-CAM is applied to visualize the portion of the image responsible for a particular decision.

2.5. Evaluation metrics
Both ANN and MobileNetV2 models were evaluated using accuracy, precision, recall, and F1-score
as defined in (3) to (6).

TP +TN
Accuracy = ————— 3)
TP+TN+FP+FN
TP
Recall = 4
TP+FN
.. TP
Precision = (5)
TP+FP
2XPrecisionxRecall
F1 —score =—F——— (6)

Precision+ Recall

Where TP is true positives, FP is false positives, TN is true negatives, and FN is false negatives.

Accuracy reflects overall classification performance and measures how well the model distinguishes
between healthy and diseased leaves or identifies specific diseases. Precision measures the correctness of
positive predictions, recall measures the detection of diseased samples, and F1-score balances both [27].
Explanation methods were systematically evaluated using fidelity and robustness. Fidelity measures how
well an explanation reflects the model's decision-making process, while the fidelity drop quantifies the
decrease in model confidence or accuracy when important features identified by the explanation are removed.
Robustness assesses the consistency and reliability of explanations under varying input conditions. In
agricultural disease detection, robust methods should maintain meaningful explanations even for noisy or
degraded images, helping users identify disease-affected regions.

Hyperparameter settings for calculating fidelity and robustness of both methods are as follows. For
LIME (on ANN model): number of perturbed samples = 5,000, Kernel width = 0.25, number of top features
removed = 5, distance metric = Euclidean, perturbation type = Gaussian noise with ¢ = 0.02. For Grad-CAM
(on CNN model): target layer = last convolutional block of MobileNetV2, gradient normalization = true,
heatmap resolution = 224 x 224 pixels, and perturbation step for the robustness test = 5% pixel noise.

3. RESULTS AND DISCUSSION

The performance and interpretability of the proposed potato leaf disease classification framework
were evaluated using both traditional ANN and CNN architectures. The CNN model clearly outperformed
the ANN across all evaluation measures. Specifically, the CNN model based on MobileNetV2 with
fine-tuning on the target dataset achieved a test accuracy of 99.76%, along with a precision of 99.82%, recall
of 99.82%, and an F1-score of 99.82%. In comparison, the ANN model reached a lower test accuracy of
99.07%, with corresponding precision, recall, and F1-score values of 99.08%, 99.07%, and 99.07%,
respectively. These results clearly demonstrate that the CNN’s ability to learn hierarchical feature
representations directly from images resulted in higher discriminative performance and better overall
generalization. While the ANN combined with relief-selected features offered reasonably good accuracy, its
reliance on manually engineered inputs limited its effectiveness relative to the deep learning approach.

For interpretability, LIME was applied to the ANN model, while Grad-CAM was applied to the
CNN model. LIME provided feature-level explanations by highlighting the top 20 contributing handcrafted
features responsible for each prediction. In an example instance, LIME identified features like
CH_B_bin_22, CH_B_bin_21, CH_R _bin_32, and HOG_59 as most influential in correctly predicting the
class “early blight”. To quantitatively assess the quality of these explanations, fidelity and robustness scores
were computed. The average fidelity drop for LIME on 30 test images was 10.90%, indicating that removing
the top 5 features from the input reduced the model's prediction confidence, thus validating their importance.
The robustness of LIME explanations, computed based on the consistency of top 5 features across similar
images, was 84.27%, reflecting stable explanations.

Figure 1 shows the interpretability comparison of CNN and ANN models using Grad-CAM and
LIME explanations for potato leaf disease classification. Figure 1(a) shows the original test images with true
class labels (early blight, late blight, and healthy). Figure 1(b) presents Grad-CAM visualizations
highlighting spatial regions that most influenced the CNN’s predictions. Figure 1(c) depicts LIME feature
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contribution plots for the ANN model, showing the relative importance and polarity of features driving each
classification decision. Together, these results illustrate complementary insights: Grad-CAM provides
region-level visual focus, while LIME reveals feature-level attribution contributing to disease class
identification. Grad-CAM provides spatial explanations directly on the input image by generating heatmaps
that localized the most discriminative regions. The highlighted area (Figure 1) corresponds closely to the
disease-affected region of the leaf, affirming the relevance of the model's attention. The average fidelity drop
for Grad-CAM was observed to be 18.68%, which, although higher than LIME’s, reflects the model's heavy
reliance on spatial patterns. Grad-CAM robustness was measured at 79.38%, indicating generally consistent
attention across similar inputs but slightly lower stability compared to LIME.
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Figure 1. Interpretability comparison of CNN and ANN models using Grad-CAM and LIME explanations for
potato leaf disease classification: (a) original test image, (b) Grad-CAM interpretation,
and (c) LIME explanation
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The ANN combined with LIME produced explanations in the form of numerical feature
importances, providing a ranked list of the most influential features for each prediction. It explicitly
quantifies the contribution of each input feature. In contrast, the CNN with Grad-CAM generates visual
heatmaps highlighting spatial regions within the input images that most strongly influence the model’s
decision. It helps us to visually inspect the diseased areas of the leaf. Together, these methods provide a
complementary understanding of model decision-making, from interpretable numerical features to intuitive
visual evidence, ensuring transparency and trustworthiness in automated plant disease detection systems.

The results of this study demonstrate that both approaches achieved high classification performance,
with the computationally efficient MobileNetvV2 CNN model reaching an overall accuracy of 99.76%,
confirming the effectiveness of deep convolutional architectures for plant disease detection [17], [26]. This is
consistent with previous reports that fine-tuned CNNs can achieve near-perfect accuracy under controlled
conditions [22], [23]. The study integrates a comprehensive augmentation pipeline including flips,
rotations, brightness and contrast adjustments, and Gaussian noise. This multi-faceted strategy improves
robustness to variable field imaging conditions. Earlier agricultural studies focused solely on classification
accuracy without interpretability assessments [5], [7], [8]. In contrast, the approach produces class-
discriminative heatmaps.

However, interpretability metrics revealed nuanced differences between methods. LIME
explanations applied to the relief-selected ANN model achieved a lower average fidelity drop of 10.90% and
higher robustness of 84.27%, while Grad-CAM explanations for the CNN model exhibited a higher fidelity
drop of 18.68% and lower robustness of 79.38%. These findings partially contrast with earlier studies that
have reported greater stability and fidelity for gradient-based visual explanations in plant disease
classification. In the experiments, the simpler feature representations derived from manual feature
engineering combined with relief selection may have contributed to more robust local explanations when
perturbed by data augmentations such as rotation, brightness variation, and Gaussian noise.

Moreover, while Grad-CAM provided visually intuitive heatmaps highlighting disease regions, its
quantitative robustness was somewhat lower, suggesting that explanation stability can depend strongly on
model complexity and the homogeneity of image backgrounds. This divergence highlights the importance of
evaluating interpretability methods not only qualitatively but also using objective metrics tailored to
agricultural datasets. Overall, the results indicate that while CNNs offer superior classification performance,
simpler models with feature selection can yield explanations with higher fidelity and stability under certain
conditions, supporting the case for hybrid approaches that balance accuracy and interpretability in precision
agriculture applications.

4. CONCLUSION

This study compared two approaches for plant disease classification and interpretability: an ANN
leveraging manually engineered features selected by relief and interpreted using LIME, and a MobileNetV2-
based CNN with Grad-CAM visual explanations. The MobileNetV2 model achieved a high classification
accuracy of 99.76%, confirming the effectiveness of deep learning in plant disease detection. However,
LIME explanations provided a lower fidelity drop (10.90%) and higher robustness (84.27%) compared to
Grad-CAM (18.68% fidelity drop and 79.38% robustness), indicating that simpler models with explicit
feature selection can yield more stable and faithful explanations under data augmentations simulating field
conditions. These findings highlight the importance of evaluating interpretability methods quantitatively and
contextually to ensure trustworthy deployment in precision agriculture. For future work, we plan to extend
this comparative analysis to more complex and diverse datasets with real-world field images containing
background variability and occlusions. Incorporating additional interpretability techniques, such as SHAP or
integrated gradients, could provide further insights into the strengths and limitations of different explanation
methods. Collaboration with agricultural experts can further tailor interpretability outputs to support
informed decision-making in the field. Moreover, exploring hybrid models that integrate handcrafted and
learned features may help balance interpretability with predictive performance.
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