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Banana cultivation often suffers from losses due to leaf diseases with similar visual symptoms, making
timely and accurate classification difficult. This study applied a deep learning-based solution using the
DenseNet201 architecture to classify four banana leaf conditions: Cordana, Sigatoka, Pestalotiopsis, and
healthy. A total of 2,538 images were used, divided into augmented sets for training and validation, and a
separate set of unseen original images for testing. Two model variants were developed: one using Global
Average Pooling (GAP) and another using feature flattening. The GAP-based model achieved a test
accuracy of 96.05%, while the version without GAP reached 97.23%. Despite the slight difference in
accuracy, the GAP model demonstrated improved interpretability. Gradient-weighted Class Activation
Mapping visualizations were used to observe class activation regions and understand the model’s focus
during prediction. These explanations revealed that the GAP model attended to more relevant lesion
areas, especially in cases where visual similarity between disease types caused confusion. The analysis of
misclassifications and confusion matrices supported this observation. The results showed that integrating
GAP helps the model generalize better and produce more transparent decisions. This approach
strengthens the trustworthiness of deep learning models for agricultural disease diagnosis, particularly
when applied to real-world, visually complex data.

Categories: Al applications, Computer Vision, Deep Learning
Keywords: deep learning, banana leaf disease, grad-cam, explainable ai, agricultural applications, dense convolutional
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Introduction

Banana (Musa spp.) is a staple food and commercial crop in tropical and subtropical regions, providing
both nutritional value and economic support for millions of people. However, banana production is
frequently threatened by leaf diseases such as Sigatoka, Cordana, and Pestalotiopsis. These diseases
impair photosynthesis and lead to premature leaf death, which ultimately affects fruit yield and quality.
Manual disease identification remains the common practice, but it is time-consuming and often
inconsistent, especially when symptoms overlap visually across disease types [1,2].

In recent years, convolutional neural networks (CNNs) have demonstrated strong performance in plant
disease classification using image data. Models such as AlexNet, ResNet, and DenseNet have achieved
high accuracy across various crops, including tomatoes, apples, and citrus [3-5]. DenseNet201, in
particular, is well suited for complex image classification tasks due to its dense connectivity and efficient
gradient flow [6].

A recent study applied DenseNet201 to the BananaLSD dataset to classify banana leaf diseases and
reported a classification accuracy of 98.12 percent [7]. While the result is promising, that work did not
assess the model’s ability to generalize to completely unseen data. It also lacked a mechanism to interpret
model predictions, which is essential for trust and transparency in automated systems.

Explainable Al techniques such as Gradient-weighted Class Activation Mapping (Grad-CAM) have become
valuable tools in plant disease diagnostics. These methods visually highlight the regions in an image that
contribute most to the model’s decision, providing insight into the learned features [8,9]. Grad-CAM has
also been widely used in medical diagnostics, supporting its relevance in fields where interpretability is
essential [10].

Another concern in previous research is the limited focus on generalization performance. Models are often
evaluated using augmented or validation data derived from the same distribution as training samples. In
contrast, testing on an original, non-augmented dataset helps verify real-world reliability [11].

This study presents a comparative evaluation of two DenseNet201-based architectures for banana leaf
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disease classification. One model includes Global Average Pooling (GAP) before the final classification
layer, while the other uses a flattening operation. Both models are trained on an augmented dataset and
tested on a separate set of original images. Grad-CAM is applied to visualize the model’s attention during
prediction and evaluate interpretability.

This work makes three main contributions. First, it compares the classification performance of
DenseNet201 using GAP and feature flattening, allowing for an architectural analysis of both accuracy and
interpretability. Second, it integrates Grad-CAM visualizations to highlight regions in the leaf images that
influenced the model’s decisions, offering transparency in the classification process. Finally, it evaluates
the models using a distinct, non-augmented test set to assess generalization performance under real-
world conditions.

Materials And Methods

Dataset description

This study uses the publicly available BananaLSD dataset [12], which consists of labeled images of banana
leaves categorized into four classes: Cordana, Sigatoka, Pestalotiopsis, and Healthy. The dataset includes a
total of 2,538 images, captured under varied lighting conditions and leaf orientations. To enhance model
robustness, data augmentation techniques such as horizontal flipping, zooming, brightness adjustment,
and rotation were applied. The augmented dataset was divided into training and validation sets using an
80:20 ratio. Additionally, a separate, non-augmented set of original images was reserved exclusively for
testing to evaluate the model’s generalization ability under real-world conditions.

To enhance transparency and reproducibility, Table I provides a detailed breakdown of image counts
across classes and dataset splits. While the training and validation sets are nearly balanced, the test set
shows a natural skew toward the Sigatoka class, reflecting its prevalence in the real-world dataset.

Class Training (Augmented) Validation (Augmented) Test (Original)
Cordana (0) 321 80 162
Healthy (1) 320 80 129
Pestalotiopsis (2) 320 80 173
Sigatoka (3) 320 80 473
Total 1,281 320 937

TABLE 1: Class-wise image distribution

Model architecture and training setup

The DenseNet201 architecture was selected as the base model due to its proven performance in visual
recognition tasks, supported by densely connected convolutional blocks that enable efficient feature reuse
and gradient flow [6]. Initially, the model was implemented without GAP, using a flattening operation to
convert the final feature map into a vector before passing it to a dense softmax classification layer. This
configuration served as the baseline for evaluating classification performance.

To address the limitations observed in interpretability and generalization, a second variant was developed
by replacing the flattening layer with a GAP operation. The use of GAP allowed spatial information to be
preserved in a condensed form, enabling the model to retain focus on relevant image regions. This
architectural change also proved more compatible with the Grad-CAM method, producing clearer and
more localized activation maps. Based on qualitative and quantitative analysis, the GAP-based model was
finalized for further evaluation due to its better alignment with real-world deployment goals, including
transparency and consistency on unseen data.

Both model variants were initialized with pre-trained ImageNet weights to benefit from general-purpose
visual features. Initially, the dense classifier was trainable, while deeper layers remained frozen. After
early convergence on validation loss, the model was fine-tuned end-to-end.

Training was conducted using TensorFlow. The Adam optimizer was used with a default learning rate of
0.001. Each model was trained for up to 15 epochs, with early stopping enabled to prevent overfitting. A
batch size of 32 was used for training and validation, while test set evaluation was performed using a
batch size of 1 to enable detailed per-image Grad-CAM visualizations. All input images were resized to
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224 x 224 pixels and normalized to a (0, 1) range, matching DenseNet201's expected input format.

Explainability via Grad-CAM

To assess interpretability, Grad-CAM was applied to both model variants [8]. Grad-CAM creates heatmaps
that highlight the image regions most influential in a model’s decision. These maps were generated for
correctly and incorrectly classified samples from all four classes. Comparing the Grad-CAM outputs across
both models allowed for an evaluation of how pooling strategies influence the attention mechanism and
interpretability of predictions.

Results And Discussion

A comparative evaluation of two DenseNet201 architectures is presented here, analyzing classification
performance, learning behavior, and interpretability. One model uses a GAP layer before classification,
while the other applies feature flattening. Both were trained on an augmented dataset and tested on a

separate, original dataset to reflect real-world conditions.

Classification performance

The classification performance is summarized in Table 2. The DenseNet201 variant without GAP achieved
a test accuracy of 97.23%, slightly higher than the GAP-based model, which reached 96.05%. However, the
GAP-based model is more desirable in real-world applications, as it tends to regularize the network,
reduce overfitting, and provide more focused feature attention.

Model Variant Test Accuracy (%) Peak Validation Accuracy (%) Training Accuracy (%)
DenseNet201 (GAP) 96.05 98.44 99.84
DenseNet201 (No GAP) 97.23 97.81 99.84

TABLE 2: Model performance comparison

GAP, Global Average Pooling

These results can be compared with the findings of Unal [7], where DenseNet201 was applied to the same
BananaLSD dataset and an accuracy of 98.12% was reported. However, that study evaluated only on
augmented validation data and did not assess generalization to an original, non-augmented test set. In
addition, interpretability or architectural variations such as Global Average Pooling were not explored. In
contrast, the current work integrates GAP and Grad-CAM to support explainability and generalization,
offering a more deployment-ready framework despite a slightly lower accuracy. Prior studies have
emphasized the importance of testing on independent distributions to avoid overfitting to augmented
patterns [13].

Accuracy trends

The training behavior of both models is shown in Figure I, where the non-GAP variant displays slightly
more stable validation performance during later epochs. Both models converged quickly, but the version
without GAP maintained slightly higher validation accuracy during the middle and later training stages.
However, this model also showed indications of overfitting, such as overly confident predictions on
misclassified samples.
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Figure 1(a): Accuracy Curves (GAP Model) Figure 1(b): Accuracy Curves (No-GAP Model)
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FIGURE 1: Training and validation accuracy curves across epochs for
the DenseNet201 models: (a) with GAP and (b) without GAP

GAP, Global Average Pooling

The GAP model exhibited minor fluctuations in validation accuracy, which is often a sign of better
generalization. This behavior is desirable when deploying models in variable conditions, such as real
farms or diverse lighting environments.

Prediction breakdown by class

The confusion matrices in Figure 2 and Figure 3 show class-wise prediction performance.
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FIGURE 2: Confusion matrix of DenseNet201 model with GAP on the test
dataset

GAP, Global Average Pooling
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GAP Precision
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FIGURE 3: Confusion matrix of DenseNet201 model without GAP on the
test dataset

GAP, Global Average Pooling

The GAP model achieved strong results across all categories but sometimes confused Cordana with
Pestalotiopsis. The no-GAP model performed better in separating these classes but made more errors in
distinguishing Healthy and Sigatoka leaves. To provide a detailed breakdown, Table 5 presents class-wise

precision, recall, and F1-scores for both models.

GAP Recall
(%)

94.00
100.00
93.75

98.00

GAP F1-Score

(%)
94.95
100.00
93.75

97.03

TABLE 3: Class-wise metrics comparison

GAP, Global Average Pooling

No-GAP Precision

(%)
97.96
100.00
97.92

98.04

(%)
96.00
100.00
97.92

100.00

No-GAP Recall

No-GAP F1-Score (%)

96.97
100.00
97.92

99.01

These values demonstrate the class-wise robustness of each model. While both performed well, the GAP

model displayed better balance in challenging scenarios, particularly where class similarities make
distinctions subtle - a challenge previously observed in deep learning-based plant disease classification

[14].
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The evaluation metrics, viz. accuracy, precision, recall, and F1-score, provide a solid basis for comparison;
this study does not include statistical significance testing such as confidence intervals or p-values. Given
the relatively small difference in performance between the two models, future work could include
hypothesis testing methods (e.g., McNemar’s test or bootstrap confidence intervals) to assess whether
observed differences are statistically significant. These analysis would further strengthen the reliability
and robustness of model comparisons.

Visual attention and interpretability

Grad-CAM visualizations were employed to assess the interpretability of the DenseNet201 models. In
correctly classified cases, the GAP-based model demonstrated precise focus on lesion-affected regions,
indicating disease-specific learning. In contrast, the model without GAP often responded to broader or
irrelevant regions of the leaf surface. Even in misclassified samples, the GAP model maintained attention
on meaningful areas, whereas the no-GAP variant tended to misattribute focus. Attention-based analysis
methods like Grad-CAM have also been validated in fields such as medical imaging and plant
phenotyping, where trust and explainability are critical [15,16].

Representative Grad-CAM results are presented in Figure 4 and Figure 5. These highlight the GAP model’s
ability to consistently localize lesion regions, including in incorrect predictions.

Grad-CAM (With GAP)
True: cordana, Predicted: pestalotiopsis

FIGURE 4: Grad-CAM visualization of GAP model for a misclassified
Cordana sample predicted as Pestalotiopsis

GAP, Global Average Pooling; Grad-CAM, Gradient-weighted Class Activation Mapping
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Grad-CAM (No GAP)
True: cordana, Predicted: pestalotiopsis

FIGURE 5: Grad-CAM visualization of no-GAP model for the
misclassified Cordana sample predicted as Pestalotiopsis

GAP, Global Average Pooling; Grad-CAM, Gradient-weighted Class Activation Mapping

To visualize attention alignment in correctly predicted samples, Figure 6 displays an original image and its
Grad-CAM heatmap, illustrating the model’s attention alignment with visible disease symptoms. To
further validate attention consistency, additional Grad-CAM visualizations for correctly classified

Cordana samples are shown in Figure 7. These support the conclusion that the GAP model highlights
semantically meaningful regions more reliably than its no-GAP counterpart [17].
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Grad-CAM - Predicted: cordana

FIGURE 6: Grad-CAM visualization of a correctly classified Cordana
sample

Grad-CAM, Gradient-weighted Class Activation Mapping

Original Image Grad-CAM

FIGURE 7: Original image (left) and its Grad-CAM output (right), showing
lesion-localized attention

Grad-CAM, Gradient-weighted Class Activation Mapping

GAP interpretability advantage

While the no-GAP model achieved a slightly higher test accuracy, it did so at the cost of generalization
and interpretability. GAP improved the model's ability to learn stable, spatially aware representations.
This is especially important for real-world agricultural diagnostics, where unseen visual variations are
common. The risk of overfitting in the no-GAP variant may reduce reliability when applied outside
controlled environments.

Practical implications and future work

This comparison highlights that the architectural decision to include GAP not only supports
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interpretability but also improves generalization. These outcomes are essential for agricultural tools
where trust and reliability influence adoption.

Future research should explore how these models perform across a wider variety of crops, disease types,
and real-world conditions. Incorporating additional imaging modalities (such as thermal or hyperspectral
data) [18], testing under variable lighting, and optimizing for edge-device deployment will further
improve usability. Integrating uncertainty quantification alongside attention maps could enhance user
confidence and mitigate incorrect actions in response to rare errors.

A limitation of this study is the lack of geographical and environmental metadata associated with the
BananaLSD dataset, which was sourced from a publicly available online repository. As such, the dataset
may not fully capture visual variations in leaf diseases caused by differing climates, cultivars, or field
conditions. This limits the ability to generalize the model across regions. Future work should include
datasets collected from multiple geographic zones and diverse growing environments to further validate
the model's robustness and practical applicability in global agricultural settings.

Conclusions

This study presented a comparative analysis of two DenseNet201-based deep learning models for banana
leaf disease classification, with a specific focus on model interpretability and generalization. One model
utilized GAP, while the other relied on a traditional flattening approach. Both were trained on an
augmented dataset and evaluated using a separate, original image set to reflect real-world

variability. While the model without GAP achieved slightly higher test accuracy, the GAP-based
architecture demonstrated more stable attention patterns and greater resistance to overfitting. Grad-CAM
visualizations further revealed that the GAP model consistently focused on disease-relevant regions,
offering clearer insight into the model’s decision-making process. This highlights the practical advantage
of GAP, particularly in agricultural settings where transparency and trust are crucial. The results suggest
that incorporating pooling strategies that promote interpretability does not significantly compromise
classification performance and may, in fact, enhance the model's usability in field conditions. This balance
between accuracy and explainability is essential for developing Al tools that are both effective and reliable
in crop disease management.

Future work can extend this framework to other plant species and disease types, explore additional
interpretability methods, and test the models under diverse environmental conditions and deployment
constraints such as mobile or edge devices. The integration of interpretable deep learning into
agricultural diagnostics holds strong potential to support timely and informed decision-making in
precision farming.
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