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Article Info Abstract
Keywords: Early and late blight are major threats to potato crops and can cause
Image-based Plant significant losses for farmers. Early disease classification is essential for quick

Disease Classification;

) and appropriate treatment. This study proposes an ensemble learning
PlantVillage Dataset;

approach by combining DenseNet201 and MobileNetV2 architectures to

Feature-level Ensemble; ) . T .

DenseNet201; classify potato leaf diseases from digital images. The dataset used consists of

MobileNetV2 2,152 potato leaf images and is processed through normalization,
augmentation, and image resizing stages. The ensemble model was trained
with optimized parameters and evaluated using accuracy, precision, recall,
and Fl-score. The test results showed an accuracy of 99.56%, with precision,
recall, and F1- score values of 99.56% each. Demonstrated improved
performance compared to single CNN models on the evaluated dataset, and
offers an accurate and efficient solution for disease detection in the
agricultural sector.
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1. Introduction

The agricultural sector plays an important role in realizing global food security amidst the growing
world population (Tabe-Ojong et al., 2024) (Costa et al., 2023). To respond to these dynamics, the
agricultural sector is required to improve efficiency and productivity through various modern and
innovative approaches (Gyamfi et al.,, 2024). Potato (Solanum tuberosum) is one of the strategic
horticultural commodities that has high nutritional and economic value, especially in temperate to cold
climates (MULUGETA et al., 2020) (Sholihati et al., 2020). In the context of food security, the success of
potato cultivation determines the stability of food supply, given its large contribution to global
consumption volumes (Tiwari et al., 2020). However, the productivity of potato plants is often
hampered by foliar diseases such as early blight and late blight (DONG & ZHOU, 2022) (Radwan et al.,
2024). Early blight is caused by Alternaria solani, while late blight is caused by Phytophthora infestans,
both of which can cause heavy losses if not detected early (Meno et al., 2022) (Paluchowska et al.,
2022). Manual disease detection is still common, but this method is subjective, slow and error-prone
(Khan et al., 2025) (Arshaghi et al., 2023).
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Along with the advancement of digital technology, artificial intelligence (Al), particularly artificial
neural networks, has been increasingly applied for disease prediction (Alamsyah & Fadila, 2021). In
particular, deep learning methods based on Convolutional Neural Networks (CNN) have begun to be
used in plant disease classification based on leaf images (Harakannanavar et al., 2022) (Yao et al., 2023).
Various CNN architectures such as VGG19, InceptionV3, and EfficientNetBO have been used in previous
studies (Tiwari et al., 2020) (Dutta et al., 2024) (Upadhyay et al., 2024). However, each architecture has
limitations such as high computational requirements, overfitting, and difficulties in distinguishing
disease symptoms with high visual similarity (Zubair et al., 2025) (Goyal et al., 2024) (Pai et al., 2025).

To address this issue, this study proposes an ensemble learning approach that combines two CNN
architectures, namely DenseNet201 and MobileNetV2. DenseNet201 is known for its dense
connections between layers, which support complex feature extraction (Charisma & Adhinata, 2023),
while MobileNetV2 excels in computational efficiency, making it suitable for implementation on devices
with limited resources (Chen et al., 2021). However, most existing studies rely on a single CNN
architecture, which may limit generalization performance when disease symptoms exhibit high visual
similarity. Therefore, this study proposes a feature-level ensemble approach for potato leaf diseases
(early blight, late blight, and healthy) based on ensemble learning from digital images. The dataset used
consists of 2,152 images of potato leaves with various visual conditions. It is hoped that this approach
can enhance the accuracy and efficiency of plant disease classification systems in the agricultural sector.

2. Literature Review

Several previous studies have explored the use of machine learning and deep learning algorithms in
the classification of potato leaf diseases. [23] used an image processing approach and the Random Forest
algorithm on a dataset of images from PlantVillage, with the model achieving an accuracy of 97%. The
process includes segmentation, feature extraction, and texture-based classification, but still relies on
manual processing and is inefficient for large scales.

[6] applied a CNN model with a VGG-19 architecture using transfer learning to extract features from
potato leaf images, which were then classified using logistic regression. The model achieved an accuracy
of 97.80%. Although accurate, the VGG-19 architecture requires high computational power and is prone
to overfitting.

Research by [24] took an image processing approach with preprocessing, K-means segmentation,
texture feature extraction using Gray Level Co-occurrence Matrix (GLCM), and classification with Support
Vector Machine (SVM). With the dataset evenly divided into three classes, this model achieved an
accuracy of 95.99%, but classification for the late blight class tended to be less optimal due to the high
visual similarity among diseases. This indicates that conventional machine learning-based methods still
have limitations in distinguishing diseases with very similar visual symptoms.

[25] developed a more complex approach through image segmentation using a combination of graph
cut algorithms, SLIC superpixels, and Otsu thresholding in the Lab color space, as well as classification
using SVM, ANN, K-NN, and Random Forest. The SVM model achieved the highest accuracy of 97.4% for
disease type classification. Although accurate, the segmentation approach used is quite complex and
inefficient when applied to large-scale automatic classification systems in the field.

CNN-based deep learning approaches have also been utilized. [16] trained an InceptionV3 model on
2,152 images of potato leaves, achieving an accuracy of 98.60%. InceptionV3 is known for its efficiency,
yet it still has limitations in distinguishing similar visual symptoms. Similarly, [17] used EfficientNetBO on
the same dataset and achieved an accuracy of 99.05%, demonstrating high performance but limited to a
single CNN architecture.

Based on the limitations of previous research approaches, such as the need for high computational
power, overfitting, and difficulty in distinguishing diseases with high visual similarity, this study proposes
an ensemble learning method combining DenseNet201 and MobileNetV2. This combination aims to
integrate the advantages of deep visual features and computational efficiency, to significantly improve
the accuracy and generalization of potato leaf disease classification.

3. Method

Research method is an important component in conducting a study. In this research, the method
used is an ensemble learning approach by combining two CNN architectures, namely DenseNet201 and
MobileNetV2. The workflow of this method is presented in the form of a flow chart shown in Figure 1.
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Figure 1. Research Procedure Flowchart

a. Input Data

The first step of this research begins with the process of inputting the dataset that will be used in
training the classification model. The dataset is obtained from PlantVillage, which is a public dataset
source with a subset of potato leaf images consisting of three classes. In total, there are 1,000 images
for each of the early blight and late blight classes, and 152 images for the healthy leaf class.

b. Data Preprocessing

Data preprocessing is an important step before the model training process, which will process the
data because the data collected is usually incomplete, redundant, and inconsistent (Alamsyah & Fadila,
2021). The data preprocessing stage is carried out to prepare the dataset to meet the input
specifications of the CNN model and to improve training performance. The first step is to conduct an
initial data exploration (EDA) to understand the distribution of classes and image characteristics,
including size, lighting, and the number of images per class. Next, image augmentation is performed
specifically on the imbalanced class, which is the healthy class. Augmentation techniques used include
random rotation, zooming, brightness adjustment, and horizontal/vertical flipping (Prasetiyo et al.,
2023). The goal of this augmentation is to enhance the diversity of visual data, increase the number of
samples, and minimize the risk of overfitting during the model training process. After that, all images
are resized to 224x224 pixels to meet the specifications of the DenseNet201 and MobileNetV2
architectures. The final stage of preprocessing is normalizing the RGB pixels from a scale of 0-255 to a
range of 0—1. This normalization aims to stabilize training and speed up convergence.

c. Dataset Splitting

The dataset is divided into three parts: training data, validation, and testing. The division is done
with a ratio of 70% training data with 2,100 images, 15% for validation data, and 15% for testing data,
4 each with 450 images. The purpose of this division is to ensure that the developed model can
generalize to new data that it has not seen before.

d. Model Method

The classification model in this research is designed using an ensemble learning approach based on
feature-level fusion, specifically by combining two pre-trained Convolutional Neural Network (CNN)
architectures, namely DenseNet201 and MobileNetV2. Fine-tuning was not performed to reduce
computational complexity and to evaluate the effectiveness of feature-level fusion using pretrained
representations. The purpose of utilizing these two backbones is to combine the strengths of each
architecture in extracting important visual features from potato leaf images, to improve classification
accuracy and strengthen model generalization.

Images with a size of 224x224 pixels with three color channels (RGB) are input into the model
through the input layer, which is then processed in parallel by DenseNet201 and MobileNetV2. Each



architecture produces feature tensors with different dimensions based on the internal characteristics
of each model. To efficiently combine features from both networks, dimensionality reduction is
performed using a 2D Global Average Pooling layer, aimed at summarizing the spatial features from the
CNN output into a one-dimensional vector without losing important information.

The pooling results from both CNN pathways are then combined using a concatenation layer to form
a more informative combined feature representation. After merging, the data passes through a dropout
layer with a ratio of 0.4 as a regularization mechanism to prevent overfitting during training.
Subsequently, this combined vector is connected to a dense (fully connected) layer with three output
neurons, corresponding to the number of target classes: early blight, late blight, and healthy. The
Softmax activation function is used in this layer to produce a probability distribution as the final
classification result. The model architecture used can be seen in Figure 2.
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Figure 2. Model Architecture

The image depicts the data processing flow from the input layer to producing the final prediction.
The parallel pathways of DenseNet201 and MobileNetV2 allow the model to capture features from
different architectural perspectives, thus enriching the information extraction process. The use of
Global Average Pooling, vector merging, dropout, and dense layers creates a compact yet powerful
design. With this architecture, the model is capable of accurately and efficiently classifying potato leaf
diseases.

e. Model Training

The training process was carried out to optimize the model's performance in classifying potato leaf
diseases. The training included real-time data augmentation, forward pass, loss calculation,
backpropagation, and weight updates using the Adam optimizer. The Adam optimizer was used with a
learning rate of 0.0001. Early stopping was applied to prevent overfitting. The model was trained for 20
epochs with a batch size of 32, using the Softmax activation function and sparse categorical
crossentropy as the loss function. During training, the model's performance was monitored through
validation data to prevent overfitting. The training results in a weight file that is ready to be used for
testing and implementing the classification system.

f. Model Testing

Model testing. The testing is conducted using test data that was not used during training or
validation, in order to measure the model's generalization ability. The process is carried out to produce
class predictions.

g. Model Evaluation

To evaluate the model performance, one can look at the evaluation metrics (Alamsyah et al., 2023).
Examples of calculation of evaluation metrics include accuracy, precision, recall, and F1 score on the
test set as shown in equations (1), (2), (3), and (4).



TP+TN

Accuracy = s (1)
Recall = (TPT+PFN) (2)
Precision = % (3)
F1—Score=2x% (4)

4. Results and Discussion
Results
a. Model Training Results

The model training process was carried out for 20 epochs using training and validation data that
had gone through the normalization stage. The model was compiled using Adam's optimizer with the
main metric being accuracy. During training, the model performed very well from the first epoch, with
a training accuracy of 86.32% and a validation accuracy of 97.54%. The accuracy value continued to
increase at each epoch, while the loss decreased consistently. These results show that the model is able

to learn visual patterns effectively without overfitting. A graph of the model's training performance is
shown in Figure 3.
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Figure 3. Model Performance During Training

b. Model Testing Results

Tests were conducted on test datasets that had not been used in the training stage, to evaluate the
generalization ability of the ensemble model. The ensemble model based on DenseNet201 and
MobileNetV2 achieved an accuracy of 99.56% on the test data, indicating a very high classification
performance. These results prove the effectiveness of the feature-level ensemble approach in

improving accuracy, while confirming the model's ability to generalize new visual patterns with
excellent precision.

c. Model Evaluation Results

Evaluation of the model's performance on the test data was carried out by constructing a confusion
matrix to measure the accuracy of classification in each class: early blight, healthy, and late blight. The
visualization of the confusion matrix is shown in Figure 4.
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The results show that the model successfully classified all early blight and healthy images correctly
as many as 150 images each. For the late blight class, there were 2 images that were misclassified as
healthy, while 148 others were correctly classified. This result shows a very low misclassification rate
and good generalization performance. Next, the performance of the model was evaluated using
classification metrics, namely precision, recall, F1-score, and accuracy. This evaluation was conducted
using the classification report. The evaluation results are shown in Table 1.

Table 1. Classification Report Result

Precision Recall F1-Score Support
early_blight 1.0000 1.0000 1.0000 150
healthy 0.9868 1.0000  0.9934 150
late_blight 1.0000 0.9867  0.9933 150
accuracy 0.9956 450
macro avg 0.9956 0.9956 0.9956 450
weighted avg 0.9956 0.9956 0.9956 450

Discussion

In this study, the proposed method using a combination of two Convolutional Neural Network
(CNN) architectures, namely DenseNet201 and MobileNetV2, is compared with a number of previous
research models in the field of potato leaf disease classification. The purpose of this comparison is to
evaluate the performance improvement offered by the ensemble approach used. Details of the model
comparison are presented in Table 2.

Table 2. The Comparison with Previous Model

Author Year Model Result
(Igbal & Talukder, o
2020) 2020 RF Accuracy 97%
o CNN with .
(Tiwari et al., 2020) 2020 VGG-19 Architecture Accuracy 97.8%
(Singh & Kaur, 2021) 2021 SVM Accuracy 95.99%
The best accuracy of
(Hou et al., 2021) 2021 KNN, SVM, ANN, and RF SVM
is 97.40%.
CNN with 5
(Dutta et al., 2024) 2024 InceptionV3 Architecture Accuracy 98.6%
%gj;lhyay etal, 2024  CNN with EfficientNetBO Architecture Accuracy 99.05%

Proposed Method 2025 CNN With Archlt'ecture Densenet201 and Mobilenetv2 based Accuracy 99.56%
Ensemble Learning

The proposed method shows the best performance compared to previous studies by combining the
strengths of DenseNet201 in maintaining information flow and MobileNetV2 which is computationally



efficient. Through the Feature-Level Ensemble approach, the model was able to achieve 99.56%
accuracy, as well as near-perfect precision, recall, and F1-score values. The combination of these two
pretrained models significantly improved the classification ability of the three potato leaf disease
classes (early blight, late blight, and healthy). Thus, the proposed model provides a more optimized and
accurate solution and has high potential to be applied in artificial intelligence-based image classification
systems in precision agriculture. Despite the promising results, this study has limitations. The dataset
was collected under controlled conditions, which may not fully represent real-world agricultural
environments.

5. Conclusion

Potato leaf diseases are one of the main factors affecting the productivity and quality of agricultural
produce. Manual methods of disease detection are still widely used, but have disadvantages such as
dependence on human expertise and potential identification errors. Therefore, this study developed
an image-based automatic classification model using an ensemble learning approach that combines
two Convolutional Neural Network (CNN) architectures, namely DenseNet201 and MobileNetV2. The
results showed that the Feature-Level Ensemble approach that was applied succeeded in significantly
improving the performance of the model. The model was able to achieve an accuracy of 99.56%, with
precision, recall, and Fl-score values above 99% for each class, namely early blight, late blight, and
healthy. The model also showed high stability during training without overfitting, and was able to
generalize well to the test data. With a high level of accuracy and efficiency, this model has the potential
to be applied in real-time plant disease classification systems, both in the form of web applications and
artificial intelligence-based monitoring systems in agricultural environments. However, further testing
of images from varying field conditions is required to ensure the robustness of the model in real-world
scenarios.
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