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Accurate classification of potato leaf diseases is crucial for
improving agricultural productivity and reducing crop losses.
However, existing end-to-end convolutional neural network
models often require high computational cost, long training
time, and large labeled datasets, limiting their implementa-
tion in resource-constrained agricultural environments.
Therefore, this study proposes a hybrid classification frame-
work that combines EfficientNetB3 as a deep feature extrac-
tor with classical machine learning classifiers, namely Support
Vector Machine (SVM), Random Forest (RF), and XGBoost, for
potato leaf disease classification. Experiments were con-
ducted using the PlantVillage potato leaf dataset, which ex-
hibits class imbalance, particularly in the Healthy class. Im-
ages were preprocessed using augmentation techniques,
while extracted deep features were normalized, reduced us-
ing Principal Component Analysis (PCA), and analyzed using
K-Means Clustering before classification. The models were
evaluated using accuracy, precision, recall, F1-score, and
training time. Experimental results show that EfficientNetB3
+ XGBoost achieved the highest accuracy of 96.7% with re-
duced training time, while EfficientNetB3 + SVM provided
competitive performance with the fastest training process.
These findings demonstrate that integrating deep feature ex-
traction with machine learning classifiers provides an effec-
tive and computationally efficient approach for potato leaf
disease classification in precision agriculture.

Keywords: EfficientNetB3, random forest, SVM, XGBoost.

1. INTRODUCTION

Potato (Solanum tuberosum) is one of the most important food crops worldwide and plays
a significant role in food security and agricultural sustainability [1]. However, potato production
is highly susceptible to various leaf diseases such as Early Blight and Late Blight, which can cause
substantial yield loss if not detected and controlled at an early stage [2][3]. Traditional disease
identification methods rely heavily on visual inspection by experts, which is time-consuming,
subjective, and impractical for large-scale agricultural fields [4].
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In recent years, computer vision and machine learning techniques have been widely ap-
plied to plant disease detection [5]. Conventional machine learning approaches typically require
handcrafted features, which are often limited in capturing complex visual patterns of plant dis-
eases. To overcome this limitation, deep learning-based convolutional neural networks (CNNs)
have demonstrated superior performance in extracting discriminative features directly from raw
images [6].

Among various CNN architectures, EfficientNet has gained considerable attention due to
its balanced scaling of network depth, width, and resolution. Several studies have successfully
employed EfficientNet variants for plant disease classification, achieving high accuracy on
benchmark datasets such as PlantVillage [7]. Despite their strong performance, most existing
approaches adopt an end-to-end deep learning framework, where CNNs are used simultane-
ously for feature extraction and classification [8].

However, end-to-end deep learning models present several challenges, particularly in ag-
ricultural applications with limited datasets and computational resources. These models often
require extensive training, large labeled datasets, and high computational power, which may
not be feasible in real-world farming environments [9]. Moreover, the decision-making process
of deep neural networks is often considered a black box, making it difficult to interpret and an-
alyze the classification results [10].

To address these limitations, hybrid learning approaches that combine deep feature ex-
traction with classical machine learning classifiers have emerged as a promising alternative [11].
In this paradigm, deep learning models are utilized solely as feature extractors, while the classi-
fication task is handled by machine learning algorithms such as Support Vector Machine (SVM),
Random Forest (RF), and XGBoost [12][13]. This hybrid strategy offers several advantages, in-
cluding improved interpretability, reduced computational complexity, and enhanced flexibility
for small to medium-sized datasets.

Therefore, this study proposes a hybrid deep feature learning framework for potato leaf
disease classification, where EfficientNetB3 is employed as a deep feature extractor and multiple
machine learning classifiers are used for disease classification. The proposed approach aims to
achieve high classification performance while maintaining model efficiency and interpretability,
making it suitable for practical plant protection applications [14].

Based on the literature review, numerous studies have applied both conventional ma-
chine learning and deep learning approaches for plant and potato leaf disease classification. In
recent years, CNN-based architectures such as VGG, ResNet, and EfficientNet have demon-
strated strong performance in plant disease detection due to their ability to automatically learn
discriminative visual features [15][16]. Most existing studies employ end-to-end deep learning
frameworks, where CNN models simultaneously perform feature extraction and classification,
while conventional machine learning approaches generally rely on handcrafted feature extrac-
tion and image segmentation techniques.

The first study [17], “Potato Plant Leaves Disease Detection and Classification using Ma-
chine Learning Methodologies”, employed traditional image processing techniques combined
with machine learning classifiers. The methodology utilized K-means clustering for image seg-
mentation, Gray Level Co-occurrence Matrix (GLCM) for feature extraction, and a multi-class
Support Vector Machine for classification, achieving an accuracy of 95.99%. Although the re-
ported performance is relatively high, the approach heavily depends on handcrafted features
and manual segmentation, which are sensitive to lighting conditions, background noise, and
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variations in leaf appearance. In addition, GLCM features have limited capability in capturing
complex semantic disease patterns, reducing the model’s robustness and scalability in real-
world agricultural applications.

Similarly, the second study [18], “Potato Leaf Disease Classification using Image Pro-
cessing and Artificial Neural Network”, utilized K-means clustering and GLCM-based features as
input to an Artificial Neural Network (ANN), achieving an accuracy of 94%. Despite its simplicity,
the method suffers from similar limitations associated with traditional feature engineering ap-
proaches, including limited generalization capability and dependency on handcrafted de-
scriptors. Furthermore, the shallow ANN architecture lacks sufficient depth to automatically
learn discriminative visual representations from complex disease patterns.

In contrast, the third study [19], “Potato Plant Disease Classification Through Deep Learn-
ing”, applied an end-to-end Convolutional Neural Network (CNN) model and reported an accu-
racy of 99.84%. While this result demonstrates the strong representational capability of deep
learning models, the study does not sufficiently address computational cost, training efficiency,
and deployment challenges. End-to-end CNN models typically require extensive computational
resources and long training durations, limiting their practical implementation in resource-con-
strained agricultural environments. Moreover, such models often behave as black-box systems,
making feature interpretation and integration with alternative classifiers more difficult.

Despite these promising results, several limitations remain unresolved. Traditional ma-
chine learning methods still depend heavily on handcrafted feature engineering, whereas end-
to-end deep learning approaches often require high computational resources and large-scale
datasets. In addition, although hybrid approaches have been explored in potato disease classifi-
cation, comparative evaluation of multiple classical machine learning classifiers using identical
EfficientNetB3 feature representations remains limited. Recent studies such as Peyal and Mon-
dal [15] indicate that CNN-SVM hybrid models are promising; however, systematic comparisons
involving Random Forest and XGBoost using the same deep feature representation are still un-
derexplored.

To address these limitations, this study proposes a hybrid framework that integrates Effi-
cientNetB3 as a deep feature extractor with classical machine learning classifiers, including SVM,
Random Forest, and XGBoost. The proposed approach eliminates the need for manual feature
extraction and segmentation by leveraging high-level representations learned from pre-trained
CNNs. At the same time, replacing the Softmax classifier with classical machine learning models
improves computational efficiency while maintaining strong classification performance. Experi-
mental results demonstrate that the proposed hybrid models achieve competitive or superior
accuracy with significantly reduced training time, providing a more balanced trade-off between
predictive performance and computational efficiency.

Overall, this study addresses an important research gap by systematically combining deep
learning-based feature extraction with classical machine learning classification. The proposed
framework is particularly relevant for real-world agricultural applications, where both classifica-
tion accuracy and computational efficiency are essential for timely and reliable potato disease
diagnosis.

The main contributions of this study are summarized as follows:

1. This study proposes a hybrid classification framework that combines EfficientNetB3 as
a deep feature extractor with classical machine learning classifiers for potato leaf dis-
ease classification.
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2. A comprehensive comparison of SVM, Random Forest, and XGBoost classifiers using
deep features is conducted to evaluate their effectiveness.

3. The proposed hybrid approach is compared with an end-to-end EfficientNetB3 model
to demonstrate its efficiency and performance advantages.

4. The results provide insights into the suitability of hybrid deep learning models for plant
protection applications with limited datasets.

2. METHOD
2.1. Data Collection

This study utilizes the PlantVillage Potato Disease Dataset, a publicly available benchmark
dataset widely used in plant disease classification research [20]. The dataset is a comprehensive
collection of RGB images representing various conditions affecting potato crops and is organized
into three distinct classes: Potato Early Blight, Potato Late Blight, and Healthy Potato Leaves.
Each class corresponds to a specific physiological or pathological condition of the potato plant,
enabling a systematic evaluation of disease classification models [21].

Potato Early Blight is caused by the fungal pathogen Alternaria solani, which affects pota-
toes, tomatoes, and other members of the Solanaceae family. This disease, also known as target
spot, typically appears on older leaves and rarely affects young, vigorously growing plants. The
visual symptoms include concentric lesions and discoloration, which are critical indicators for
image-based disease detection [22].

Potato Late Blight, caused by Phytophthora infestans, is considered the most devastating
disease affecting potato crops worldwide. It can lead to severe crop losses and rapid field de-
struction if appropriate control measures are not implemented in a timely manner. The disease
manifests through irregular dark lesions and leaf tissue decay, making accurate and early detec-
tion essential for effective plant protection strategies [23].

The Healthy Potato Leaf class represents leaves without visible disease symptoms and
serves as a baseline for normal plant conditions. Healthy potato leaves are nutritionally signifi-
cant, as potatoes are a rich source of vitamin C and potassium, which play important roles in
human health. From a classification perspective, this class provides a reference for distinguishing
diseased leaves from healthy ones [24].

Class Distribution

Number of Images

1.000
800
600
400

200

Healthy Potato Early Blight Potato Late Blight

Figure 1. Class Distribution
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Figure 1 illustrates the class distribution of the PlantVillage potato leaf disease dataset.
The x-axis represents the three classes, namely Potato Early Blight, Potato Late Blight, and
Healthy Potato Leaf, while the y-axis shows the number of images in each class. The figure indi-
cates that the Early Blight and Late Blight classes contain substantially more images than the
Healthy class, showing that the dataset is imbalanced. This imbalance motivates the use of class
weighting during model training. The dataset contains a total of 2,152 images, distributed across
the three classes. Specifically, the Potato Early Blight class consists of 1,000 images, the Potato
Late Blight class also contains 1,000 images, and the Healthy Potato Leaf class includes 152 im-
ages. The dataset is organized into three corresponding folders, each representing one disease
category [25].

All images in the PlantVillage dataset are captured under controlled environmental con-
ditions, with consistent backgrounds and lighting. While such conditions may not fully reflect
real-field environments, they provide high-quality and standardized images that are well-suited
for evaluating the discriminative capability of deep feature extraction and machine learning-
based classification models.

To ensure a fair and unbiased evaluation, the dataset is divided into training and valida-
tion subsets using an 80:20 ratio. This data partitioning strategy allows the proposed hybrid
framework to be trained effectively while enabling an objective assessment of its generalization
performance on unseen data.

Table 1. Distribution of Potato Leaf Disease Dataset

Healthy 152
Potato Early Blight 1000
Potato Late Blight 1000

Total 2152

Table 1 summarizes the number of images in each potato leaf disease class. The Early
Blight and Late Blight classes each contain 1,000 images, while the Healthy class contains only
152 images. This distribution indicates that the dataset is imbalanced, with the Healthy class
being significantly underrepresented. Therefore, class weighting is required during training to
reduce the risk of model bias toward the majority classes.

2.2. Data Preprocessing

Data preprocessing is a crucial step to enhance model generalization and improve classi-
fication performance [26]. In this study, image preprocessing and augmentation are performed
using the ImageDataGenerator module from the TensorFlow Keras library [27]. This approach
enables efficient loading, preprocessing, and augmentation of image data during model training
and validation [28].

All images are resized to 300 x 300 pixels, which corresponds to the input size required by
EfficientNetB3. Prior to feature extraction, images are normalized using the EfficientNet-specific
preprocessing function, which scales pixel values and applies normalization consistent with the
ImageNet pretrained weights. This preprocessing step ensures compatibility with the pretrained
EfficientNetB3 model and facilitates effective transfer learning [29][30].

To increase data diversity and reduce overfitting, several data augmentation techniques
are applied to the training set. These techniques include horizontal flipping, random rotation,
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zooming, shearing, and width and height shifting. Such augmentations simulate variations in leaf
orientation, scale, and position that may occur in real-world scenarios, thereby improving the
robustness of the extracted deep features [31].

A validation split of 20% is applied to the dataset to separate training and validation data.
The training subset is augmented to enhance model learning, while the validation subset is pro-
cessed without augmentation to provide an unbiased evaluation of model performance. Both
subsets use the same preprocessing function to ensure consistency in input representation [32].

The dataset is loaded from a directory structure where each subfolder represents a spe-
cific class. Using this approach, a total of 1,722 images are allocated to the training subset, cov-
ering all three potato leaf condition classes. The remaining images are reserved for validation
purposes.

Overall, the applied preprocessing and augmentation strategy ensures that the input data
are standardized, diverse, and well-suited for deep feature extraction using EfficientNetB3. This
preprocessing strategy ensures that the extracted deep features are robust and informative,
providing a reliable input representation for subsequent machine learning classifiers.

Table 2 presents the data preparation scheme used in this study. The dataset is divided
using an 80:20 split, resulting in 1,722 images for training and 430 images for validation. The
training subset is used to learn feature representations and train the classifiers, while the vali-
dation subset is used to evaluate model performance on unseen data.

Table 2. Data Preparation
Training Dataset 1722
Validation Dataset 430

Following image preprocessing and augmentation, feature vectors were extracted from
the 1,024-neuron Dense layer with ReLU activation after CNN training and before the final Soft-
max layer. Thus, each potato leaf image was represented by a 1,024-dimensional task-specific
feature vector. These vectors were then normalized and used as the input to PCA and the down-
stream SVM, Random Forest, and XGBoost classifiers. This single feature source was used con-
sistently for all hybrid models and all reported results.

cluster
Early Blight
Late Blight
Healthy

(X X ]

Principal component 2
o

-150 100 50 0 50 100 150
Principal component 1

Figure 2. Principal component analysis (PCA) of tested dataset
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To address the high dimensionality and potential redundancy of the 1,024-dimensional
Dense feature vectors, Principal Component Analysis (PCA) was applied as a dimensionality re-
duction technique [33]. PCA was fitted only on the training feature matrix and the fitted trans-
formation was then applied to the validation feature matrix to avoid information leakage[34].
In the final experiment, PCA was configured to retain 95% of the cumulative explained variance
(n_components=0.95), resulting in 128 principal components. This reduced feature representa-
tion was used as the common input for SVM, Random Forest, and XGBoost. Figure 2 illustrates
the PCA projection of the deep features extracted from the Dense-1024 representation into a
lower-dimensional space. Each point represents an image sample, while the position of the point
reflects the similarity of its extracted feature representation. Samples that appear close to each
other indicate similar visual characteristics, whereas samples that are far apart indicate more
distinct feature patterns. The separation among groups in the PCA space suggests that the Effi-
cientNetB3-based feature extractor is able to produce discriminative features for distinguishing
potato leaf disease classes [35].

After dimensionality reduction, K-means clustering is employed to further explore the in-
trinsic structure of the deep feature space [36]. The K-means algorithm groups feature vectors
based on similarity, such that samples within the same cluster share similar feature representa-
tions, while samples in different clusters are more distinct [37]. This clustering process helps
reveal latent patterns within the data that may correspond to different disease conditions. Fig-
ure 3 shows the K-means clustering result of the reduced deep feature vectors in the PCA space.
Each point represents a potato leaf image, and each cluster indicates a group of samples with
similar feature characteristics. The separation of clusters demonstrates that the extracted Effi-
cientNetB3 features contain meaningful patterns that can support disease classification. This
visualization also helps explain how the feature representations are grouped before being clas-
sified by the machine learning models.

cluster
Early Blight
Late Blight
Healthy

Principal component 2
o

-150 -100 .50 [1] 50 100 150
Principal component 1

Figure 3. Cluster analysis (K-means) of tested dataset

Overall, the combined image-level preprocessing, data augmentation, feature normaliza-
tion, dimensionality reduction, and clustering strategy ensures that the machine learning classi-
fiers are trained on high-quality, compact, and well-structured deep feature representations[38].
This comprehensive preprocessing pipeline reduces noise, mitigates bias, enhances robustness,
and ultimately improves the predictive performance of the proposed hybrid deep feature learn-
ing and machine learning framework.
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2.3. Data Visualization

This study employs the PlantVillage Potato Disease Dataset, a publicly available bench-
mark dataset widely used in plant disease classification research. The dataset consists of RGB
images of potato leaves categorized into three distinct classes: Early Blight, Late Blight, and
Healthy potato leaves. Each class represents a specific physiological condition of the potato
plant and reflects different visual disease characteristics that are critical for image-based classi-
fication.

To provide a clearer understanding of the visual differences among the disease categories,
Figure 4 presents representative sample images from the PlantVillage potato disease dataset.
The figure displays examples of Healthy, Early Blight, and Late Blight potato leaves. These sam-
ples show visible differences among classes, such as lesion shape, color variation, texture irreg-
ularities, and overall leaf appearance. The visual differences shown in Figure 4 justify the use of
deep feature extraction, because EfficientNetB3 can capture complex disease-related visual pat-
terns that may be difficult to describe using handcrafted features.

Healthy Leaf v’ Late Blight

Figure 4. Sample images from the PlantVillage potato disease dataset

The inclusion of these representative samples supports the reliability of the dataset for
evaluating image-based classification approaches and demonstrates the visual complexity that
the proposed hybrid deep feature learning and machine learning framework aims to address.

2.4. Feature Extraction

In this study, EfficientNetB3 was used as the convolutional backbone within a fixed fea-
ture-extraction pipeline. To remove ambiguity in the hybrid stage, the feature vector used by
PCA and the classical classifiers was explicitly taken from the 1,024-neuron Dense layer with
ReLU activation after CNN training and before the final Softmax layer. Therefore, the GAP output
and the Softmax output were not used as direct inputs to SVM, Random Forest, or XGBoost[39].

The feature extraction process is formulated in Equation (1). This equation explains how
each input image is transformed into a deep feature vector using EfficientNetB3 [40].

z; = f(x;),z;e T° (1)

In Equation (1), xi represents the i input image, f(-) denotes the EfficientNetB3 feature
extraction function, z; is the extracted deep feature vector, and d represents the dimensionality
of the feature space. Each potato leaf image is therefore passed through the EfficientNetB3
backbone, GAP, and the 1,024-neuron Dense layer to produce z. The vector z is then normalized,
reduced using PCA, and used as input for the downstream machine learning classifiers[41].

EfficientNetB3 is selected as the deep feature extraction backbone due to its favorable
balance between representational power and computational efficiency. Unlike conventional
convolutional neural networks that scale network depth, width, or input resolution
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independently, EfficientNet employs a compound scaling strategy, which uniformly scales these
dimensions to achieve improved performance with fewer parameters. This characteristic makes
EfficientNet particularly suitable for applications involving limited datasets, such as plant disease
classification[42].

2.5. Algorithm Application

To perform disease classification based on the extracted deep features, three classical
machine learning classifiers are employed: Support Vector Machine (SVM), Random Forest (RF),
and XGBoost. These classifiers are selected due to their proven effectiveness in handling high-
dimensional feature spaces and their interpretability advantages.

Support Vector Machine aims to find an optimal hyperplane that maximally separates fea-
ture vectors of different classes [43]. The decision function of SVM is expressed in Equation (2).
This equation shows how SVM determines the class of an input feature vector by calculating its
position relative to the learned decision boundary.

f(2) = sign Xi=, a;yiK(2;,2) + b) (2)

In Equation (2), z is the input feature vector, z; represents the training feature vector, y;
is the class label, a; denotes the Lagrange multiplier, K(z;, z) is the RBF kernel function, and b
is the bias term. The equation should be read as a weighted similarity calculation between the
input feature vector and the support vectors. Since this study involves three classes, the SVM
classifier is implemented using a multiclass strategy, such as one-vs-rest or one-vs-one classifi-
cation [44].

Support Vector Machine is well-suited for classifying deep feature representations due to
its effectiveness in high-dimensional feature spaces. By maximizing the margin between classes,
SVM achieves strong generalization performance, particularly when the number of training sam-
ples is limited. This margin-based learning strategy also makes SVM relatively robust to overfit-
ting, especially when combined with kernel functions such as the Radial Basis Function (RBF),
which enable the modeling of non-linear decision boundaries. In addition, SVM is supported by
a well-established theoretical foundation, providing strong guarantees regarding its generaliza-
tion behavior [45].

However, SVM also has notable limitations. The computational cost of training can be-
come significant as the size of the dataset increases, making it less scalable for large-scale appli-
cations. Moreover, SVM performance is highly sensitive to hyperparameter selection, including
the regularization parameter and kernel-specific parameters, which require careful tuning. Com-
pared to tree-based models, SVM also offers limited interpretability, as the resulting decision
function is not easily translated into intuitive rules [46].

Random Forest is an ensemble learning method that constructs multiple decision trees
during training and outputs the class prediction based on majority voting. Each tree is trained
on arandomly sampled subset of features and data samples, which enhances generalization and
reduces overfitting [47].

The prediction mechanism of Random Forest is presented in Equation (3). This equation
explains how the final class label is obtained through majority voting among multiple decision
trees.

7 = mode{h,(2), hy(2), ... ht(2)} (3)
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In Equation (3), y represents the final predicted class, h;(z) denotes the prediction pro-
duced by the t-th decision tree, and t is the total number of trees in the forest. The equation
should be read as follows: each decision tree predicts a class label for the input feature vector,
and the final prediction is determined by the class that receives the most votes[48].

Random Forest is an ensemble learning method that provides strong robustness against
noise and overfitting through the aggregation of multiple decision trees. By training each tree
on a random subset of samples and features, Random Forest is capable of capturing complex
interactions among deep features without relying on strict assumptions about data distribution.
One of its key strengths lies in its relatively straightforward hyperparameter tuning compared
to boosting-based methods. Additionally, Random Forest offers inherent measures of feature
importance, which enhance interpretability and provide insights into the contribution of differ-
ent features to the classification process [49][50].

Nevertheless, Random Forest has certain drawbacks. While it performs well in many sce-
narios, it may be less effective in modeling highly complex decision boundaries compared to
boosting-based algorithms such as XGBoost. The ensemble nature of the model also results in
larger memory consumption, which may be a concern in resource-constrained environments.
Furthermore, although Random Forest is more interpretable than some black-box models, its
interpretability remains limited compared to that of a single decision tree [51].

XGBoost is a gradient boosting framework that builds an ensemble of decision trees se-
guentially by minimizing a regularized objective function. It has demonstrated strong perfor-
mance in various classification tasks due to its robustness and efficiency[52].

The objective function of XGBoost is defined in Equation (4). This equation describes how
XGBoost optimizes classification performance by minimizing prediction error while controlling
model complexity.

L= 31,90+ Xk Q(fr) (4)

In Equation (4), L denotes the overall objective function, I(y;, §;) represents the loss be-
tween the true label y; and the predicted label ; , and Q(f) is the regularization term for the
k-th tree. The first term measures classification error, while the second term penalizes overly
complex models. Therefore, XGBoost aims to achieve high predictive accuracy while maintaining
good generalization [53].

XGBoost is a powerful gradient boosting framework that achieves high predictive accuracy
by sequentially learning from previous classification errors. This iterative learning process allows
XGBoost to model complex non-linear relationships within high-dimensional deep feature
spaces effectively. The inclusion of regularization terms in its objective function helps control
model complexity and improve generalization performance. In addition, XGBoost is designed to
be computationally efficient and scalable, making it suitable for handling large feature sets and
complex classification tasks [54].

Despite its strong performance, XGBoost also presents several challenges. The model is
highly sensitive to hyperparameter tuning, requiring careful optimization to achieve optimal per-
formance. Training time can be longer compared to Random Forest due to its sequential learning
nature. Moreover, the increased model complexity introduced by boosting can reduce inter-
pretability, making it more difficult to explain classification decisions in comparison to simpler
ensemble methods [55].
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The combination of EfficientNetB3 and classical machine learning classifiers leverages the
complementary strengths of deep learning and traditional machine learning. EfficientNetB3 ex-
cels at learning rich visual representations, while SVM, Random Forest, and XGBoost provide
flexible, interpretable, and robust decision-making mechanisms. This hybrid strategy is particu-
larly well-suited for small-to-medium-sized datasets, where end-to-end deep learning models
may suffer from overfitting or limited generalization.

2.6. Model Training and Hyperparameter Tuning

Figure 5 presents the architecture of the proposed hybrid deep feature learning frame-
work. The workflow begins with potato leaf image input, followed by preprocessing and aug-
mentation to standardize image size and increase data variation. The preprocessed images are
then passed through the EfficientNetB3 backbone, GAP layer, and 1,024-neuron Dense layer to
extract the final fixed feature vector. These Dense-1024 features are normalized and reduced
using PCA before being classified using SVM, Random Forest, and XGBoost. The figure should be
read from top to bottom, showing the sequential process from image input to final disease clas-
sification output.

Raw Potato Image. EfficientNetB3
- Preprocessing & =——p Feature
Leaf Images . .
Augmentation Extraction
PCA Classical ML
Feat.ure. Dimensionality Classifiers
Normalization Csfnma

SVM / Random
Forest /
XGBoost

Disease Classification Output J

Early Blight / Late Blight /
Healthy

Figure 5. Architecture of the proposed hybrid deep feature learning

Before model training, class distribution was analyzed using the training data generator
to identify potential class imbalance. The class indices and corresponding labels were obtained
from the training generator, ensuring consistent mapping between class names and numerical
labels. The Healthy class is substantially underrepresented compared with the Early Blight and
Late Blight classes, therefore, imbalance handling was considered during both training and eval-
uation. Class weights were applied during the EfficientNetB3 Softmax training stage to reduce
bias toward the majority classes. For the hybrid classifiers, SVM and Random Forest were trained
using balanced class weights, while XGBoost used sample weights derived from the class distri-
bution. The exported Dense-1024 feature vectors were not reweighted during PCA, imbalance
handling was applied at the classifier training stage and evaluated using class-wise precision,
recall, F1-score, and the confusion matrix.
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Table 3. Hyperparameter Settings of the Classical Machine Learning Classifiers
RBF; C=1.0; gammas=scale; multiclass

strategy=one-vs-one;
class_weight=balanced

kernel; C; gamma; multiclass strategy;
SVM class_weight

n_estimators=100;
max_depth=None; min_sam-
ples_split=2; min_samples_leaf=1;
class_weight=balanced

n_estimators; max_depth; min_sam-
ples_split; min_samples_|leaf;

Random Forest class_weight

n_estimators=100; learn-
ing_rate=0.1; max_depth=6; subsam-
ple=1.0; colsample_bytree=1.0; ob-
jective=multi:softprob; eval_met-
ric=mlogloss; sample_weight=yes

n_estimators; learning_rate;
max_depth; subsample; colsam-
ple_bytree; objective; eval_metric;
sample_weight

XGBoost

The hyperparameter settings of the downstream classifiers are summarized in Table 3.
These settings are reported because classifier performance and fairness on the minority Healthy
class can be sensitive to kernel, regularization, tree depth, and imbalance-handling parameters.
All classical machine learning classifiers were trained using the same PCA-reduced Dense-1024
feature representation to ensure a fair comparison. No additional feature engineering was ap-
plied separately to any classifier. The SYM and Random Forest models used balanced class
weighting, whereas XGBoost used sample weights derived from the class distribution to reduce
bias toward the minority Healthy class. The hyperparameters in Table 3 represent the final con-
figuration used to generate the validation results reported in the Results section all reported
result.

The EfficientNetB3 model pretrained on the ImageNet dataset is adopted as the base net-
work, with the classification head removed (include_top=False). This configuration allows the
network to act as a deep feature extractor, leveraging pretrained convolutional layers that cap-
ture general visual patterns such as edges, textures, and color distributions. The input image size
is set to 300 x 300 pixels, consistent with the EfficientNetB3 architecture.

To adapt the pretrained backbone to the potato leaf disease classification task, several
custom layers are added on top of the base model. A Global Average Pooling (GAP) layer is used
to reduce the spatial dimensions of the feature maps while preserving the most salient global
information. Compared to fully connected layers, GAP reduces the number of trainable param-
eters and helps minimize overfitting. This is followed by a Dropout layer with a rate of 0.5, which
randomly deactivates neurons during training to enhance regularization.

A dense layer with 1,024 neurons and RelLU activation is then introduced to learn task-
specific feature combinations. Another dropout layer with the same rate is applied to further
prevent co-adaptation of neurons. Finally, a softmax output layer with three neurons is used to
produce class probabilities corresponding to Early Blight, Late Blight, and Healthy potato leaves.

To preserve the general visual knowledge learned from ImageNet and avoid overfitting
on a relatively small dataset, all layers of the EfficientNetB3 backbone are frozen during training.
This ensures that only the parameters of the newly added classification layers are updated. Such
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a strategy is particularly effective when the dataset size is limited, as it reduces training com-
plexity while maintaining strong feature extraction capability.

The model is compiled using the Adam optimizer with a learning rate of 0.0001, which
provides an effective balance between fast convergence and training stability. Adam is chosen
due to its adaptive learning rate mechanism, which adjusts parameter updates based on first
and second-order moment estimates. The categorical cross-entropy loss function is employed,
as the classification task involves multiple mutually exclusive classes. Model performance is eval-
uated using classification accuracy.

To further improve training stability and prevent overfitting, several callback mechanisms
are incorporated. Early stopping is applied by monitoring the validation loss, with a patience of
five epochs. Training is automatically halted if no improvement is observed, and the model
weights corresponding to the best validation performance are restored. This prevents unneces-
sary training and reduces overfitting.

A model checkpoint strategy is used to save the best-performing model based on valida-
tion loss, ensuring that the optimal model configuration is retained for subsequent evaluation
and feature extraction. Additionally, a learning rate reduction on plateau mechanism is em-
ployed, where the learning rate is reduced by a factor of 0.2 if the validation loss does not im-
prove for 15 consecutive epochs. This adaptive adjustment allows the optimizer to fine-tune
model parameters during later stages of training, while a minimum learning rate threshold is
enforced to maintain numerical stability.

The model is trained for a maximum of 50 epochs, with the number of training and vali-
dation steps determined by the batch size and dataset size. Class weights are applied during
training to handle class imbalance, and both training and validation generators ensure con-
sistent preprocessing. The combination of early stopping, learning rate scheduling, dropout reg-
ularization, and class weighting results in a robust training process that produces discriminative
deep features suitable for hybrid classification.

3. RESULT AND DISCUSSION

This section presents the experimental results and discussion of the proposed hybrid clas-
sification framework for potato leaf disease detection. In accordance with the methodology de-
scribed in Section 2, the EfficientNetB3-based network is used to generate fixed Dense-1024
feature vectors, while classification is performed using traditional machine learning algorithms,
namely Support Vector Machine (SVM), Random Forest (RF), and XGBoost.

The dataset is divided into training and validation subsets using an 80:20 split. Feature
extraction is conducted after image preprocessing and augmentation, and the resulting Dense-
1024 feature vectors are normalized and reduced using Principal Component Analysis (PCA) be-
fore being fed into the classifiers. To avoid data leakage, PCA is fitted on the training feature
matrix only and then applied to the validation feature matrix. All classifiers are trained and
tested using identical feature representations.

Model performance is evaluated using standard classification metrics, including accuracy,
precision, recall, and F1-score. Because the dataset is imbalanced and Healthy class is the mi-
nority class, both aggregate metrics and class-wise metrics are reported. The confusion matrix
is also included to show whether the models correctly recognize Healthy leaves rather than re-
lying mainly on the majority disease classes.
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3.1. Results

This section presents the experimental results of the proposed hybrid deep feature learn-
ing framework for potato leaf disease classification. The performance of three classical machine
learning classifiers, namely Support Vector Machine (SVM), Random Forest (RF), and XGBoost,
is evaluated using fixed Dense-1024 features extracted from the best-performing EfficientNetB3
checkpoint.

Table 4 summarizes the aggregate classification performance of each model in terms of
accuracy, precision, recall, and F1-score. The table shows that EfficientNetB3 + XGBoost achieves
the highest aggregate performance in this validation split, with an accuracy of 96.7%, precision
of 96.7%, recall of 96.7%, and F1-score of 96.7%. EfficientNetB3 + SVM also achieves competitive
performance, while EfficientNetB3 + RF produces slightly lower aggregate results. Because the
numerical differences between some models are small, the results are interpreted cautiously
and supported by class-wise evaluation.

Table 4. Aggregate Performance Comparison

EfficientNetB3 + Softmax 93.9 93.8 93.6 93.7
EfficientNetB3 + SVM 96.0 96.2 95.8 96.0
EfficientNetB3 + RF 93.7 93.5 93.2 93.3
EfficientNetB3 + XGBoost 96.7 96.7 96.7 96.7

To further validate the effectiveness of the proposed hybrid framework under class im-
balance, per-class precision, recall, and Fl-score are reported in Table 5. This analysis is neces-
sary because high aggregate accuracy can mask weak recognition of the minority Healthy class.
Therefore, the Healthy class is discussed explicitly rather than relying only on overall metrics.

Table 5. Class-wise Performance of EfficientNetB3 + XGBoost

Healthy 96.7 96.7 96.7 30
Early Blight 96.5 97.0 96.8 200
Late Blight 97.0 96.5 96.7 200
Macro Average 96.7 96.7 96.7 430

Table 6. Confusion Matrix of EfficientNetB3 + XGBoost

Healthy 29 1 0
Early Blight 0 194 6
Late Blight 1 6 193

Table 6 shows the corresponding confusion matrix. The model correctly classifies 29 of 30
Healthy images, 194 of 200 Early Blight images, and 193 of 200 Late Blight images. Only one
Healthy image is misclassified as Early Blight, while no Healthy image is misclassified as Late
Blight. Most remaining errors occur between Early Blight and Late Blight, which indicates that
the main confusion is between visually similar disease symptoms rather than failure to recognize
the minority Healthy class.
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The classical machine learning classifiers were trained once on a fixed final feature repre-
sentation extracted from the best-performing EfficientNetB3 checkpoint. They were not trained
iteratively across epochs. Therefore, the comparison is reported as a single final validation-set
evaluation rather than as epoch-wise performance curves for SVM, Random Forest, and
XGBoost.

Table 7. Accuracy and Measured Training Time Comparison

EfficientNetB3 + Softmax 93.9 ~45 min
EfficientNetB3 + SVM 96.0 ~18 min
EfficientNetB3 + RF 93.7 ~22 min
EfficientNetB3 + XGBoost 96.7 ~24 min

Table 7 compares the accuracy and measured training time of the evaluated models. In
this study, training time is reported as wall-clock time for the measured stage of each approach.
For the EfficientNetB3 + Softmax baseline, the reported time corresponds to CNN training for
up to 50 epochs with the specified callbacks. For the hybrid models, the reported time measures
the post-checkpoint hybrid pipeline after the best EfficientNetB3 checkpoint is available, namely
Dense-1024 feature extraction, feature normalization, PCA fitting and transformation, and clas-
sifier training. Therefore, the hybrid training-time values exclude the initial CNN training re-
quired to obtain the feature extractor checkpoint. EfficientNetB3 + SVM achieves the fastest
measured hybrid-stage time of approximately 18 minutes with an accuracy of 96.0%, whereas
EfficientNetB3 + XGBoost achieves the highest aggregate accuracy of 96.7% with a measured
hybrid-stage time of approximately 24 minutes.

3.2. Discussion

The experimental results demonstrate performance differences among the evaluated Ef-
ficientNetB3-based classification approaches in terms of predictive accuracy, precision, recall,
F1-score, class-wise behavior, and computational efficiency. Tables 4, 5, 6, and 7 collectively
indicate that the proposed hybrid deep feature learning models achieve competitive aggregate
performance compared with the end-to-end EfficientNetB3 with Softmax classifier. Table 4
shows that EfficientNetB3 + XGBoost obtains the highest aggregate accuracy, precision, recall,
and Fl-score in this validation split, while Tables 5 and 6 provide a more detailed view of per-
formance on each class, including the minority Healthy class. Table 7 clarifies the measured
training-time scope for the Softmax baseline and the hybrid pipeline.

The baseline EfficientNetB3 with Softmax achieves an accuracy of 93.9%, indicating that
the pretrained CNN is capable of learning discriminative representations for potato disease clas-
sification. However, this performance comes with a longer measured CNN training time of ap-
proximately 45 minutes for up to 50 epochs. Despite the use of data augmentation and regular-
ization strategies, the end-to-end training process remains computationally expensive due to
the number of trainable parameters in the added classification head and the repeated optimi-
zation process across epochs.

The hybrid EfficientNetB3 + SVM model achieves an accuracy of 96.0% with a measured
hybrid-stage time of approximately 18 minutes. The precision and F1-score indicate that the
margin-based learning mechanism of SVM can exploit the Dense-1024 feature representation
effectively. Nevertheless, because the dataset is imbalanced, the aggregate SVM result should
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be interpreted together with the class-wise metrics, especially the recall and Fl-score of the
Healthy class.

The EfficientNetB3 + Random Forest approach achieves an accuracy of 93.7%, which is
comparable to the Softmax-based model but with a significantly lower training time of around
22 minutes. Random Forest benefits from ensemble averaging and inherent robustness to noise;
however, its performance is slightly constrained when handling high-dimensional continuous
deep features. While the model demonstrates stable precision and recall values, its F1-score
remains marginally lower than those achieved by SVM and XGBoost, indicating less effective
decision boundary optimization in complex feature spaces.

Among all evaluated models, EfficientNetB3 combined with XGBoost obtains the highest
aggregate performance in this validation split, achieving an accuracy of 96.7% with a measured
hybrid-stage time of approximately 24 minutes. The balanced aggregate precision, recall, and
F1-score suggest that XGBoost can capture non-linear relationships within the Dense-1024 fea-
ture space. However, the difference between XGBoost and SVM is relatively small; therefore,
XGBoost should be described as the best-performing model in the conducted validation experi-
ment rather than as statistically superior without additional significance testing.

Overall, the comparative analysis suggests that replacing the Softmax classifier with clas-
sical machine learning models can improve the trade-off between classification performance
and measured hybrid-stage computation. However, because the experiments are based on a
single train-validation split and no statistical significance test or repeated cross-validation is re-
ported, the observed differences among models should be interpreted cautiously. Future exper-
iments using repeated cross-validation, McNemar testing, or paired statistical tests would pro-
vide stronger evidence regarding whether the observed performance differences are statistically
meaningful.

4. CONCLUSION

This study presents a hybrid deep feature learning framework for potato leaf disease clas-
sification by integrating EfficientNetB3 as a deep feature extractor with classical machine learn-
ing classifiers. The proposed approach addresses key limitations of end-to-end convolutional
neural networks, particularly high computational cost and limited interpretability, while main-
taining strong classification performance.

Experimental results show that the hybrid models achieve competitive aggregate accu-
racy, precision, recall, and F1l-score compared with the baseline EfficientNetB3 with Softmax
classifier. Among the evaluated classifiers, EfficientNetB3 combined with XGBoost obtains the
highest aggregate performance in the conducted validation split, attaining an accuracy of 96.7%
with reduced measured hybrid-stage training time compared with the end-to-end CNN training
stage. The EfficientNetB3 + SVM model also exhibits strong aggregate performance with the
fastest measured hybrid-stage time, indicating its potential suitability for scenarios involving
limited and imbalanced datasets. However, because some performance differences are small,
these findings should be interpreted cautiously without statistical significance testing.

The comparative analysis indicates that decoupling deep feature extraction from classifi-
cation can enhance the balance between predictive performance and computational efficiency.
By leveraging pretrained CNN representations and machine learning classifiers, the proposed
hybrid framework provides a practical solution for plant disease detection. This approach is par-
ticularly relevant for agricultural applications where accuracy, efficiency, and resource con-
straints must be carefully balanced.
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This study has several limitations. First, the dataset is imbalanced, particularly in the
Healthy class, which requires careful interpretation using per-class metrics and the confusion
matrix. Second, experiments were conducted only on the PlantVillage dataset under controlled
imaging conditions, which may limit generalization to real-world agricultural environments.
Third, the proposed framework has not yet been validated using multiple datasets or real-field
images. Fourth, repeated cross-validation and statistical significance testing were not con-
ducted; therefore, small differences among classifiers should not be overinterpreted.

Future research may explore fine-tuning selected layers of the feature extractor, incorpo-
rating explainable artificial intelligence techniques to improve model interpretability, and ex-
tending the framework to multi-crop and multi-disease classification scenarios. Overall, the find-
ings of this study demonstrate the effectiveness of hybrid deep learning and machine learning
models as a robust alternative to fully end-to-end CNN architectures for precision agriculture.
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