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Abstract 
Potato leaf disease classification is important for supporting early disease detection and improving crop management. This 
study proposes an optimized CNN-based transfer learning approach for classifying potato leaf images into three classes: Early 
Blight, Healthy, and Late Blight. Six pre-trained architectures—InceptionV3, Xception, DenseNet121, EfficientNetB0, 
ResNet50, and MobileNet were evaluated using ImageNet weights. Each model was modified with a custom classification head 
consisting of Global Average Pooling, a dense layer with 1,024 neurons, dropout, and a Softmax output layer. The models 
were evaluated using 5-fold stratified cross-validation. A frozen baseline configuration was first established, followed by fine-
tuning configurations that varied learning rate, dropout rate, number of unfrozen layers, and the use of ReduceLROnPlateau. 
Data augmentation was applied only to the training subset in each fold. Performance was assessed using accuracy, AUC, 
validation loss, confusion matrix, ROC curves, training time, inference time, and GFLOPs. The results showed that optimized 
fine-tuning improved the average accuracy from 0.9876 to 0.9975 and reduced the average validation loss from 0.0316 to 
0.0025. The Xception with the HP3 configuration achieved the best performance, with a mean accuracy of 0.999444 and an 
AUC of 0.999997. However, EfficientNetB0 achieved a high accuracy of 0.998333 with only 0.80 GFLOPs per image, making 
it more suitable for efficiency-oriented deployment. These findings demonstrate that fine-tuned transfer learning combined with 
adaptive learning rate scheduling is effective for potato leaf disease classification. Because the optimized configurations differ 
from the frozen baseline in the number of unfrozen layers, the dropout rate, the learning rate, and the use of 
ReduceLROnPlateau simultaneously, the reported gain reflects the combined effect of these components rather than the 
isolated contribution of ReduceLROnPlateau. The results were obtained on PlantVillage images acquired under controlled 
conditions and should therefore be regarded as an upper reference rather than an estimate of performance under field 
condition. 
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1. Introduction  

Modern agricultural farm technology continues to 
evolve rapidly, and agricultural production is highly 
dependent on the technologies applied in farming 
practices. Potato farming is one of the most important 
agricultural activities, as potatoes provide a rich source 
of carbohydrates, proteins, minerals, and dietary fiber 
compared to many cereal crops. However, potato 
productivity can decrease significantly due to diseases 
that attack potato plants. These diseases commonly 
affect leaves and fruits, but this study focuses 
specifically on potato leaf diseases. In traditional 
agricultural practices, farmers often rely on plant 

pathologists to accurately detect and diagnose plant 
diseases [1]. In our daily lives, it is also a good source 
of carbohydrates.  

Potatoes are an important food crop cultivated and 
consumed worldwide [2]. However, the combination of 
population growth, urbanization, and limited 
agricultural land creates increasing pressure on food 
production. Crop diseases are one of the major factors 
affecting agricultural productivity and can cause 
considerable economic losses. Potato plants are 
vulnerable to various diseases, particularly those 
affecting their leaves, with early blight and late blight 
being among the most significant causes of yield 
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reduction. Disease identification is commonly 
performed through visual examination, but relying on 
human expertise has practical limitations, including 
high labor requirements, time consumption, and the 
limited availability of plant disease specialists in some 
regions [3]. 

Timely and reliable detection of potato diseases is 
essential for limiting crop losses and reducing the risk 
of disease transmission. Conventional inspection based 
on visual assessment is labor-intensive, dependent on 
expert knowledge, and may be difficult to apply 
consistently over large cultivation areas. Delayed 
diagnosis can further allow infections to spread before 
appropriate control measures are implemented. 
Consequently, automated computer-based systems 
have emerged as useful tools for supporting farmers in 
making faster and more informed decisions [4]. In 
particular, artificial intelligence (AI) can facilitate early 
identification of leaf diseases and support more 
effective crop protection. 

The application of AI, machine learning (ML), and 
computer vision (CV) has led to numerous image-based 
approaches for plant disease classification. Earlier 
methods commonly relied on handcrafted feature 
extraction followed by conventional classifiers. For 
instance, [5] combined Kuan filtering and Hough 
transformation to obtain color, shape, and texture 
features before applying a boosting-based classifier to 
PlantVillage images. Another approach [6] derived 
texture information using the Gray Level Co-
Occurrence Matrix (GLCM) after grayscale conversion 
and subsequently performed classification with Support 
Vector Machine (SVM). Random Forest has also been 
applied as an alternative classifier for image-derived 
plant disease features [7]. 

Deep learning (DL) has become increasingly important 
in agricultural research, particularly for tasks involving 
image-based analysis [8]. Its integration with modern 
computational technologies has supported the 
development of intelligent agricultural systems capable 
of addressing complex tasks such as feature learning, 
representation transformation, pattern recognition, and 
image classification [9]. Among these techniques, 
Convolutional Neural Networks (CNNs) are widely 
used for plant disease identification because they can 
learn relevant visual features directly from raw images 
without relying entirely on handcrafted descriptors. 
Their application has been reported in various 
agricultural tasks, including fruit counting, blossom 
detection, and leaf-related analysis estimation [10], 
[11]. Studies comparing different CNN architectures 
across multiple datasets have also reported 
improvements over conventional approaches, although 
model performance remains dependent on both network 
architecture and dataset characteristics. CNN-based 
methods have further been explored for identifying 
specific plant diseases, including mosaic disease and 
cassava brown streak virus [12]. 

Recent advances in artificial intelligence have further 
accelerated the development of smart agriculture by 
integrating essential AI technologies, including mobile 
devices, autonomous agents, robotics, sensing systems, 
computer vision, and environmental interaction. The 
integration of heterogeneous data sources and 
collaborative systems has led to the adoption of 
semantic technologies to support agricultural decision-
making [13], [14]. Furthermore, the need for reliable 
predictions and effective planning in agricultural 
management has emphasized the importance of 
interdisciplinary collaboration between agricultural 
experts and artificial intelligence researchers [13]. 

Although substantial advances have been made, several 
limitations reported in earlier studies still require 
attention. The PlantVillage dataset, for example, is 
widely adopted as a benchmark for plant disease 
classification, but its potato subset contains only 152 
healthy leaf images, compared with 1,000 images each 
for early blight and late blight [15]. This distribution 
creates a considerable class imbalance that may bias 
model learning and affect classification reliability. 
Another concern is overfitting, which is particularly 
relevant when CNN models are trained with limited or 
imbalanced data. In such cases, a model may become 
overly adapted to the training samples, producing high 
training accuracy while failing to generalize effectively 
to previously unseen images [16]. 

To address the challenges posed by small and 
imbalanced datasets, several techniques have been 
proposed, with data augmentation among the most 
widely adopted approaches. Data augmentation 
increases the amount of training data by generating new 
samples through various image transformations, 
thereby improving model generalization and reducing 
overfitting [17]. This technique is particularly effective 
for increasing the minority class sample size in 
imbalanced datasets. 

This study addresses potato leaf blight classification, 
with particular emphasis on the challenges posed by 
limited and imbalanced datasets, as also reported in 
previous studies [4], [6], [7], [18]. To mitigate these 
limitations, data augmentation is employed to increase 
the diversity of training samples, while deep learning 
models such as ResNet50 [24], VGG16 and VGG19 
[1], [19], and ANN [20] have been explored to improve 
disease classification and reduce the risk of overfitting. 
This study aims to develop a system that assists farmers 
or agricultural managers in identifying potato leaf 
diseases using potato leaf image data. Unlike previous 
CNN-based studies that focused solely on improving 
accuracy, this study proposes an enhanced transfer 
learning framework that combines customized data 
augmentation and adaptive learning rate scheduling to 
address class imbalance and overfitting in small 
agricultural datasets. Additionally, the model’s 
efficiency is analyzed for potential deployment in 
mobile and edge-based agricultural systems. 
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This study presents an optimized transfer learning 
framework for potato leaf disease classification by 
integrating fine-tuning strategies, hyperparameter 
optimization, and comprehensive performance 
evaluation. Unlike previous studies that primarily 
emphasize classification accuracy, this work 
systematically investigates the effects of transfer 
learning optimization on predictive performance, 
computational complexity, and model generalization 
using a unified experimental protocol. The main 
contributions of this study are summarized as follows: 

An optimized transfer learning framework is proposed 
by integrating partial fine-tuning, grid-search 
hyperparameter tuning, and adaptive learning rate using 
ReduceLROnPlateau. The framework systematically 
evaluates the effects of learning rate, dropout rate, and 
the number of unfrozen layers on classification 
performance. Because these components were varied 
jointly rather than ablated individually, their effects are 
reported as a combined contribution. 

A comprehensive comparative evaluation is conducted 
on six pre-trained CNN architectures (MobileNet, 
EfficientNetB0, DenseNet121, ResNet50, InceptionV3, 
and Xception) using 5-fold stratified cross-validation. 
Model performance is assessed using multiple 
evaluation metrics, including accuracy, AUC, 
confusion matrix, ROC curve, GFLOPs, training time, 
inference time, and statistical significance testing. 

The proposed optimization framework achieves 
superior classification performance on the PlantVillage 
potato leaf disease dataset. Among the evaluated 
models, the fine-tuned Xception architecture with 
ReduceLROnPlateau achieved the highest mean 
accuracy of 99.94% and a mean AUC of 99.99%, 
outperforming several previously reported methods for 
three-class potato leaf disease classification. This result 
was obtained on the controlled-acquisition PlantVillage 
dataset, and the comparison with previously reported 
methods is indicative rather than strictly equivalent, 
since the referenced studies differ in dataset source, 
number of target classes, preprocessing, and evaluation 
protocol. 

An accuracy complexity trade-off analysis is presented 
to support practical model selection. While Xception 
achieved the highest predictive performance, 
EfficientNetB0 demonstrated the lowest computational 
complexity with competitive classification accuracy, 
making it a suitable candidate for deployment on 
resource-constrained devices such as mobile and edge-
computing platforms. This indication is derived from 
theoretical computational complexity; on-device 
latency was not measured in this study. 

The remainder of this paper is structured into four 
sections. Section 1 introduces the research background, 
motivation, problem formulation, objectives, and 
contributions. Section 2 details the dataset, the proposed 
CNN-based transfer learning framework, 
hyperparameter tuning process, and experimental 

procedures. Section 3 reports the experimental findings, 
model performance, comparative results, and 
corresponding discussion. Finally, Section 4 
summarizes the main findings and contributions and 
suggests potential directions for future research. 

2. Methods 

Figure 1 summarizes the experimental procedure 
adopted in this study. The workflow starts with the 
potato leaf image dataset and proceeds to image 
preprocessing before the data are used for transfer 
learning. Six pre-trained CNN architectures—
InceptionV3, Xception, DenseNet121, EfficientNetB0, 
ResNet50, and MobileNet—were investigated as base 
models. Each architecture was tested under five 
hyperparameter settings, consisting of a frozen baseline 
and four fine-tuning schemes that varied in learning 
rate, dropout, and the number of trainable layers. The 
experiments employed stratified 5-fold cross-validation 
to obtain robust performance estimates while 
maintaining the class distribution across folds. Model 
performance was subsequently evaluated using 
accuracy, AUC, confusion matrices, ROC curves, 
GFLOPs, training time, and statistical tests.  

 
Figure 1. Overall experimental workflow for the proposed CNN-

based transfer learning approach with hyperparameter tuning and 5-
fold stratified cross-validation. 

2.1 Dataset 

This study used the potato leaf dataset from 
PlantVillage [15], a non-profit project developed in 
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collaboration with Penn State University (US) and 
EPFL (Switzerland). The dataset includes color JPG 
files with a resolution of 256x256. The total number of 
all 3,600 images, along with their distribution, is shown 
in Table 1. 

Table 1. Summary of PlantVillage Potato Leaf Disease Dataset 

Label class Sample  Ratio 
Early Blight 1,200 33.33% 
Late Blight 1,200 33.33% 
Healthy 1,200 33.33% 
Total samples 3,600 100% 

Table 2. Three illustrations of the class's three most typical potato 
leaves taken from the PlantVillage Dataset (Healthy, early blight, 

and late blight). 

Class Sample 1 Sample 2 Sample 3 
Healthy 
potato leaves    
Early blight 
potato leaf    
Late blight 
potato leaf    

As presented in Table 2, the symptoms of Early Blight 
are characterized by yellowish to bright yellow-green 
halos surrounding or overlapping the affected spots. As 
the lesions enlarge, they may become more extensive 
and cause widespread yellowing, followed by 
premature leaf death. In contrast, Late Blight initially 
appears as small, irregularly shaped lesions ranging 
from light green to dark green. Under cool and humid 
conditions, these lesions can develop rapidly into large 
brown to purple-black areas. Severe infection may 
result in the destruction of entire leaflets and can 
progress through the petioles to the stems, potentially 
causing the above-ground parts of the plant to die. 
Healthy leaves, on the other hand, exhibit a fresh and 
normal appearance without visible dark lesions or 
disease-related spots. 

2.2 Data Preprocessing 

Image resizing is an essential preprocessing operation 
in computer vision, as it standardizes the spatial 
dimensions of input images before they are provided to 
a deep learning model. By reducing the image 
dimensions, the number of pixels that must be 
processed by the network can also be decreased, which 
may lead to lower computational requirements and 
shorter training times. Larger images contain 
substantially more pixels and therefore require greater 
computational effort during model training. In this 
study, all images were resized according to the input 
requirements of the respective architectures. A 
resolution of 224 × 224 pixels was used for MobileNet, 
EfficientNetB0, DenseNet121, ResNet50, and VGG16, 
whereas InceptionV3 and Xception used images with a 
resolution of 299 × 299 pixels. The preprocessing 
pipeline was implemented using Keras-based deep 
learning models. 

Data augmentation was employed to enhance the 
generalization capability of the models and mitigate 
potential overfitting. The augmentation procedure was 
performed only on the training data within each cross-
validation iteration, while the corresponding validation 
data were kept intact to ensure an unbiased evaluation. 
The applied transformations consisted of random 
rotations up to 20°, horizontal and vertical translations 
of up to 20% of the image width and height, 
respectively, a shear transformation with a factor of 0.2, 
and random zooming with a maximum range of 20%. In 
addition, horizontal flipping was performed to increase 
image diversity and enhance invariance to object 
orientation. Newly generated pixel regions resulting 
from these transformations were filled using nearest-
neighbor interpolation. By applying these 
augmentations only to the training data in each cross-
validation fold, the model was exposed to a broader 
range of image variations while ensuring that validation 
performance was evaluated on unaltered data, thereby 
providing a more reliable assessment of generalization 
capability. 

2.3 Select Base Model 

The selected architectures cover a broad spectrum of 
deep learning approaches, including lightweight models 
optimized for computational efficiency (MobileNet and 
EfficientNetB0), architectures that balance accuracy 
and efficiency (DenseNet121 and Xception), and 
feature-rich networks designed for enhanced 
information propagation and multi-scale feature 
extraction (ResNet50 and InceptionV3). This diversity 
enables a comprehensive comparison of classification 
performance, computational complexity, and 
generalization capability across different transfer 
learning architectures. These architectures represent 
diverse network designs and computational 
characteristics commonly used in image classification 
research. Furthermore, all models were initialized with 
weights pre-trained on the ImageNet dataset, enabling 
the transfer of learned visual features to the target 
classification task. 

To avoid ambiguity in the remainder of this manuscript, 
three terms are defined explicitly and are used 
consistently throughout. The term original pretrained 
architecture refers to each convolutional network in its 
published form together with its ImageNet weights. In 
this study the original architectures are used solely as a 
source of pretrained feature extractors and are never 
evaluated in their unmodified form, because their 
1,000-class classification heads are not applicable to the 
three-class task addressed here. The term frozen 
baseline refers to the configuration in which all layers 
of the pretrained convolutional base are frozen and only 
the custom classification head described below is 
trained. The term optimized model refers to the 
configuration in which the upper layers of the same 
convolutional base are unfrozen and trained jointly with 
the same classification head, under the hyperparameter 
settings listed in Table 3. The frozen baseline and the 
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optimized model therefore share an identical 
architecture and differ only in which layers are updated 
during training and in the associated training 
hyperparameters. Accordingly, every comparison 
reported in this study is a comparison between the 
frozen baseline and an optimized configuration, and not 
a comparison against the original pretrained 
architectures. 

Table 3. Grid-search hyperparameter settings for transfer learning 
optimization. 

Experiment Learning 
Rate Dropout Unfrozen 

Layers 
ReduceLR
OnPlateau 

Dense 
Units 

Baseline 
Frozen 

1 × 10⁻⁴ 0.5 0 No 1024 

HP1 1 × 10⁻⁴ 0.5 50 Yes 1024 
HP2 1 × 10⁻⁵ 0.5 50 Yes 1024 
HP3 1 × 10⁻⁴ 0.3 50 Yes 1024 
HP4 1 × 10⁻⁴ 0.5 30 Yes 1024 

For each transfer learning architecture, the original 
output layer was replaced with a customized 
classification head. This head comprises Global 
Average Pooling (GAP), a fully connected layer 
containing 1,024 neurons with ReLU activation, a 
dropout layer for regularization, and a Softmax layer 
that produces predictions for the three target categories: 
Early Blight, Healthy, and Late Blight. The GAP 
operation is formulated in Equation 1. 

𝐺𝐺𝑘𝑘 = 1
𝐻𝐻×𝑊𝑊

∑ ∑ 𝐹𝐹𝑘𝑘(𝑖𝑖, 𝑗𝑗)𝑊𝑊
𝑗𝑗=1

𝐻𝐻
𝑖𝑖=1               (1) 

𝐹𝐹𝑘𝑘(𝑖𝑖, 𝑗𝑗) represents the activation value at spatial 
location (𝑖𝑖, 𝑗𝑗) of the  𝑘𝑘 -th feature map, and  𝐻𝐻  and  𝑊𝑊  
denote the height and width of the feature map, 
respectively. The ReLU activation function is expressed 
as Equation 2. 

𝑓𝑓(𝑥𝑥) = max(0,  𝑥𝑥)               (2) 

The final Softmax layer converts the network outputs 
into class probabilities according to Equation 3. 

𝑃𝑃(𝑦𝑦 = 𝑖𝑖) = 𝑒𝑒𝑧𝑧𝑖𝑖

∑ 𝑒𝑒𝑧𝑧𝑗𝑗𝐶𝐶
𝑗𝑗=1

               (3) 

𝑧𝑧𝑖𝑖 denotes the output score for class 𝑖𝑖, and 𝐶𝐶 represents 
the total number of target classes. 

2.4 Validation Performance 

Figure 2 illustrates the 5-fold cross-validation 
procedure adopted in this study. The dataset consists of 
3,600 images equally distributed among three classes, 
with 1,200 images per class. The dataset was partitioned 
into five stratified folds, each containing 720 images 
(240 images per class). In each iteration, three folds 
were used for training (2,160 images), one fold for 
validation (720 images), and the remaining fold for 
testing (720 images). The folds were rotated across five 
iterations, ensuring that each image was used for testing 
exactly once and for validation once during the 
evaluation process. This strategy provides a 
comprehensive assessment of model performance by 
using all available data for both training and evaluation, 
thereby reducing the variance associated with a single 

train–test split. The results were obtained by averaging 
the performance metrics across all five iterations. 

 
Figure 2. Data partitioning strategy for 5-fold cross-validation, 

showing the rotation of training (green), validation (blue), and test 
(red) sets across the five folds. 

2.5 Hyperparameter Tuning 

To identify the most effective transfer learning 
configuration, a series of hyperparameter tuning 
experiments was conducted by varying several key 
model parameters, including the learning rate, dropout 
rate, the number of unfrozen layers in the pre-trained 
network, and the use of adaptive learning rate 
scheduling. A baseline configuration was first 
established using a fully frozen pre-trained 
convolutional base. Subsequently, additional 
experiments were designed to investigate the impact of 
fine-tuning different portions of the network while 
maintaining a fixed dense layer size of 1,024 neurons. 

The hyperparameter search space consisted of learning 
rates of 1x10-4 and 1x10-5, dropout rates of 0.5 and 0.3, 
and fine-tuning configurations with either 30 or 50 
unfrozen layers. In addition, selected experiments 
employed adaptive learning rate reduction through the 
ReduceLROnPlateau strategy. The complete set of 
hyperparameter configurations evaluated in this study is 
presented in Table 3. The optimal configuration was 
selected based on the highest mean validation accuracy 
and the lowest validation loss across the cross-
validation folds. 

Hyperparameter tuning was conducted using a 
predefined manual grid-search strategy. Instead of 
using an automatic search algorithm such as greedy 
search, random search, or Bayesian optimization, 
several fixed experimental configurations were 
manually defined and evaluated. Each configuration 
varied key parameters, including the learning rate, 
dropout rate, number of unfrozen layers, and the use of 
ReduceLROnPlateau. The configurations were then 
trained and evaluated using 5-fold stratified cross-
validation. The optimal configuration was selected by 
ranking the experimental results by the highest mean 
validation accuracy and, in cases of comparable 
validation accuracy, the lowest mean validation loss. 

The use of a predefined manual grid nevertheless 
constrains the search to a small and discrete region of 
the hyperparameter space, and configurations outside 
this grid may yield better performance. This design was 
adopted because the objective of this study was to 
characterise the effect of a limited number of 
interpretable design decisions, namely the learning rate, 
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the dropout rate, and the depth of fine-tuning, rather 
than to identify a globally optimal configuration, and 
because each configuration required five complete 
cross-validation runs for each of the six architectures, 
amounting to 150 independent training runs. Automated 
search strategies such as random search or Bayesian 
optimization would explore the space more thoroughly 
and are recommended for future work when a larger 
computational budget is available. 

2.6 Training Configuration 

The training process used 5-fold stratified cross-
validation to preserve the class distribution across all 
folds. In each iteration, three folds were used for 
training, one for validation, and one for testing. Data 
augmentation was applied exclusively to the training 
subset through random rotation, translation, shearing, 
zooming, and horizontal flipping, while the validation 
and test subsets remained unchanged. 

All models were trained for 50 epochs with a batch size 
of 32 using the Adam optimizer with 𝛽𝛽1 = 0.9, 𝛽𝛽1 =
 0.999, and 𝜖𝜖 = 10−7. The optimization objective was 
to minimize the categorical cross-entropy loss function 
as shown in Equation 4. 

𝐿𝐿 = − 1
𝑁𝑁
∑ ∑ 𝑦𝑦𝑖𝑖𝑖𝑖 log(𝑦𝑦�𝑖𝑖𝑖𝑖)𝐶𝐶

𝑐𝑐=1
𝑁𝑁
𝑖𝑖=1               (4) 

𝑁𝑁 is the total number of samples, 𝐶𝐶 is the number of 
classes, 𝑦𝑦𝑖𝑖𝑖𝑖 is the ground-truth label, and 𝑦𝑦�𝑖𝑖𝑖𝑖 is the 
predicted probability for class 𝑐𝑐. 

For configurations employing adaptive learning-rate 
scheduling, ReduceLROnPlateau was applied with 
validation loss as the monitoring criterion. The learning 
rate was decreased by 50% whenever the validation loss 
failed to improve for three successive epochs, subject to 
a minimum learning rate of 1 × 10⁻⁷. 

2.7 Evaluation Metrics 

A comprehensive evaluation framework was employed 
to assess both the predictive performance and 
computational efficiency of the transfer learning 
models. Classification accuracy was used as the 
primary performance measure, representing the 
proportion of test samples assigned to their correct 
classes. In addition, the Area Under the Receiver 
Operating Characteristic Curve (AUC-ROC) was 
computed using a one-versus-rest approach to examine 
the models’ capability to discriminate among the three 
potato leaf disease categories. Confusion matrices and 
classification reports were generated for every cross-
validation fold to provide a more detailed view of class-
specific predictions, including correctly and incorrectly 
classified samples. 

Model stability and generalization were examined using 
stratified 5-fold cross-validation. For each evaluation 
metric, the mean and standard deviation obtained across 
the five folds were reported. ROC curves were 
additionally constructed to illustrate the relationship 
between the true-positive rate and false-positive rate at 
different classification thresholds. Computational cost 

was evaluated through training duration, inference time, 
and the number of floating-point operations expressed 
in GFLOPs. Statistical significance was assessed using 
a one-sample t-test with a baseline accuracy of 0.5, 
while paired t-tests were conducted to compare 
different hyperparameter configurations. These 
analyses were used to determine whether the 
differences observed between experimental settings 
were statistically meaningful. Collectively, the 
classification, computational, and statistical measures 
enabled a systematic comparison of the transfer 
learning architectures and their corresponding 
hyperparameter configurations. 

3. Results and Discussions 

The experimental design combined transfer learning, 
hyperparameter tuning, and 5-fold stratified cross-
validation to ensure robust, reliable evaluation. Six 
pretrained CNN architectures, Xception, ResNet50, 
EfficientNetB0, MobileNet, DensNet121, and 
InceptionV3, were evaluated using five hyperparameter 
configurations consisting of one baseline setting and 
four optimized settings that varied the learning rate, 
dropout rate, and number of unfrozen layers. Each 
hyperparameter configuration was assessed using 5-
fold stratified cross-validation, with three folds for 
training, one for validation, and one for testing in each 
iteration. Consequently, each base model required 5×5 
= 25 independent training and evaluation runs. 
Considering all six transfer learning architectures, the 
complete experimental framework involved 6x5x5=150 
independent experiments, providing a comprehensive 
comparison of model architectures and hyperparameter 
settings while minimizing the influence of dataset 
partitioning bias. 

Before the results are presented, one characteristic of 
the evaluation data should be stated explicitly, as it 
conditions the interpretation of every accuracy value 
reported in this section. The PlantVillage images were 
acquired under controlled laboratory conditions: each 
image contains a single detached leaf photographed 
against a uniform background under consistent 
illumination, without occlusion, overlapping foliage, or 
variation in viewing distance. These conditions 
substantially reduce intra-class visual variability and 
remove most of the nuisance factors that a field-
deployed classifier would encounter, which is the 
principal reason why near-ceiling accuracies are 
attainable on this dataset. The accuracies reported 
below should therefore be read as performance on this 
controlled distribution and as an upper reference for 
field deployment, rather than as an estimate of 
performance under real agricultural conditions. This 
limitation is revisited when the best fine-tuned models 
are discussed and in the Conclusion. 

3.1 The Effect of ReduceLROnPlateau 

The effect of the optimized training strategy with 
ReduceLROnPlateau was evaluated by comparing each 
frozen baseline model with its best optimized 
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configuration. The optimized configurations improved 
the average accuracy from 0.9876 to 0.9975, 
corresponding to an average accuracy gain of 
approximately 0.0100. As shown in Figure 3, all six 
transfer learning architectures achieved positive 
accuracy gains after optimization. The largest 
improvement was obtained by InceptionV3, with an 
accuracy gain of 0.0236, followed by Xception with a 
gain of 0.0150. These results indicate that the 
optimization strategy was particularly beneficial for 
architectures with relatively lower frozen baseline 
performance. As defined in Section 2, the frozen 
baseline and the optimized configurations share an 
identical architecture and differ in four training settings 
simultaneously: the number of unfrozen layers, the 
dropout rate, the learning rate, and the use of adaptive 
learning-rate scheduling. The gains reported in this 
subsection are therefore attributable to the combination 
of these settings rather than to ReduceLROnPlateau 
considered in isolation. 

 
Figure 3. Accuracy gain after optimized fine-tuning with 

ReduceLROnPlateau compared with the frozen baseline model. 

Figure 3 shows that InceptionV3 and Xception 
benefited the most from the optimized configuration, 
while ResNet50 and EfficientNetB0 showed smaller 
gains. This does not necessarily indicate weak 
optimization performance for ResNet50 and 
EfficientNetB0; instead, both models already achieved 
high baseline accuracy, leaving less room for further 
improvement. Therefore, the observed accuracy gains 
suggest that partial fine-tuning, combined with adaptive 
learning rate scheduling, helped the models learn more 
disease-specific features than the frozen baseline 
architecture. 

The validation loss results provide additional evidence 
of the positive effect of the optimized configuration. As 
illustrated in Figure 4, all architectures showed 
substantial reductions in validation loss after 
optimization. Across the six architectures, the average 
validation loss decreased from 0.0316 in the frozen 
baseline models to 0.0025 in the optimized 
configurations, representing an average reduction of 
approximately 91.78%. Xception achieved the highest 
validation loss reduction at 97.8%, followed by 
EfficientNetB0 at 95.7% and DenseNet121 at 92.3%. 
These reductions indicate that the optimized models 
produced more stable and confident predictions during 
validation. 

Figure 4 also shows that even models with smaller 
accuracy gains still experienced large decreases in 
validation loss. For example, EfficientNetB0 had one of 
the smallest accuracy gains, yet its validation loss 
decreased by 95.7%. This suggests that the optimization 
process improved not only the final classification 
accuracy but also the confidence and stability of the 
prediction probabilities. In this context, validation loss 
is useful because it reflects the quality of probability 
estimation, whereas accuracy only measures whether 
the final predicted class is correct. 

 
Figure 4. Validation loss reduction after optimized fine-tuning with 

ReduceLROnPlateau compared with the frozen baseline model. 

Overall, the results in Figures 3 and  4 demonstrate that 
the optimized fine-tuning strategy with 
ReduceLROnPlateau improved both classification 
performance and training stability. 
ReduceLROnPlateau reduced the learning rate when 
validation loss stopped improving, allowing the model 
to continue optimizing with smaller weight updates. 
However, because ReduceLROnPlateau was applied 
together with partial fine-tuning of the upper layers, the 
observed improvement should be interpreted as the 
combined effect of adaptive learning rate scheduling 
and fine-tuning rather than the isolated effect of 
ReduceLROnPlateau alone. An ablation isolating 
ReduceLROnPlateau while holding the number of 
unfrozen layers, the dropout rate, and the learning rate 
fixed was not performed in this study, and is required 
before any independent contribution can be attributed to 
the scheduler. 

3.2 Best Fine-Tuning Models 

Among the evaluated fine-tuning configurations, the 
best overall performance was achieved by Xception 
with the HP3 configuration, which applied a learning 
rate of 1x10-4, dropout of 0.3, fine-tuning of the last 50 
layers, and ReduceLROnPlateau. This configuration 
achieved a mean test accuracy of 0.999444, a standard 
deviation of 0.000761, and a mean AUC of 0.999997 
across 5-fold stratified cross-validation. These results 
indicate that Xception with partial fine-tuning achieved 
the strongest classification performance among the 
tested architectures, suggesting that its depthwise 
separable convolutional structure was highly effective 
at extracting discriminative features from potato leaf 
disease images. As noted at the beginning of this 
section, an accuracy of this magnitude reflects the 
controlled acquisition conditions of the PlantVillage 
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dataset as much as the capability of the model. Under 
field conditions, where illumination varies, 
backgrounds are cluttered, several leaves may appear in 
a single image, and disease severity differs across 
plants, a lower accuracy should be expected. The 
present results therefore establish the performance 
attainable on controlled imagery and do not by 
themselves demonstrate readiness for operational 
deployment. 

Although Xception achieved the highest mean 
accuracy, ResNet50 also showed highly competitive 
performance. The ResNet50 HP3 configuration 
achieved a mean accuracy of 0.998889 and a lower 
mean validation loss of 0.000841. This indicates that 
Xception provided the best classification accuracy, 
while ResNet50 demonstrated very stable validation 
performance. Therefore, Xception HP3 can be 
considered the best-performing fine-tuned model in 
terms of accuracy and AUC, whereas ResNet50 HP3 
may be considered a strong alternative when validation 
loss and computational efficiency are also considered. 

As illustrated in Figure 5, Xception achieved the highest 
fine-tuning performance among the evaluated 
architectures, with a mean test accuracy of 0.999444. 
This result indicates that Xception was the most 
effective architecture after partial fine-tuning and 
adaptive learning rate scheduling. ResNet50 achieved 
the second-highest performance with a mean accuracy 
of 0.998889, followed by EfficientNetB0 with 
0.998333. Although all fine-tuned models achieved 
high accuracy, Xception showed the strongest overall 
classification capability. 

 
Figure 5. Accuracy and AUC of Best Fine-Tuned Models 

The comparison between accuracy and AUC in Figure 
5 further confirms the strong discriminative ability of 
the fine-tuned models. Xception achieved the highest 
mean accuracy and an AUC of 0.999997, indicating it 
was highly effective at distinguishing the three potato 
leaf classes. ResNet50 and EfficientNetB0 also 
achieved AUC values close to 1.0000, showing that 
their probability-based class separation was also very 
strong. Overall, the fine-tuning results demonstrate that 
Xception HP3 achieved the best performance, while 
ResNet50 and EfficientNetB0 remained strong 
alternatives. 

The one-versus-rest ROC curves described in Section 2 
were computed for each class in every cross-validation 
fold. Because the curves for all architectures lie within 
a very narrow band near the ideal operating point, 
plotting them would not be visually informative; their 
behaviour is therefore reported numerically through the 
per-class AUC values discussed below rather than as a 
separate figure. Because the AUC is threshold-
independent, values approaching unity indicate that the 
separation between each class and the remaining two is 
preserved across the entire range of decision thresholds, 
and not only at the default threshold used to compute 
accuracy. For Xception HP3, the mean AUC of 
0.999997 implies that the corresponding ROC curves 
lie almost exactly along the ideal operating path, so that 
nearly all positive samples of a given class are 
recovered at a negligible false-positive rate. Read 
together with the accuracy results, this indicates that the 
reported accuracy is not an artefact of a favourable 
decision threshold. The residual departure from the 
ideal curve is concentrated in the Early Blight and Late 
Blight pair, which is expected because the two diseases 
produce lesions with overlapping colour and texture 
characteristics during the early stage of infection, 
whereas healthy leaves are separated from both 
diseased classes without measurable overlap. 

In summary, the best fine-tuned model identified in this 
study is Xception trained under the HP3 configuration, 
in which the learning rate was set to 1×10⁻⁴, the dropout 
rate to 0.3, and the last 50 convolutional layers were 
unfrozen and trained jointly with the classification 
head, with adaptive learning-rate scheduling through 
ReduceLROnPlateau enabled. As noted above, these 
four settings were applied together rather than 
individually, so the resulting performance is attributable 
to their combination. 

3.3 Computational Complexity 

Based on Figure 6, the combined analysis of GFLOPs 
and mean accuracy demonstrates the trade-off between 
predictive performance and computational complexity. 
Xception achieved the highest mean accuracy of 
0.999444; however, it also required the highest 
computational cost, with 16.77 GFLOPs per image. 
This indicates that Xception is the most accurate fine-
tuned model, but its computational demand may limit 
its suitability for resource-constrained deployment. 

EfficientNetB0 achieved the best efficiency-oriented 
performance, with a mean accuracy of 0.998333 and 
only 0.80 GFLOPs per image. Although its accuracy 
was slightly lower than Xception, the difference was 
very small, while the computational cost was 
substantially lower. Compared with EfficientNetB0, 
Xception improved accuracy by only 0.001111 but 
required approximately 21 times more GFLOPs. 
Therefore, EfficientNetB0 offers the most favorable 
accuracy–complexity trade-off, particularly for 
applications that require fast, lightweight inference. 
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Figure. 6. Accuracy–complexity trade-off of the best fine-tuned 

models. 

ResNet50 represented a balanced alternative between 
accuracy and computational complexity. It achieved a 
mean accuracy of 0.998889 with 7.76 GFLOPs per 
image, placing it between EfficientNetB0 and 
Xception. This suggests that ResNet50 is suitable when 
a higher accuracy than EfficientNetB0 is desired, but 
the very high computational cost of Xception is not 
preferred. Overall, Xception is the best model for 
maximum accuracy, EfficientNetB0 is the best for 
computational efficiency, and ResNet50 provides a 
strong compromise between the two. 

Two qualifications apply to this analysis. First, 
GFLOPs and the inference times reported here were 
measured in the training environment and represent a 
theoretical proxy for computational cost. No physical 
on-device latency measurement was performed in this 
study, and factors such as memory bandwidth, operator 
support on the target runtime, quantisation, and thermal 
throttling can cause measured on-device latency to 
deviate substantially from what the GFLOPs figures 
suggest. Second, the recommendation of 
EfficientNetB0 for edge deployment should therefore 
be understood as a complexity-based indication that 
requires confirmation through on-device benchmarking 
on the intended hardware, which is left to future work. 

3.4 Comparison with Existing Studies 

Table 5 presents a comparison between the proposed 
approach and previously reported methods for potato 
leaf disease classification. The reviewed studies have 
explored a wide range of classification techniques, from 
conventional machine learning algorithms, including 
SVM, k-NN, ANN, and Random Forest, to various deep 
learning architectures such as AlexNet, VGG16, 
VGG19, ResNet50, MobileNet, Mask R-CNN, and 
customized CNN models. The PlantVillage dataset is 
the most frequently adopted benchmark, particularly for 
experiments involving three disease categories. Other 
studies have employed alternative data sources, 
including self-generated datasets, Kaggle collections, 
and the AI Challenger Global AI Contest dataset, with 
the number of target classes varying between two, three, 
and five. 

Compared with previous PlantVillage-based studies, 
the proposed Xception model, combined with fine-

tuning and ReduceLROnPlateau, achieved the highest 
reported performance, achieving 99.94% accuracy in 
three-class classification. This result is higher than the 
performance reported by VGG19 fine-tuning in [21] 
(97.8%), the self-built CNN model in [4] (96.75%), and 
the ANN-based method in [21] (96.5%). The proposed 
model also outperformed the study in [25], which 
evaluated VGG16, VGG19, ResNet50, MobileNet, and 
fine-tuned VGG16 and reported a best accuracy of 
97.89% on the PlantVillage dataset. These results 
indicate that the proposed optimization strategy was 
more effective in improving feature adaptation for 
potato leaf disease classification. 

Table 5. Comparison with Existing Work. The reported accuracies 
were obtained under differing datasets, class distributions, 

preprocessing procedures, and evaluation protocols, and are 
therefore indicative rather than strictly comparable. 

Author Best Method Dataset Acc. 
[21] VGG19 for fine-tuning PlantVillage 97.8% 
[4] Self-build CNN PlantVillage 96.75% 
[22] Own architecture PlantVillage 92.00% 
[23] SVM, k-NN, ANN, RF  Global AI 97.40% 
[7] RF Own 97.00% 
[24] Mask R–CNN Own 81.40% 
[20] VGG16, VGG19 PlantVillage  91.00% 
[25] VGG16 fine-tuned PlantVillage 97.89% 
[18] ANN PlantVillage 96.5% 
[26] Own Sequential mode Dataquest 97.00% 
[27] SVM PlantVillage 87.60% 
[1] AlexNet, VGG-16, VGG-

19 
Kaggle 
competition 

98.00% 

Proposed Xception+ReduceLROnPl
ateau 

PlantVillage 
Dataset 

99.94% 

The improvement can be attributed to transfer learning 
with the Xception architecture, partial fine-tuning of the 
upper convolutional layers, and adaptive learning rate 
scheduling with ReduceLROnPlateau. Unlike frozen 
transfer learning, which only trains the classification 
head, the proposed fine-tuning strategy allowed the 
model to adapt high-level visual features to disease-
specific patterns, such as lesion shape, leaf 
discoloration, and texture differences. 
ReduceLROnPlateau further improved the training 
process by reducing the learning rate when validation 
loss stopped improving, allowing the model to continue 
optimizing with smaller, more stable weight updates. 

Although several previous studies also achieved high 
accuracy, direct comparisons should be interpreted with 
caution because of differences in dataset sources, 
numbers of classes, preprocessing methods, model 
architectures, and evaluation protocols. For example, 
[1] achieved 97.40% using traditional classifiers on the 
AI Challenger Global AI Contest dataset with five 
classes, while [7] achieved 97.00% using Random 
Forest on a generated dataset with two classes. 
Similarly, [28] used Mask R-CNN on a generated 
dataset and obtained 81.40% for two classes. These 
differences show that dataset characteristics and 
classification complexity strongly influence model 
performance. Nevertheless, among the studies using the 
PlantVillage dataset for three-class potato disease 
classification, the proposed method achieved the 
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strongest performance. Accordingly, Table 5 should be 
read as an indication of the relative standing of the 
proposed approach rather than as a strictly controlled 
benchmark, since none of the referenced results were 
reproduced under the experimental protocol used in this 
study. 

Overall, the comparison demonstrates that the proposed 
Xception + ReduceLROnPlateau approach provides a 
competitive and effective solution for potato leaf 
disease classification. The achieved accuracy of 
99.94% indicates that the optimized transfer learning 
framework can outperform several existing CNN-based 
and traditional machine learning approaches. In 
addition, the use of cross-validation, hyperparameter 
tuning, and computational analysis provides a more 
comprehensive evaluation of the proposed model than 
studies that report only classification accuracy. 

4. Conclusions 

This study investigated an optimized CNN-based 
transfer learning framework for potato leaf disease 
classification using six pre-trained architectures: 
MobileNet, EfficientNetB0, DenseNet121, ResNet50, 
InceptionV3, and Xception. A stratified 5-fold cross-
validation scheme was employed to obtain reliable 
performance estimates while maintaining class 
proportions. Hyperparameter configurations involving 
learning rate, dropout, the number of trainable layers, 
and ReduceLROnPlateau were systematically 
evaluated. Fine-tuned models generally outperformed 
their frozen counterparts, demonstrating that adapting 
selected layers improved the extraction of disease-
related features. 

Among the evaluated models, Xception with HP3 
produced the highest performance, achieving a mean 
test accuracy of 0.999444 and a mean AUC of 0.999997 
using a learning rate of 1 × 10⁻⁴, 0.3 dropout, and fine-
tuning of the final 50 layers with ReduceLROnPlateau. 
ResNet50 achieved a comparable mean accuracy of 
0.998889 with lower computational cost. Overall, the 
results indicate that combining selective fine-tuning 
with appropriate hyperparameter settings can 
substantially enhance potato leaf disease classification. 
However, the observed improvement cannot be 
attributed to ReduceLROnPlateau alone because the 
optimized configurations simultaneously differed from 
the frozen baseline in learning rate, dropout, and the 
number of unfrozen layers. 

The computational analysis using GFLOPs showed that 
the most accurate model was not necessarily the most 
efficient. Xception achieved the highest accuracy but 
incurred the highest computational cost, at 16.77 
GFLOPs per image. In contrast, EfficientNetB0 
achieved a mean accuracy of 0.998333 with only 0.80 
GFLOPs per image, making it the most suitable 
architecture for efficiency-oriented deployment. 
MobileNet also demonstrated lightweight performance, 
requiring only 1.15 GFLOPs per image and achieving a 
mean accuracy of 0.998056. Therefore, Xception is 

recommended when maximum classification accuracy 
is the main priority, while EfficientNetB0 is 
recommended when computational efficiency and 
deployment feasibility are more important. 

Overall, the results demonstrate that the proposed 
transfer learning optimization strategy, which combines 
partial fine-tuning, dropout regularization, data 
augmentation, and ReduceLROnPlateau, is effective for 
potato leaf disease classification. The study also 
highlights the importance of evaluating both accuracy 
and computational complexity when selecting a model 
for practical agricultural applications. Future work may 
extend this study by testing the proposed models on 
field-collected images, evaluating performance under 
different lighting and background conditions, and 
deploying the most efficient model on mobile or edge-
computing devices for real-time disease diagnosis. 

Three limitations qualify these conclusions. First, all 
results were obtained on PlantVillage images acquired 
under controlled laboratory conditions, so the reported 
accuracies represent an upper reference rather than an 
estimate of performance in the field, and validation on 
field-collected imagery is required before deployment 
claims can be made. Second, the contribution of 
ReduceLROnPlateau was not isolated through a 
dedicated ablation, and the reported gains reflect the 
joint effect of partial fine-tuning, dropout configuration, 
learning-rate selection, and adaptive scheduling. Third, 
hyperparameters were explored through a predefined 
manual grid, and no on-device latency measurement 
was carried out to support the edge-deployment 
recommendation. Future work should accordingly 
address these points by evaluating the models on field-
collected images under varying lighting and 
background conditions, conducting an isolated ablation 
of the learning-rate scheduler, employing automated 
hyperparameter search such as random search or 
Bayesian optimization, and benchmarking on-device 
latency for the most efficient architecture on the 
intended edge hardware. 
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