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Abstract— Corn is one of Indonesia's food commodities that
serves as an alternative food source to support food
diversification in Indonesia. However, leaf infections in corn
plants often cause significant yield losses and threaten food
security. Early detection of this disease is very important,
especially for small farmers, because conventional diagnostic
methods that rely on agronomists are expensive and time-
consuming. Recent advances in Agricultural Artificial
Intelligence (AI) and image processing have facilitated
automatic plant disease recognition through Convolutional
Neural Networks (CNN), with ResNet as the main backbone
combined through concatenation with MobileNetV3,
DenseNet161, and GoogleNet. The dataset consists of 4,000
images divided into 2,560 training data, 640 validation data,
and 800 test data, with image sizes adjusted to 224x224
pixels. The images are divided into four categories: gray leaf
spot, common rust, northern leaf blight, and healthy leaves.
The testing was conducted using three different optimizers,
namely Adam, RMSprop, and SGD, with a learning rate of
0.01. The experimental results show that the SGD optimizer
provides the best performance with a loss value of 0.2275,
accuracy of 0.9513, precision of 0.9536, recall of 0.9513, and
F1 score of 0.9512. These findings prove that the combination
of ResNet, MobileNetV3, DenseNetl61, and GoogleNet
architectures with the SGD optimizer can significantly
improve the accuracy of corn leaf disease detection, making
it a potential application for automatic detection systems in
support of smart farming practices.

Keywords— Digital Image Processing, Corn Leaf, Machine
Learning, CNN

I. INTRODUCTION

Agriculture is a vital economic sector in many
countries, including Indonesia, serving as the foundation
of rural livelihoods and playing a strategic role in national
development [1]. This sector provides employment for the
majority of the rural workforce, thereby reducing
unemployment and contributing to poverty alleviation. In
addition, agriculture ensures food security and supports
overall economic resilience. Among Indonesia's major
agricultural commodities, corn holds an important position
due to its wide use in food, animal feed, and industrial
processing [2].
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Processed derivatives, such as corn flour and corn oil,
are increasing their economic value through downstream
industries [3]. However, corn productivity is often limited
by various leaf diseases that significantly affect yield and
quality. Common infections such as leaf blight, leaf spot,
and leaf rust are particularly damaging, as they can spread
rapidly within fields and cause widespread damage if not
detected and managed in a timely manner [4].

Early detection of leaf diseases in corn is very
important to reduce their adverse effects on plant health
and productivity [5]. Traditionally, disease identification
has relied on agronomists assessing visual symptoms on
leaves. While this manual approach is effective, it often
requires significant labor, time, and cost, with results
highly dependent on human expertise. Therefore, the
development of more efficient, accurate, and automated
diagnostic methods is needed to enable timely and
accurate identification of corn leaf diseases [6].

Recent advances in artificial intelligence (AI) and
image processing have significantly improved the
development of automated plant disease detection systems
[7]. One of the most effective approaches involves the
application of convolutional neural networks (CNNs), a
class of deep learning models specifically designed for
visual pattern recognition and widely recognized for their
success in image classification tasks [8]. Among CNN
architectures, Residual Networks (ResNet) have gained
considerable attention due to their ability to overcome the
vanishing gradient problem through residual connections,
thereby enabling more effective training of deeper
networks. ResNet wvariants, such as ResNet-50 and
ResNet-101, have been widely used in image classification
tasks, including plant disease identification. Although
ResNet provides strong feature representations,
integration with other deep learning models has the
potential to improve classification accuracy through the
capture of richer spatial and semantic features [9].

However, its effectiveness is not only influenced by the
depth of the network but also by the selection and
optimization of the appropriate convolutional components.
Previous studies [10] have reported significant progress in
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the use of advanced deep learning architectures, such as
CNN and ResNet, for plant disease identification, thereby
improving diagnostic accuracy. However, deep neural
networks are still vulnerable to challenges such as
overfitting, especially when the data set is limited or lacks
diversity. To overcome this problem, concatenated models
are formed by combining various CNN architectures to
improve vulnerability. MobileNetV3, with its lightweight
and efficient structure, is suitable for applications that can
be installed on mobile handheld devices [11]. Meanwhile,
DenseNet161 has advantages in feature reuse and gradient
propagation through dense connections [12]. The
combination of the GoogleNet (Inception) architecture has
multi-scale feature extraction, allowing the network to
capture various patterns of disease symptoms on leaves
[13]. By integrating these three models into the ResNet
backbone, a hybrid framework can be built that overcomes
the shortcomings of each. Three types of optimizers,
Adam, RMSprop, and Stochastic Gradient Descent
(SGD), were used to evaluate the training dynamics and
final performance of the model.

This study has important implications for agriculture
and artificial intelligence. By examining the influence of
various layer configurations in the ResNet architecture on
classification accuracy, experiments were conducted by
modifying specific layers and evaluating the resulting
models. Understanding the contribution of each
convolutional component enables the optimization of
ResNet for effective corn leaf disease classification. These
advances can facilitate faster and more accurate diagnosis
and treatment of leaf diseases, thereby increasing crop
productivity and supporting the sustainability of long-term
agricultural practices. Furthermore, the results of this
study provide a basis for the development of more
sophisticated plant disease detection systems that can be
extended to various plant species.

1I. METHODOLOGY AND METHODS
A. Dataset

Open access data sets available online provide high-
quality, community-curated resources to accelerate model
development and experimentation. Kaggle, in particular,
offers a wide variety of data sets contributed by the global
community, covering various domains such as images,
text, and numerical data. For the purpose of building a
deep learning model for corn leaf disease detection,
obtaining a dataset from Kaggle is a cost-effective step in
training the model to be developed. Specifically, the
PlantVillage [14] and PlantDoc [15] repositories, which
are accessible through Kaggle, include an extensive
collection of corn leaf images. PlantDoc contains 39
different leaf categories. From this open source, this study
uses four classes: gray leaf spot, common rust, northern
leaf blight, and healthy leaf. Table 1 presents detailed
information about these selected categories, which are the
main focus of corn leaf classification.

Table 1. Corn dataset
Class Channel

Total
Amount

Format

p-ISSN 2715-2871
e-ISSN 2714-5247

RGB JPG 1000

color

image

RGB JPG
color

image
RGB
color

image

RGB PG
color

Gray leaf spot

Common rust 1000

JPG and
JPEG

Northern leaf 1000

blight
Healthy 1000

image

The JPG/JPEG format, short for Joint Photographic
Experts Group—the organization responsible for setting
this standard—represents the same type of image file. The
difference between “JPG” and “JPEG” lies in the length of
the file extension, a variation that stems from limitations
in older operating systems. Table 2 presents the
classification of corn leaf images.

Table 2. Image corn leaf

B. Convolutional Neural Network

Convolutional =~ Neural Networks (CNN) are
specifically designed to process structured image data
[16]. These networks have become the industry standard
in various computer vision applications, including image
classification and object detection [17]. CNNs are capable
of recognizing visual patterns, such as edges, gradients,
shapes, and even complex structures like forms and
patterns, making them effective for visual recognition
tasks [18]. Generally, CNNs consist of several layers
arranged sequentially, with each layer having its own
function in feature extraction and classification as shown
as Figure 1[19].

115 | BEST, Vol. 07, No. 02, 2025



BEST

Journal of Applied Electrical & Science Technology —

Input layer: Receives raw images and converts them
into numerical tensors for further processing.
Convolutional layer: Detects fundamental features
such as edges, textures, and angles by applying filters
(kernels) across the image. This produces a feature
map that represents the spatial location of these
features.

Convolution + Relu

Input Pooling

University of PGRI Adi Buana Surabaya
p-ISSN 2715-2871
e-ISSN 2714-5247

organized into several stages, each consisting of
several residual blocks. The initial stage generally
includes a convolutional layer followed by a max
pooling operation to reduce the spatial dimensions
[22]. Various ResNet variants, such as ResNet-18,
ResNet-34, ResNet-50, ResNet-101, and ResNet-152,
are distinguished based on their architectural depth and

Fully
Connected
J oL J

Convolution + Relu Pooling

-

FEATURE LEARNING

Fig 1. Illustrating the main

ReLU (Rectified Linear Unit) activation layer:
Introduces nonlinearity into the network, allowing it to
learn complex feature representations.

Pooling layer: Reduces the spatial dimensions of
feature maps through down-sampling, thereby
minimizing computational costs and reducing
overfitting. Common methods include max pooling,
which selects the maximum value from a region, and
average pooling, which calculates the average value.
Fully connected layer: Serves as the final classification
stage by flattening the feature map into a one-
dimensional vector and applying a dense connection to
predict class labels.

Additional layers are also often integrated, such as:

Batch normalization layer: Normalizes the output from
the previous layer, improving training efficiency and
increasing accuracy.

Dropout layer: Randomly disables a subset of neurons
during training to reduce overfitting and improve
generalization.

Residual Networks

The basic concept of ResNet lies in the use of
residual connections, also known as skip connections
[20]. These connections allow the network to learn
residual mappings with respect to the input, rather than
trying to estimate the complete transformation directly,
described visually in Figure 2. This is achieved by
adding the original input to the output at a certain layer,
thereby increasing training stability and accelerating
convergence [21]. The typical ResNet architecture is

Tu1 Conv. 64
3x3 Max Pooling
A3 Cany, 64
1%1 Cany, 256
%1 Corw, 128

121 Canw, G4

DESE HiEskal|

CLASSIFICATION

layers of CNN and their functions
the complexity of their residual block structures [23].

III.

The previous subsection discussed the dataset, which
consists of 4,000 images distributed evenly across four
classes, with 1,000 samples in each category as shown in
Table 1. The data was collected from Kaggle, which
consists of images taken using a 48 MP smartphone
camera with a native resolution of 4000 x 3000 pixels. For
model training, the dataset was resized to 224 x 224 pixels.
The data was then partitioned into three subsets: training,
validation, and testing. A total of 80% of the data was
allocated for training purposes, further divided into
training and validation at a ratio of 80:20. This resulted in
2,560 training samples (640 per class: gray leaf spot,
common rust, northern leaf blight, healthy leaf) and 640
validation samples (160 per class). The remaining 20%
was designated as the test set, consisting of 800 images
(200 per class). In this study, experiments were conducted
with a focus on layer selection, with the results
summarized in Table 2.

RESULT AND DISCUSSIONS

Table 2. Scenario of Training and Testing Dataset
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Fig 2. Residual Block
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The previous subsection discussed the dataset, which
consists of 4,000 images distributed evenly across four
classes, with 1,000 samples in each category as shown in
Table 1. The data was collected from Kaggle, which
consists of images taken using a 48 MP smartphone
camera with a native resolution of 4000 x 3000 pixels. For
model training, the dataset was resized to 224 x 224 pixels.
The data was then partitioned into three subsets: training,
validation, and testing. A total of 80% of the data was
allocated for training purposes, further divided into
training and validation at a ratio of 80:20. This resulted in
2,560 training samples (640 per class: gray leaf spot,
common rust, northern leaf blight, healthy leaf) and 640
validation samples (160 per class). The remaining 20%
was designated as the test set, consisting of 800 images
(200 per class). In this study, experiments were conducted
with a focus on layer selection, with the results
summarized in Table 2.

The performance of the concatenated model in
classifying corn leaf diseases was evaluated using four
standard metrics: accuracy, precision, recall, and F1 score.
Accuracy indicates the proportion of correctly predicted
events relative to the total number of samples, reflecting
the closeness of the model's predictions to the actual
labels, as illustrated in Figure 3 and defined in equation (1)
[24]. Precision measures the ratio of true positives to total
positives predicted (TP and FP), thus indicating the
reliability of the model in predicting positive cases (pers.
(2)) [25]. Recall assesses the model's ability to correctly
identify all actual positive cases, expressed as the
proportion of true positives among all actual positives
(pers. (3)) [26]. The F1 score, defined as the harmonic
mean of precision and recall, provides a balanced measure
of classification performance. A higher F1 score indicates
that the model exhibits strong precision and effective
recall, making it a robust indicator of classification quality
(equation (4)) [27].

Predictec
L
r Positive Negative R
~
9 True Positive False Negative
tiv ?
Positive (TP) (EN)
Actual < =
Negative False Positive True Negative
e (FP) (TN)
— N
Fig. 3. Confusion matrix
TP+TN
Accuracy = — 8]
TEALTN+FP+FN
Precision = (2)
TP+FP
TP
Recall = (3)
TP+FN
2TP
Flseore = 2TP+FP+FN (4)

Based on the results of testing the validation
probability model of a concatenated CNN with a ResNet
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backbone that combines MobileNetV3, DenseNetl161, and
GoogleNet using three types of optimizers namely Adam,
RMSProp, and SGD, it can be seen that the choice of
optimizer has a significant effect on the performance of
corn leaf disease classification. The model with the Adam
optimizer showed low accuracy (0.5391) with relatively
high loss (1.7302), making it less than optimal for
detecting disease classes. Meanwhile, the RMSProp
optimizer provided better performance with an accuracy of
0.7094 and precision of 0.7221, although the resulting loss
value was still quite high (3.4758).

Conversely, the use of the SGD optimizer provided the
best results with a low loss value 0.1877, high accuracy
score 0.9531, and consistent other evaluation metrics,
namely precision 0.9549, recall 0.9531, and F1-score
0.9536. This indicates that SGD is more stable in the
training process and capable of producing better
generalization compared to Adam and RMSProp in the
hybrid CNN architecture used. Thus, it can be concluded
that for corn leaf disease classification based on images,
the SGD optimizer is the best result, as shown in Table 3.

Table 3. Performance Metrics of CNN Concatenation
(Validation Probability)

Model Loss Ace Precision Recall F1

Optimizer
Concatenate
Adam 1,7302 0,5391 0,6955 0,5391 0,4992
Concatenate
RMSProp 3,4758 0,7094 0,7221 0,7094 0,6802
Concatenate
SGD 0,1877 0,9531 0,9549 09531 0,9536

Based on the probability test results on the hybrid CNN
model with ResNet backbone combined with
MobileNetV3, DenseNetl61, and GoogleNet, it appears
that model performance is greatly influenced by the choice
of optimizer as described in Table 4 . The Adam optimizer
provides fairly good results with an accuracy of 0.9088
and precision of 0.9248, accompanied by a relatively low
loss value (0.3841). This shows that Adam is capable of
achieving a high level of generalization, although there are
still weaknesses in the stability of the results when
compared to other optimizers. Conversely, RMSProp
produces less than optimal performance, with an accuracy
of only 0.7113 and a high loss value (3.7360), indicating
that this optimizer is less suitable for the architecture and
dataset used in this study.

The SGD optimizer once again demonstrated superior
performance with consistent results across all evaluation
metics, Ty value obmined ¥y 0w 02T
0.9536, recall 0 0.9513, and an F1-score of 0.9512. These
results confirm that the use of SGD provides stability in
the training process while improving the model's
generalization ability to test data. Thus, it can be
concluded that the SGD optimizer is the best choice in
implementing a hybrid CNN model for corn leaf disease
classification, as it significantly outperforms Adam and
RMSProp in terms of accuracy, precision, sensitivity, and
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balance between evaluation metrics. The data can be
validated through the results Table number 4.

Table 4. Performance Metrics of CNN Concatenation

(Test Probability)
Model Loss Acc Precision recall F1
Optimizer
Concatenate
Adam 0,3841 0,9088 0,9248  0,9087  0,9100
Concatenate
RMSProp 3,7360  0,7113 0,7182  0,7113  0,6764
Concatenate
SGD 0,2275 0,9513 09536 09513 09512

To clarify the differences in model performance at the
validation probability and test probability stages, the
comparison results are displayed visually in Figure 4 and
Figure 5. This visualization facilitates the analysis of
performance differences between optimizers, making it
clear which model provides the most optimal results based
on the evaluation metrics used.

Validation Probability

precision_val recall_val 1_val

Matrix Performance

o= Concatenate Adam === Concatenate AMSProp  ==@emConcatenate SGO

Fig 4. Validation Probability in Graph

The graph in the figure above shows a comparison of
the performance of three optimizers, Adam, RMSProp,
and Stochastic Gradient Descent (SGD), based on
validation evaluation metrics including loss, accuracy,
precision, recall, and f1-score. The test results show that
RMSProp produces the highest validation loss value
(3.478), indicating suboptimal model convergence with
this optimizer. In contrast, the SGD optimizer shows the
lowest validation loss value, indicating better model
generalization on the validation data. Meanwhile, Adam
was in the middle with a relatively stable loss value. In
terms of accuracy, precision, recall, and fl-score, the three
optimizers showed almost similar trends, although Adam
and SGD were more consistent than RMSProp. This
confirms that the choice of optimizer has a significant
effect on model performance, especially in reducing the
validation loss value. The same trend is observed in Figure
5, which shows that the Adam optimizer has the lowest
loss value among the other optimizers. The trends in
precision, recall, and F1 scores are not significantly
different between validation probability and test
probability for all optimizers used.

p-ISSN 2715-2871
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Test Probability
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el Concatenate Adam === Concatenate RMSProp

Fig 5. Test Probability in Graph

In the end of this experiment, the performance of SGD
outperform over Adam and RMSProp can be explained
from both theoretical and empirical perspectives. SGD
with properly tuned hyperparameters often provides better
generalization performance compared to adaptive
optimizers. While Adam and RMSProp adapt the learning
rate for each parameter, they sometimes converge too
quickly to sharp minima in the loss landscape. These sharp
minima can lead to lower validation performance and
higher overfitting, as observed in the high validation loss
of RMSProp in the results. In contrast, SGD explores the
loss surface more conservatively, enabling the model to
converge toward flatter minima, which are generally
associated with better generalization ability on unseen
data.

V. CONCLUSIONS

This study demonstrated the effectiveness of a hybrid
deep learning approach that integrates ResNet as the main
backbone with MobileNetV3, DenseNetl61, and
GoogleNet for automated corn leaf disease identification.
Among the tested optimizers, Stochastic Gradient Descent
(SGD) consistently provided the most reliable
performance, achieving an accuracy of 95.13% with
balanced precision, recall, and Fl-score. These results
highlight that, beyond architectural complexity, the choice
of optimizer plays a decisive role in ensuring model
generalization and stability.

From a practical perspective, the proposed hybrid
framework has the potential to be deployed as part of smart
farming solutions, enabling early and accurate disease
detection to support smallholder farmers in minimizing
crop losses and improving food security. Future research
should focus on extending this framework to handle multi-
crop disease identification, incorporating real-time
deployment on mobile or edge devices, and enhancing
robustness through larger, more diverse datasets.
Furthermore, investigating advanced optimization
strategies, such as adaptive learning rate schedules or
meta-learning approaches, could further improve training
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efficiency and model scalability for broader agricultural
applications.
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