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Corn is an important food crop in Indonesia, requiring
accurate classification methods to support agricultural
productivity. To evaluate and compare ResNet50 and
Inception V3 models with augmentation techniques for corn
image classification. Deep learning classification using CNN
architectures with rotation, shifting, and flipping
augmentation. 3,560 corn images (2,500 training, 700
validation, and 360 testing). ResNet50 achieved 93.05%
accuracy, while Inception V3 achieved the highest
performance with 94.02% accuracy, 93.04% precision,
93.00% recall, and 93.02% F1-score. Image augmentation
significantly improved classification performance, and
Inception V3 was identified as the most effective model for
corn image classification.

1. Introduction

Corn is a vital food crop and ranks among the most
widely cultivated cereal crops globally [1]. A
sustainable corn industry plays a critical role in
ensuring global food security and advancing
agricultural sustainability [2]. Data form Central
Statistics Agency (BPS), indicate that corn production
declined by approximately 12.50% from 16.62 million
tons in 2022 to 14.46 million tons in 2023 [3]. This
reduction underscores the necessity for improved crop
management and enchanced disease monitoring
strategies to sustain corn productivity. Figure 1 shows
the decline in corn production in Indonesia during
2022-2023, indicating the importance of implementing
effective disease detection and prevention strategies in
agricultural practices [4].

One of the causes of the decline in the quality and
quantity of corn harvests is because corn plants are very
susceptible to disease and pests [5]. In corn plants, there
are several main types of diseases that attack leaves,
namely leaf blight, leaf spots, leaf rust and leaf blight
[5], [6]- Among these types of diseases, leaf blight is a
disease that has the potential to reduce corn production
by up to 50% which is caused by Bipolasris Maydis [7].
To detect diseases in corn leaves can be done manually
through human vision by looking at changes in color in
corn leaves, but this takes a long time because it has to
be identified in large quantities [8]. In addition, manual

diagnosis is highly dependent on human expertise and
is prone to inconsistencies. Therefore, an automatic
disease detection system that is fast, accurate, and
efficient is needed to support precision agriculture and
improve crop management.
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Figure 1. Development of Corn Production, Water Content

Recent advances in artificial intelligence, particularly
in deep learning, have made big strides in detecting
plant diseases. Many research studies have used
techniques based on convolution neural networks
(CNN) to detect diseases in corn leaves. Several studies
have successfully applied CNN-based architectures for
corn leaf disease classification, as summarized in Table
1.
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Table 1. Related Research on Corn Leaf Disease Detection

Researcher Algorithm Dataset Obje  Accura
ct cy

Afifi et al, ResNetl8, PlantVilla Comn Up to
2021 [2] ResNet34, ge Leav = 78%

ResNet50, es

Triplet

networks,

Deep

Adversaria

| Metrics

Learning)
Mishra and  Self- PlantVilla Corn  88.66%
Banerjee, trained ge Leav
2020 [9] CNN es

model
Garg and Mask R- Data Corn  91%
Rani, 2021 CNN Primer Leav
[10] es
Sibiya  dan  Self- PlantVilla Corn  92.85%
Sumbwanyam trained ge Leav
be, 2019 [11] CNN es

model
Amin et al, CNN, Field Corn  98.37%
2022 [12] Deep images + Leav

Learning, PlantVilla es

Deep ge

Features, database

Feature

Fusin
Syarief and  AlexNet PlantVilla Corn  93.5%
Setiawan, VGG16, ge Leav
2020 [4] VGG19, es

GoogleNet

, Inception-

V3,

ResNet50,

ResNet101

Previous studies have reported promising classification
performance using various deep learning architectures
for corn leaf disease detection. Afifi et al. [2] evaluated
several transfer learning models, including ResNet18,
ResNet34, and ResNet50, and achieved an accuracy of
up to 78%. Mishra and Banerjee [9] proposed a self-
trained CNN model that achieved 88.66% accuracy on
the PlantVillage dataset. Garg and Rani [10] employed
Mask R-CNN and reported an accuracy of 91%.
Similarly, Sibiya and Sumbwanyambe [11] reported an
accuracy of 92.85% using a CNN-based model trained
on the PlantVillage dataset. Furthermore, Amin et al.
[12] combined deep learning with feature fusion
techniques and achieved the highest reported accuracy
of 98.37% using both field images and the PlantVillage
dataset. In addition, Syarief and Setiawan [4] compared
several transfer learning architectures, including
AlexNet, VGG16, VGG19, GooglLeNet, InceptionV3,
ResNet50, and ResNet101, and reported that transfer
learning models achieved an average accuracy of
93.5% for corn leaf disease classification.

Although previous studies have demonstrated
promising performance in corn leaf disease
classification, several limitations remain, including
limited dataset diversity, complex preprocessing
requirements, and reduced generalization under real
field conditions. The self-trained CNN model still has
overfitting issues because tha training data is not
enough and not very varied.

The preprocessing step is already complex as in the
Multichannel CNN model, which can hinder practical
applications, as it requires significant time and
resources. In addition, there are several models that do
not consider variations in real conditions in the field,
poor model performance on field images indicates the
need for representative data. Some model architectures,
such as ResNet and Mask R-CNN, have specific
limitations such as low accuracy on certain data and the
curse of dimensionality. These limitations indicate the
need for the development of more efficient and accurate
deep learning models. In this study, ResNet50 and
InceptionV3 were employed as transfer learning
models and fine-tuned using a local corn leaf disease
dataset. The proposed approach utilizes data
aygmentation techniques, including rotation, shifting,
and dlipping, to enrich the training data and improbe
model robustness. Fine tuning allows the pre-trained
models to extract discriminative features specific too
corn leaf disease, resulting in improved classification
accuracy and better generazation across diverse image
conditons [4], [11], [13], [14].

Therefore, this study employs ResNet50 and
InceptionV3 as transfer learning models and fine-tunes
them using a local corn leaf disease dataset enhanced
through data augmentation techniques. The proposed
approach is intended to improve model robustness and
generalization under diverse image conditions while
reducing the need for complex preprocessing. The
findings of this study are expected to contribute to the
development of a practical and reliable deep learning
approach for automated corn leaf disease classification
in real agricultural environments.

2. Research Method

This study proposes a deep learning-based framework
for corn leaf disease classification using transfer
learning with ResNet50 and InceptionVV3 models. To
improve model generalization and address class
imbalance, data augmentation techniques including
rotation, shifting, and flipping were applied before
model training. The overall research workflow is
presented in Figure 2.

2.1. Collecting Data

The dataset used in this study uses plant village and also
datasets obtained from previous research on corn leaves
(Balijetsro) obtained from previous studies [15]. This
data is mainly in the form of images of corn leaves
infected with disease and healthy ones with each level
of severity (mild, moderate and severe). Researchers
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ensure that the data collected covers various conditions
and levels of disease severity to ensure the diversity and
completeness of the dataset that will be used in the
study from the disease data that has been collected only
complete datasets other than that are not complete.
Representative samples of the dataset are shown in

Figure 3.
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Figure 2. Stages of Research on Corn Leaf Disease Detection
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Figure 3. Corn Leaf Disease

Figure 3 provides a visual image for detecting and
classifying the severity of corn leaf disease which can
be used for research or development of deep learning-
based detection models. Blight shows symptoms of
blight with the presence of elongated spots parallel to
the leaf veins. Common rust disease is seen on the
leaves as having small brownish red spots and usually
spreads on the leaf surface which can reduce the leaf's
ability to carry out photosynthesis effectively. Gray
Spot is characterized by small, rectangular to oval

shaped spots and is healthy showing fresh green corn
leaves without any signs of infection or damage.

2.2. Preprocessing Data

The dataset used in this study for the experimental is
called the corn leaf disease dataset, and it includes a
total of 2184 images. All the images in the dataset are
in RGB format. The dataset includes these diseases:
gray leaf spot, common rust, corn leaf blight, and
healthy corn leaves. Each image is 224 pixels wide, 224
pixels tall, and has 3 color channels. At this stage it is
important to ensure clean and representative data before
training the model. The data distribution scheme plan
uses 70:20:10 (Training, Testing, Validation), if the
results of this experiment are not good, a further scheme
will be tried to get better results.

2.3. Model Architecture

The Resnet 50 model was trained and adjusted using the
data that had already been prepared. The process of
fine-tuning means changing the setting of a model that
has already learned a lot from a big set of data, so it can
work better at identifying and grouping different types
of diseases on corn leaves. This model was selected
because its design allows it to understand and recognize
detailed features in leaf images [16].

Inception V3 Model the Inception V3 model was also
trained and fine-tuned using the same data. This process
was carried out in parallel with the Resnet 50 training.
Inception V3 is known for its ability to handle
variations in scale and orientation in images, thus
providing a different perspective in detecting diseases
[17]. The two transfer learning models were trained and
evaluated independently to compare their classification
performance and identify the most suitable architecture
for corn leaf disease classification.

2.4. Classification

The combined feature set is used to train the
classification model. The deep learning model used for
classification aims to detect and measure the severity of
corn leaf disease. This model is expected to be able to
provide accurate predictions based on the features
provided.

2.5. Evaluation

The trained classification model is evaluated at this
stage to assess its performance. Evaluation is carried
out using performance metrics such as accuracy,
precision, recall, and Fl-score to ensure the model
works well. If the model is not good, another
experimental scheme will be carried out if the results
are good, they will be used as recommendations for the
disease severity prediction model, especially in corn
leaves. Here are some formulas for implementing
research:
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2.5.1. Model Accuracy

Accuracy measures the correct proportion of overall
predictions made by the model [18].

(TP +TN)
(TP+FP+FN+TN)

@)

This accuracy can be calculated by comparing the
predicted severity level with the actual severity level of
the corn leaf image

Accuracy =

2.5.2. Precision

Precision is used to measure the accuracy of the
positive predictions made by the model [10]. Precision
is calculated for each disease class. Especially if there
are several levels of severity.

True Positives (TP)
0]

Precision = — —
True Positives (TP)+ False Positives (FP)

True positives (TP) is the number of cases where the
model detects the correct disease severity.

False Positives (FP) is the number of cases where the
model incorrectly detects a disease in a leaf that is not
actually present.

2.5.3. Recall (Sensitivity or Recall)

Recall measures how well the model can find positive
cases (or how well the model recognizes each disease
severity class) [19].

True Positives (TP)
True Positives (TP)+ False Negatives (FN)

Recall = (3)
False Negatives (FN) is the number of cases where the
model fails to detect the correct disease or severity.

2.5.4. F1-Score

F1- score is the harmonic mean of precision and recall
[15]. F1-score is useful when there is an imbalance
between the number of positive and negative cases.

F1 — Score = 2 x Prec‘is'ioanecall (4)
recision+ Recall
A sample implementation of the proposed transfer
learning model is presented below. The code illustrates
the implementation of the deep learning architecture
using TensorFlow and Keras, including feature
extraction, classification layers, and model construction
for corn leaf disease classification.

# ResNet50

resnet_base = ResNet50(weights="imagenet’,
include_top=False, input_tensor=input_tensor)

resnet_output =
GlobalAveragePooling2D() (resnet_base.output)

# Inceptionv3
inception_base =

Inceptionv3(weights="'1imagenet"',
include_top=False, input_tensor=input_tensor)

inception_output
G;oba1AveragePoo1in92D()(inception_base.outpu
t

# Gabungkan fitur

combined_features =
Concatenate() ([resnet_output,
inception_output])

# Fully connected layers

X = Dense(512,
activation='relu') (combined_features)

x = Dropout(0.5)(x)

output = Dense(len(label_map),
activation="softmax"') (x)

# Final model

model = Model(inputs=input_tensor,
outputs=output)

# Summary
modeT.summary ()

Sample of algorithm

import tensorflow as tf

from tensorflow.keras.applications import
ResNet50, Inceptionv3

from tensorflow.keras.layers import Dense,
Dropout, GlobalAveragePooling2D, Concatenate

from tensorflow.keras.models import Model
# Input layer
input_shape = (224, 224, 3)

input_tensor =
tf.keras.Input(shape=input_shape)

3. Result and Discussion

This section presents the experimental results of the
proposed deep learning models for corn leaf disease
classification. The discussion begins with the
description of the dataset preparation and augmentation
process, followed by the comparative performance
evaluation of the ResNet50 and InceptionVV3 models.
Furthermore, the best-performing model is further
analyzed using the confusion matrix, while the learning
behavior of both transfer learning models is evaluated
through their training and validation accuracy and loss
curves. These analyses provide a comprehensive
assessment of the effectiveness of the proposed
approach for corn leaf disease detection.

Table 2. Dataset Splitting Results

. . Common Gray
Split Healthy  Blight Rust Spot Total
Training 700 600 500 300 2500
Validation 200 150 140 100 700
Testing 100 80 70 50 360
Process

Table 2 presents the distribution of the dataset after the
augmentation process. Initially, the dataset contained
2,184 corn leaf images belonging to four classes,
healthy, blight, common rust, and gray spot. Since the
original dataset exhibited class imbalance, data
augmentation techniques including rotation, shifting,
and flipping were applied to increase the number of
samples and improve model generalization. As a result,
the dataset size increased from 2,184 to 3,560 images.
The augmented dataset was subsequently divided into
2,500 images for training, 700 images for validation,
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and 360 images for testing. The augmentation process
not only increased the dataset size but also enchanced
class representation, thereby reducing the risk of
overfitting and improving classification performance.
Overall the data set is balanced across classes, allowing
for a robust training, validation and testing process, this
can ensure the model has enough data to generalize well
when tested under various conditions.

Table 3. Performance Comparison of ResNet50 and InceptionV3

Model Accuracy Precision Recall F1-Score
(%) (%) (%) (%)

(I?esNetS 93.05 92.08 91.05 92.01

{r;geptlon 94.02 93.04 93.00 93.02

Table 3 presents a comparative analysis of the
ResNet50 and InceptionVV3 models for corn leaf disease
classification. The experimental result show than
InceptionV3 achived the highest performance with an
accuracy of 94.02%, precision of 93.04%, recall of
93.00%, and F1-score of 93.02%, outperforming
ResNet50, which obtained an accuracy of 93.05%,
precision of 92.08%, recall of 91.05%, and F1-score of
92.01%. These findings are consistent with previous
studies that demonstrated the effectiveness of deep
learning architectures in plant disease classification.

For example, Mohanty et al. reported that deep
convolutional neural networks achieved accuracy
exceeding 99% on the PlantVillage dataset under
controlled condition [14]. Similarly, ferentions achived
classification accuracie ranging from 95% to 99% using
CNN-based models across multiple crop species.
Furthermore, Too et al. compared several transfer
learning models and found than Inception-based
architectures  consistently demonstrated superior
feature extraction capabilities for plat disease
recognition tasks [20].

Compared with these studies, the performance obtained
in this research is slightly lower, which may be
attributed to the greater variablility of real-world corn
leaf images, including differences in lighting
conditions, leaf orientations, disease severity levels,
and background complexity. Nevertheless, the
achieved accuracy of 94.02% demonstrates that the
proposed augmentation strategy combined with
InceptionV3 provides robust classification
performance for corn leaf disease detection.

Overall, the results indicate that both ResNet50 and
InceptionV3 are effective for corn disease
classification; however, InceptionV3 exbitits bettes
generalization capability and superior performance
acress all evaluation metrics, making it a more suitables
model for practical agricultural disease monitoring
applications.
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Figure 4. Confusion Matrix of the InceptionVV3 Model

Figure 4 provides a detailed class-level evaluation of
the best-performing Inception\V3 model by illustrating
the distribution of correct and incorrect predictions for
each disease category. While Table 3 summarizes the
overall performance metrics, the confusion matrix
reveals the classification behavior for individual
classes. The Healthy class achieved the highest
classification performance, with 365 correctly
classified samples and only 5 misclassifications. The
Common Rust class also demonstrated excellent
performance, with 302 correct predictions and only 4
misclassified samples. In contrast, the Blight class
recorded 313 correct predictions but exhibited the
largest number of misclassifications, primarily
confused with Gray Leaf Spot. Similarly, Gray Leaf
Spot achieved 129 correct predictions, with most errors
occurring when samples were predicted as Blight. This
confusion is likely caused by the visual similarity
between the symptoms of these two diseases,
particularly in lesion color, texture, and shape. Overall,
the confusion matrix confirms the robustness of the
InceptionVV3 model while highlighting the remaining
challenges in distinguishing visually similar disease
classes.
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Figure 5. Training and Validation Accuracy of the ResNet50 Model
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Figure 5 illustrates the training and validation accuracy
curves of the ResNet50 model during the training
process. The training accuracy increased rapidly and
approached 100%, indicating that the model effectively
learned the training samples. In contrast, the validation
accuracy stabilized at approximately 93-94% after the
early epochs, demonstrating consistent performance on
unseen validation data. The gap between the training
and validation curves suggests a slight tendency toward
overfitting; however, the stable validation accuracy
indicates that the model maintained good
generalization capability. These observations are
consistent with the final testing accuracy of 93.05%
reported in Table 3.

Training and Validation Loss Training and Validation Accuracy
100 {

—e— Training Loss
Validation Loss.

Accuracy (%)

Epoch Epoch

Figure 6. Training and Validation Accuracy and Loss Curves of the
InceptionVV3 Model

Figure 6 illustrates the training and validation accuracy
and loss curves of the InceptionVV3 model throughout
the training process. The training and validation
accuracy increased steadily with each epoch, reaching
approximately 94%, respectively, at the final epoch. At
the same time, both training and validation loss
decreased consistently, indicating that the model
progressively learned discriminative features while
reducing classification errors. The relatively small gap
between the training and validation curves suggests that
the model generalized well to unseen data without
exhibiting significant overfitting. Overall, these results
demonstrate that the proposed training strategy enabled
the InceptionVV3 model to achieve stable convergence
and robust classification performance for corn leaf
disease detection.

4. Conclusion

This study proposed and evaluated two transfer
learning models, ResNet50 and InceptionV3, for corn
leaf disease classification using data augmentation
techniques. Experimental results demonstrated that
InceptionV3 outperformed ResNet50, achieving an
accuracy of 94.02%, precision of 93.04%, recall of
93.00%, and F1-score of 93.02%. The confusion matrix
further confirmed that the proposed model accurately
classified most disease categories, with only minor
confusion between Blight and Gray Leaf Spot due to
their similar visual characteristics. In addition, the
training and validation curves indicated stable
convergence and good generalization capability,

demonstrating the effectiveness of the proposed
approach for automated corn leaf disease detection.
Future work should evaluate larger field datasets and
investigate additional disease categories under real
agricultural conditions.

References

[1] R. A. Vieira, R. Uhdre, C. A. Scapim, and G. van Becelaere,
“Global corn area from 1960 to 2030: patterns, trends and
implications,” J. Agric. Sci., vol. 163, no. 3, pp. 295-306,

2025, doi: 10.1017/S002185962500019X.

A. Afifi, A. Alhumam, and A. Abdelwahab, “Convolutional
Neural Network for Automatic Identification of Plant
Diseases with Limited Data,” Plants, vol. 10, no. 1, 2021,
doi: 10.3390/plants10010028.

[2]

[3] Badan Pusat Statistik, “Luas Panen dan Produksi Jagung di
Indonesia  2023,” 2024. [Online]. Available:
https://www.bps.go.id/id/publication/2024/08/16/fa2d1e4d
5414f76a9bc3c713/luas-panen-dan-produksi-jagung-di-

indonesia-2023.html
[4]

M. Syarief and W. Setiawan, “Convolutional neural network
for maize leaf disease image classification,” Telkomnika
(Telecommunication Comput. Electron. Control., vol. 18,
no. 3 pp. 1376-1381, 2020, doi:

10.12928/+ELKOMN 1KA.v18i3.14840.

R. Suhendra, 1. Juliwardi, and S. Sanusi, “Identifikasi dan
Klasifikasi Penyakit Daun Jagung Menggunakan Support
Vector Machine,” J. Teknol. Inf., vol. 1, no. 1, pp. 29-35,
2022, doi: 10.35308/.v1i1.5520.

[5]

[6] M. Delea et al., “Genetic Analysis Algorithm for the Study
of Patients with Multiple Congenital Anomalies and Isolated
Congenital Heart Disease,” Genes (Basel)., vol. 13, no. 7,

2022, doi: 10.3390/genes13071172.

[7] L. Torrey and J. Shavlik, Transfer Learning. USA: IGI

Global, 2010. doi: 10.1017/9781139061773.

M. I. Rosadi and M. Lutfi, “Identifikasi Jenis Penyakit Daun
Jagung Menggunakan Deep Learning Pre-Trained Model,”
J. Explor. IT!, vol. 13, no. 2, pp. 3642, 2021.

(8]

[9] S. Mishra and M. Banerjee, “Automatic Caption Generation
of Retinal Diseases with Self-trained RNN Merge Model,”
in Advanced Computing and Systems for Security: Volume
Twelve, R. Chaki, A. Cortesi, K. Saeed, and N. Chaki, Eds.,
Singapore: Springer Singapore, 2020, pp. 1-10. doi:
10.1007/978-981-15-2930-6_1.

[10] P. Garg and S. Rani, “Deep Learning techniques for Object
Detection in Images: Exploratory Study,” in 2022 Fifth
International Conference on Computational Intelligence
and Communication Technologies (CCICT), 2022, pp. 61—

64. doi: 10.1109/CCiCT56684.2022.00023.

[11] M. Sibiya and M. Sumbwanyambe, “A Computational
Procedure for the Recognition and Classification of Maize
Leaf Diseases Out of Healthy Leaves Using Convolutional
Neural Networks,” AgriEngineering, vol. 1, no. 1, pp. 119—

131, 2019, doi: 10.3390/agriengineering1010009.

[12] H. Amin, A. Darwish, A. E. Hassanien, and M. Soliman,
“End-to-End Deep Learning Model for Corn Leaf Disease
Classification,” IEEE Access, vol. 10, pp. 31103-31115,

2022, doi: 10.1109/ACCESS.2022.3159678.

[13] F. Saeed, M. A. Khan, M. Sharif, M. Mittal, L. M. Goyal,
and S. Roy, “Deep neural network features fusion and
selection based on PLS regression with an application for
crops diseases classification,” Appl. Soft Comput., vol. 103,

107164, 2021, doi:

p.
https://doi.org/10.1016/j.as0c.2021.107164.

Journal Medical Informatics Technology — Vol. 4, Iss. 2 (2026) 91-97

96



Indarti, et al.

[14] S. P. Mohanty, D. P. Hughes, and M. Salathé, “Using Deep
Learning for Image-Based Plant Disease Detection,” Front.
Plant Sci., vol. 7, 2016, doi: 10.3389/fpls.2016.01419.

[15] W. Setiawan, E. M. S. Rochman, B. D. Satoto, and A.
Rachmad, “Machine Learning and Deep Learning for Maize
Leaf Disease Classification: A Review,” J. Phys. Conf. Ser.,
vol. 2406, no. 1, 2022, doi: 10.1088/1742-
6596/2406/1/012019.

[16] K. Wei et al., “Explainable Deep Learning Study for Leaf
Disease Classification,” Agronomy, vol. 12, no. 5, 2022, doi:
10.3390/agronomy12051035.

[17] Y. Pan et al., “Fundus image classification using Inception
V3 and ResNet-50 for the early diagnostics of fundus
diseases,” Front. Physiol., vol. Volume 14-2023, 2023, doi:
10.3389/fphys.2023.1126780.

[18] M. Ordikhani, M. S. Abadeh, C. Prugger, R. Hassannejad,
N. Mohammadifard, and N. Sarrafzadegan, “An
evolutionary machine learning algorithm for cardiovascular
disease risk prediction,” PLoS One, vol. 17, no. 7 July, pp.
1-16, 2022, doi: 10.1371/journal.pone.0271723.

[19] K. A. Putri and W. F. Al Maki, “Enhancing Pneumonia
Disease Classification using Genetic Algorithm-Tuned
DCGANs and VGG-16 Integration,” J. Electron.
Electromed. Eng. Med. Informatics, vol. 6, no. 1, pp. 11-22,
2024, doi: 10.35882/jeeemi.v6i1.349.

[20] E. C. Too, L. Yujian, S. Njuki, and L. Yingchun, “A
comparative study of fine-tuning deep learning models for
plant disease identification,” Comput. Electron. Agric., vol.
161, pp. 272-279, 2019, doi:
https://doi.org/10.1016/j.compag.2018.03.032.

Journal Medical Informatics Technology — Vol. 4, Iss. 2 (2026) 91-97

97



