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A B S T R A C T

Maize stands out as a versatile commodity, finding applications in food and animal feed in-
dustries. Notably, half of the total demand for maize is met through its utilization as animal feed.
Despite its importance, maize cultivation often grapples with crop failures resulting from delayed
disease management or insufficient knowledge about these diseases, impeding timely interven-
tion. The advent of technological advancements, particularly in Machine Learning, presents so-
lutions to address these challenges. This research focuses on employing a Convolutional Neural
Network (CNN) to classify maize plant diseases. Two datasets form the foundation of this study.
The first dataset encompasses 4144 images distributed across 4 classes, while the second dataset
comprises 5155 images distributed among 7 to 8 classes. The second dataset encounters issues
related to imbalanced class distribution, where certain classes possess substantially more data
than others. To mitigate this imbalance, the weighted cross-entropy loss method is employed.
During experimentation, three distinct architectural models—ResNet-18, VGG16, and Effi-
cientNet—are rigorously tested. Additionally, various optimizers are explored, with noteworthy
results indicating that both datasets achieve peak accuracy through the use of the SGD (Stochastic
Gradient Descent) optimization. For the first dataset, optimal results are obtained with the VGG16
architecture, leveraging a frozen layer in the classification stage and achieving an impressive
accuracy of 97.146 %. Shifting the focus to the second dataset, the most favorable outcome is
realized by employing the EfficientNet architecture without a frozen layer, coupled with the
implementation of weighted loss to address the class imbalance, resulting in an accuracy of
94.798 %.

1. Introduction

Maize became the most vital cereal crop globally, boasting the highest worldwide production and adaptability to diverse climates.
It can be a staple food for human diets and high-quality animal feed. Moreover, maize serves as the principal source material for
numerous industrial products. Despite its capacity for generating high grain yields, the vulnerability of maize crops to various diseases
presents a significant obstacle in increasing yields, resulting in an annual production decrease of 6–10 % [1]. In several regions of
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Fig. 1. Common rust.

Fig. 2. Blight.

Fig. 3. Gray leaf spot.
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Indonesia, maize is also a staple food. Besides being a source of carbohydrates, maize is used for multiple purposes including livestock
feed, oil extraction, flour production, and as a raw material for industries [2]. However, multiple leaf diseases arise in maize crops,
affection to the quality of the crops [3] and its yield. Moreover, these plant leaf diseases significantly compromise the production rate
of maize crops [4].

Plant diseases pose a significant challenge in agricultural production [5]. Artificial Intelligence technology is widely contributed in
this field. Deep learning can be employed for multiple tasks including event prediction, object recognition, and disease diagnosis.
Image processing aims to facilitate the recognition and classification of objects while handling large amounts of data simultaneously
[6]. Deep Learning can automatically reveal the essential features required for classification tasks. Among these methods, CNN
(Convolutional Neural Network), a specific type of Deep Learning architecture, has demonstrated great performance across multiple
domains, particularly within agriculture [7].

The process of identifying leaf diseases through visual observation requires experts and continuous monitoring of the crops [8].
This method becomes expensive, time-consuming, and less reliable. Implementing deep learning methods allows for automated, rapid,

Fig. 4. Healthy.

Fig. 5. Fallarmyworm.

K. Ahadian et al. Heliyon 10 (2024) e39569 

3 



and highly accurate detection of leaf diseases [9]. Currently, the application of computer vision (CV) and machine learning (ML) is
increasing in the field of plant disease detection due to their adept performance, even in challenging conditions [10].

Indonesia faces a deficiency in human resources within the field of managing maize plant diseases. When dealing with these
concerns, numerous mistakes could be made, resulting in increased failure rates in Indonesia’s agricultural production [11]. According
to Huda et al. (2021) [12], The traditional approach done through manual observation by farmers can be improved with the rapid
advancements in Information Technology. The identification of disease in maize leaves presents a challenge due to the presence of
multiple diseases with overlapping symptoms that complicate their differentiation. Conventional methods heavily rely on manual
recognition, which is susceptible to inaccurate results [13]. Consequently, this can lead to crop loss, hindering the established maize
production goals.

This research is supported by previous studies. Rasywir et al. (2020) [14] discovered that CNN achieved excellent accuracy in
image recognition. The test result from testing was stored in a configuration matrix, including 2.490 labeled images of oil palms in 11
disease categories. The highest accuracy reached was 0.89, and the lowest was 0.83, with an average accuracy of 0.87. This showed the
effectiveness of CNN in classifying oil palm images.

On the other hand, research by Akhyari et al. (2021) [15] found that employing the CNNmethod for diagnosing maize leaf diseases
resulted in an overall accuracy of over 90 %. The results accuracy is based on the leaf characteristics.

According to Huda et al. (2021) [12], deep learning delivers better results compared to other methods like Multi-Layer Perceptron
(MLP). This is because CNN has a large depth of neurons and is commonly used for image classification. The MLP method lacks the
retention of spatial data from image classifications, assuming that each pixel are an independent feature that results in the worst
results. CNN can classify images more effectively than other methods due to its higher accuracy.

After the background explanations provided, it has been discovered that previous researchers have made significant findings in

Fig. 6. Hericideburn

Fig. 7. Zincdeficiency.
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disease detection in plants, making it a compelling subject for further research. The goal of this research is to reevaluate and test the
previous findings. Thus, this research will use the CNN to classify maize disease. The CNN utilizes the convolution process by
employing a convolutional kernel or filter of a specific size, which is systematically moved across an input image. In this study, three
CNN architectures will be evaluated, there will be ResNet18, VGG16, and EfficientNet-b0. Besides using these architectures, this study
will implement the Weighted Cross Entropy Loss technique due to the presence of imbalanced classes within the dataset.

2. Related works

Ubaidillah et al. (2022) [16], in their research utilized the Random Forest and Näıve Bayes methods. The study employed a dataset
consisting of 3500 images of maize plant leaves categorized into 4 classes. Their testing results indicated that the Neural Network
method yielded the best outcomes, achieving an AUC of 90.09 %, classification accuracy of 74.44 %, an f1-score of 72.01 %, precision
of 74.14 %, and a recall of 74.43 %.

In a study by Sandotra et al. (2023) [17], a CNN architecture was employed, testing several models. The resulting model suc-
cessfully classified 4 classes: Healthy, Blight, Gray Leaf Spot, and Common Rust, using a dataset of 4188 images. Evaluation metrics,
including precision, recall, and F1-Score, revealed mean average precision values of 92.91 % for EfficientNet-b0, 89.95 % for
InceptionNetV3, 88.53 % for VGG19, 91.08 % for VGG16, and 78.19 % for ResNet50 in model testing on the test dataset.

Yuliany and Nur Rachman (2022) [6] identified overfitting issues with the CNNmethod in their research. To address this, the study
proposed three types of data division between training and testing data, alongside various parameters. The evaluation indicated that
the 90 %:10 % data split was most suitable for the dataset, with the architectures achieving training accuracies of 83.02 %, 78.30 %,
and 81.13 %. Testing accuracy values for these three models were 69.33 %, 77.33 %, and 76 %.

Huda et al. (2021) [12] showcased in their research the success of a web system utilizing Python and CNN, achieving good
classification results. The best accuracy value reached 94.44 %.

In another study by Irawan et al. (2021) [18], validation results were presented for an application built using CNN and SqueezeNet
architecture. The application demonstrated the ability to recognize Anthracnose, Ringspot Virus, and healthy papaya through leaves
with 97 % accuracy, while accuracy through fruits reached 70 %.

The research conducted shares a common aspect, emphasizing the use of models related to testing methods utilizing CNN.
This approach capitalizes on CNN’s effectiveness in image learning functions, designed with specialized layers called convolutional

layers to extract patterns from various parts of the image, facilitating efficient classification.
Despite significant advancements, there remains a need to enhance the diagnosis and classification of diseases affecting maize

leaves in real-world field conditions. Specific models that perform exceptionally well in controlled laboratory environments often yield

Fig. 8. Visualization of the filters and feature maps across different layers of the ResNet18 architecture. Filters from layers 1, 2, and 4 are shown
alongside their corresponding feature maps. These visualizations highlight the progressive transformation of input data, where initial layers (layer
1) capture basic features, while deeper layers (layer 4) extract more complex and abstract patterns.
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unsatisfactory outcomes in real-world scenarios [19]. Challenges in precisely categorizing maize diseases include strong visual re-
semblances between disease types, substantial background noise in field environments, and inconsistent occurrences of various crop
diseases [20].

The distinctive feature of this research, compared to previous studies, lies in its focus on maize plants as the second staple crop after
rice. The increasing demand for maize aligns with the growing population and industrial needs. Additionally, the exploration of
alternative energy sources from plant-based fuels, including maize for bioethanol production, addresses to the scarcity of fossil fuels
and the need for sustainable alternatives.

3. Methodology

3.1. Dataset

To classify diseases in maize plants, an appropriate dataset is required, which is a dataset that contains images of both diseased and

Fig. 9. ResNet-18 architecture [36].
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healthy maize plants. In this research, two datasets will be used.

3.1.1. First dataset
The first dataset is obtained from Kaggle, and the link to it is as follows: https://www.kaggle.com/datasets/smaranjitghose/corn-

or-maize-leaf-disease-dataset. This dataset is a combination of PlantVillage and PlantDoc. The first dataset consists of 4188 images of
Maize plants, which are divided into four classes. There are Healthy, Blight, Common Rust, and Gray Leaf Spot.

1 Common Rust

Common rust typically occurs at moist and cold environments, yet most of the time does not cause yield loss. Young leaves are more
prone to this disease. Symptoms include the appearance of rust or dark brown-colored pustules on the bottom of leaf surfaces. These
pustules carry brown spores inside of them. The pustules can darken over time, and under severe conditions, may cause leaf chlorosis
and death [21]. Sheaths and leaves can also be infected. An example image of the Common Rust is shown in Fig. 1.

2 Blight

There are two types of blight included in this class, which are northern blight and southern blight. Northern blight is caused by wet

Fig. 10. VGG16 architecture [43].

Fig. 11. EfficientNet-B0 architecture [46].
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humid cool weather, while southern blight is caused by warm and humid weather [22]. Common symptoms include:

• Northern Maize Leaf Blight

Tan lesions appear to be slender and oblong tapering at the ends with sizes around 1–6 inches. Lesions start from lower leaves, and
run parallel to the leaf margins to the upper parts of the plant. In some cases may cover up the entire leaf. Spores may be produced
under the lesions which give the appearance of dusty green fuzz [23].

• Southern Maize Leaf Blight

Early symptoms appear to be small diamond-shaped lesions, which will elongate over time when mature [24]. Lesions are usually
seen on lower leaves and will move to the upper part of the plants, with lengths ranging from 1/4 to 3/4 inches. Necrotic lesions will
appear as brown, and sometimes purplish tinge or brownish red edge [25].

An example of the Blight disease is shown in Fig. 2.

3 Gray Leaf Spot

Gray leaf spot is a fungal disease that usually occurs during warm temperatures and high-humidity environments. Initially, it will
first appear in the lower leaves as a small lesion with a yellow halo. Over time, the lesions will expand to a rectangular shape with blunt
ends and pale brown or gray colors. Mature lesions may appear opaque when brought to light and have distinct edges [26]. These
lesions may eventually kill the leaves. An example of the Gray Leaf Spot disease is shown in Fig. 3.

4 Healthy

This class contains images of maize plant leaves that are not affected by any diseases. Therefore, the characteristics of the leaves in

Fig. 12. ResNet-18 with first dataset.
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this class resemble those of a generally healthy maize plant. An example of the Healthy is shown in Fig. 4.

3.1.2. Second dataset
The second dataset is a combination of the first dataset and another dataset obtained from previous research titled Maize leaf

disease identification based on WG-MARNet. The total number of maize plant images in the second dataset is 5155. The dataset
initially consists of 8 classes, which are blight, common rust, gray leaf spot, healthy, cerospora, fallarmyworm, herbicideburn, and
zincdeficiency. However after further research of the classes, cerosopora and gray leaf spot are found to be the same disease, hence
another dataset is created in which the data in the two classes are combined. This results in the new dataset having 7 classes; blight,
common rust, gray leaf spot, healthy, fallarmyworm, herbicideburn, and zincdeficiency. Below is the explanation of the classes except
those already mentioned above.

1 Fallarmyworm

Fallarmyworm larvae feed on grasses and are one of the pests to maize [27]. The leaves of the maize may appear to have small holes
and ”window pane” due to its feeding. Large larvaemay also consume a large amount of leaf tissue causing the appearance to be ragged
and cause extensive defoliation [28]. An example of the Fallarmyworm is shown in Fig. 5.

2 Herbicideburn

Improper applications of herbicide or environmental conditions after applying herbicide may cause injury to maize [29]. Different
types of herbicides may cause different types of symptoms in plants. The clas-sification by theWeed Science Society of America (WSSA)
outlines various symptoms across different groups of plant diseases. WSSA Groups 1 to 22 present specific symptoms such as chlorosis
in new leaves, stunted growth, tissue death, yellowing, necrotic spotting, mal-formed leaves, and water-soaked appearance, among
others. These diverse groups highlight distinct symptoms observed in various plant diseases as categorized by theWSSA. An image will
of Herbicideburn is shown in Fig. 6.

Fig. 13. ResNet-18 with second dataset.
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3 Zincdeficiency

Zinc plays an important role in plant growth, including maize [30]. A deficiency (Fig. 7) can cause broad bands of tissue with white
or yellowish-white color to appear on each side of the leaf midrib, but not until the leaf tip. These bands may turn brown or bronze, yet
the midrib and outer edges maintain their green color [31]. Zinc-deficient maize may also stunt growth.

3.2. Preprocessing data

Before performing training and testing on the available dataset, data preprocessing will be conducted. To craft an intelligent
system, it is crucial to effectively preprocess the images. This involves removing the back-ground, and pectoral muscle, and adding
noise, as well as applying image enhancements [32]. However, there has been limited research conducted on techniques for enhancing
images during the pre-processing phase [33]. In this research, the data will be read and then divided into three parts: training, testing,
and validation. The percentage allocation for each division is 60% for training data, 20% for validation data, and 20% for testing data.
The next step is data transformation, which includes operations such as rotating, resizing, applying Gaussian blur, converting to
tensors, and normalization. All images are resized to 256x256 pixels.

3.3. Structure model

In this study, the transfer learning method will be used. Utilizing transfer learning offers advantages such as reduced training time,
decreased generalization error, and lower computational costs when constructing a Deep Learning (DL) model [34]. Transfer learning
involves utilizing a pre-trained model that has been employed on a larger dataset and applying it to a smaller dataset. This approach of
transfer learning has recently demonstrated notable success across various sectors, such as medical image classification,
manufacturing, and luggage screening [35]. The transfer learning models used in this study are the pre-trained ResNet18, VGG16, and
EfficientNet-B0 models.

The first step is defining a CNN model with two convolutional layers, followed by three fully connected layers. The model takes an
image as input and passes it through the layers to extract features and make predictions. During training, the model’s parameters are

Fig. 14. VGG16 with first dataset.
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adjusted to minimize the classification error, allowing it to accurately classify images into one of four classes.
ResNet-18 is a CNN that addresses the challenges associated with image classification, particularly the issue of vanishing gradients

prevalent in deep networks. This architecture innovatively employs residual blocks, which facilitate the bypassing of layers during
training, thereby ensuring a robust flow of information throughout the network. These residual connections represent the fundamental
advancement of ResNet-18, enabling the training of deeper networks while enhancing their performance on complex tasks.

The ResNet-18 architecture (Fig. 9) comprises multiple convolutional layers designed to extract hierarchical features from input
images, supplemented by residual blocks that preserve these features across the network’s layers. The architecture culminates in fully
connected layers, which classify the images into predefined categories.

In Fig. 8, the filters and feature maps are displayed for three specific layers of ResNet18, a deep convolutional neural network
architecture. Filters in convolutional networks are responsible for detecting various features in the input images, such as edges,
textures, and patterns. As the data passes through successive layers, these filters becomemore complex, capturing higher-level abstract
features.

In the earlier layers (e.g., layer 1), the network tends to capture simple features like edges or corners. These are the building blocks
for more sophisticated representations. As the network deepens, such as in layer 4, the filters focus on more abstract concepts like
shapes or textures, which are critical for recognizing complex objects. The feature maps represent how the image is transformed at each
stage, with each map showing the output of a particular filter.

These visualizations provide an important insight into how neural networks like ResNet18 progressively extract and interpret
features from input data, contributing to their ability to perform tasks such as image classification with high accuracy.

A notable advantage of ResNet-18 lies in its capacity to sustain high accuracy even as the network depth increases, owing to the
incorporation of residual connections. This capability is particularly advantageous in image classification tasks, where the ability to
capture intricate details and patterns across numerous layers is paramount. The efficiency and effectiveness of ResNet-18 have
rendered it a preferred choice in diverse image processing applications, including facial expression recognition, where it has demon-
strated remarkable accuracy in classifying emotions from images.

VGG16 is a CNN model trained on roughly one million images sourced from the ImageNet database [37]. VGG16, in particular, is
known for its depth, as it consists of 16 layers, including 13 convolutional layers and 3 fully connected layers [38]. VGG16 consists of

Fig. 15. VGG16 with second dataset.
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13 convolutional layers [39]. These layers perform convolution operations on the input image to extract features. The convolutional
layers have small 3x3 filters and are often followed by rectified linear unit (ReLU) activation functions [40]. VGG16 has three fully
connected layers towards the end of the network [41]. These layers make final predictions based on the extracted features [42]. The
architecture of VGG16 will be shown in Fig. 10.

EfficientNet-B0 is the base model in the EfficientNet family, known for its efficiency and effectiveness in computer vision tasks. It
represents the simplest and smallest variant of the EfficientNet architecture, with fewer layers and computational requirements
compared to the larger models in the family [44]. The convolutional layers use small 3x3 filters and are followed by rectified linear unit
(ReLU) activation functions to introduce non-linearity [45]. There are also inverted residual blocks, a global average pooling layer, and
also fully connected layers. The architecture of EfficientNet-b0 will be shown in Fig. 11.

3.4. Freezing layer

Freezing a layer is a technique related to controlling the way weights are updated. When a layer is frozen, the weights in that layer
will not be further modified or updated. The purpose of this technique is to reduce computa-tional time during training without
compromising its accuracy results [47]. When aiming to alter the weights within a layer, completely avoiding the backward pass
process can expedite the execution time. For instance, if half of the model is frozen and trained, it would take approximately half the
time needed compared to training a fully unfrozen model. However, the model still requires training. Freezing layers too early may
result in less accurate predictions [48].

3.5. Weighted Cross Entropy Loss

To address the class imbalance in the dataset, the approach utilized involves assigning weights to the loss function formula based on
the number of samples in each class.

According to research conducted by Ben Naceur et al. (2020) [49], the formula applied to compute the weighted loss using
weighted cross-entropy loss can be formulated in the following equation:

Fig. 16. EfficientNet with first dataset.
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p(i) =
ex(i)

∑N

k=1
ex(k)

(1)

∑N

i=1
Wp(i)yp(i) log(p(i)) (2)

Equation (1) introduces equations for the Softmax function and equation (2) introduces Weighted Cross-Entropy Loss. Here, k is the
number of classes, yp(i) is the ith element of normalized ground truth vector, and p(i) is the ith element of estimated vector for class i.Wp(i)
(equation (3)) represents the specific weight assigned to the class i.

Wp(i) = 1 −
ni

N
(3)

In Equation (3), ni represents the number of samples in class i and N is the total number of samples across all classes.

Fig. 17. EfficientNet with second dataset.

Table 1
Optimizer testing on the first dataset.

Optimizer Name Result

SGD 96.908
Adam 83.234
RMSProp 91.914
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3.6. Testing model

Testing will be conducted to assess the performance of the CNN-designed model, encompassing both training and testing phases.
During the training phase, the CNN model will be evaluated using pre-existing training data, comprising 2511 and 3089 samples from
two distinct datasets. These datasets will be partitioned into 60 % for training, 20 % for validation, and 20 % for testing. Upon
completion of the training phase, the process will transition to the testing stage, involving 811 and 1038 images as the testing data. In
this testing phase, different images from those employed in training will be utilized to gauge the accuracy of the model under
assessment.

3.7. Materials and methods

The CNNs were trained using the following parameters: a learning rate of 0.001 which adaptively decreases, epochs of 200, and a
batch size of 16. These hyper-parameters were carefully optimized through experiments to ensure the model’s optimal performance on
the dataset.

The training was conducted on a computer with configuration of RTX 3060 12 GB of VRAM and CPU of AMD Ryzen 5 5600 6-Core
system. The authors utilized Python along with libraries such as PyTorch to implement and train the CNN models.

4. Experiments

4.1. Architecture testing

In this testing phase, testing will be conducted on the architectures to determine the effect of parameters and to find the best ar-
chitecture. The architectures to be tested include ResNet-18, AlexNet, and VGG16. Each architecture is tested using the same number
of iterations, which is 50 iterations.

Fig. 18. SGD Optimizer on the first dataset.
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4.1.1. ResNet-18
In this testing phase, testing will be conducted using the ResNet-18 architecture to assess the impact of this architecture on accuracy

in this particular test. The results of testing with the ResNet-18 architecture can be seen in Figs. 12 and 13.
The first dataset achieved an accuracy of 95.838 %. Training reached convergence after completing the initial 25 epochs.
The second dataset achieved 92.300 %, which is better than the first dataset. The second dataset reached convergence after also

completing the first 25 epochs. It has a greater distance between its training and validation compared to the experiment conducted on
the first dataset.

4.1.2. VGG16
In this testing phase, testing will be carried out using the VGG16 architecture to understand the influence of this architecture on the

accuracy of this particular test. The results of testing with the VGG16 architecture can be seen in Figs. 14 and 15.
It can be seen in Fig. 37 that the first dataset achieved an accuracy of 96.908 %. Training reached convergence before completing

the initial 25 epochs.
As seen in Fig. 15, the second dataset has a better graph than the first dataset’s training because the distance of the validation and

training is closer than the first dataset’s graph. Even having a better graph, the accuracy result is lower (92.011%) than the first dataset
(96.908 %).

4.1.3. EfficientNet-b0
In this testing phase, testing will be conducted using the EfficientNet-b0 architecture to assess the influence of this architecture on

accuracy in this particular test. The results of testing with the EfficientNet architecture can be seen in Figs. 15 and 16.
Fig. 16 shows that the first dataset reached convergence after completing the initial 25 epochs. The training on the first dataset

achieved an accuracy of 95.841 %.
Fig. 17 shows that the second dataset has a better graph than the first dataset’s training because the training on the second dataset

does not significantly differ from the first dataset. Even with a better graph, the accuracy result is 92.974 %, which is lower than the
first dataset.

Fig. 19. Adam Optimizer on first dataset.
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4.2. Optimizer testing

In this testing phase, optimization techniques will be evaluated. For this particular test, the optimization methods being employed
are SGD, Adam, and RMSProp.

4.2.1. Optimizer testing on the first dataset
Testing will be conducted for a total of 50 iterations, and the evaluation results, as well as tables and graphs of accuracy and loss,

will be compared.
The evaluation results will be presented in Table 1. Since the previous experiments yielded the best results with the VGG16 ar-

chitecture, this testing will focus exclusively on the VGG16 architecture.
Based on the table above, the SGD optimization method yields significantly higher accuracy than the other two optimization

methods. To provide a clearer picture, graphs of accuracy and loss for each optimization method will be presented. The graphs can be
seen in Figs. 18–20, respectively.

Fig. 18 shows that the first dataset using SGD reached convergence even before completing the initial 25 epochs on the accuracy
score. The loss score has a bigger distance on the train and validation compared to the accuracy score. The training on the first dataset
using SGD optimizer achieved an accuracy of 96.908 %.

Fig. 19 shows that the first dataset using the Adam optimizer reached convergence before completing the initial 25 epochs. The

Fig. 20. RMSProp Optimizer on first dataset.

Table 2
Optimizer testing on second dataset.

Optimizer Name Result

SGD 92.974 %
Adam 26.121 %
RMSProp 46.198 %
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Fig. 21. SGD Optimizer on second dataset.
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Fig. 22. Adam Optimizer on second dataset.
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graph looks better than using the SGD Optimizer by looking at the distance of the train and validation on both accuracy and loss score.
The training on the first dataset using Adam Optimizer achieved an accuracy of 83.234 %.

Fig. 20 shows that Using RMSProp obtained the best results on the graph, as indicated by the proximity between the training and
validation curves. Using RMSProp on the first dataset achieved 91.914 % accuracy.

4.2.2. Optimizer testing on the second dataset
Testing will be conducted for a total of 50 iterations, and the evaluation results, as well as tables and graphs of accuracy and loss,

will be examined. The evaluation results will be presented in Table 2. Since the previous experiments yielded the best results with the
EfficientNet architecture, this testing will focus exclusively on the EfficientNet architecture.

Based on the table above, it can be observed that the SGD optimizationmethod yields significantly higher accuracy compared to the
other two optimization methods. To provide a clearer picture, graphs of accuracy and loss for each optimization method will be
presented. The graphs can be seen in Figs. 21–23, respectively.

Fig. 21 shows that the second dataset using SGD reached convergence even before completing the initial 25 epochs on the accuracy
score. The graph on the second dataset is better than the first dataset while using SGD optimizer as seen in Fig. 18. The training on the
second dataset using SGD optimizer achieved an accuracy of 92.974 %.

Fig. 22 shows that the second dataset using the Adam optimizer reached convergence before completing the initial 25 epochs. The

Fig. 23. RMSProp Optimizer on second dataset.

Table 3
Freezing layer on the first dataset.

Frozen Layer Result

No Frozen Layer 96.617 %
First Layer 96.789 %
Second Layer 97.027 %
Classification Layer 97.146 %

K. Ahadian et al. Heliyon 10 (2024) e39569 

19 



graph of this training is the worst graph between using SGD and RMSProp. The training on the first dataset using Adam Optimizer
achieved an accuracy of 26.371 %.

Fig. 23 shows that Using RMSProp obtained the best results on the graph, as indicated by the proximity between the training and
validation curves. Using RMSProp on the second dataset achieved 46.198 % accuracy.

4.3. Testing using frozen layer method

In this testing, we will conduct experiments by applying frozen layers to the first layer, second layer, and classification layer.

4.3.1. Frozen layer testing on the first dataset
This testing is carried out with a total of 200 epochs. In previous experiments, the best results were obtained for the initial dataset

using the VGG16 architecture and SGD optimization. The evaluation results will be presented in Table 3 below.
Based on the table above, it can be observed that freezing the layers in the classification layer results in the highest accuracy, which

is 97.146 %. To provide a clearer view of the testing results, they will be illustrated through graphs in Figs. 24–26, and Fig. 27,
respectively.

It can be seen in Fig. 24 that using no frozen layer on the first dataset reached convergence even before completing the initial 25
epochs on the accuracy score. The graph on the accuracy score shows that the distance between the train and validation is closer and
more stable than the graph on the loss score. The training on the first dataset with no frozen layer achieved 96.617 % accuracy.

Fig. 25 shows that freezing the first layer did not reach convergence. The graphic shows that the results are still unstable because
the line on the graph continues to fluctuate, going up and down unpredictably. The training when freezing the first layer on the first
dataset achieved an accuracy of 96.789 %.

Fig. 26 shows that freezing the second layer did not reach convergence. The graphic looks better than Fig. 25, but it still shows that
the results are still unstable because the line on the graph continues to fluctuate. The training when freezing the second layer on the
first dataset achieved an accuracy of 97.027 %.

Fig. 27 shows that the freezing classification layer did not reach convergence. The graphic looks the same as Fig. 25, it shows that
the results are still unstable because the line on the graph continues to fluctuate, going up and down unpredictably. The training when

Fig. 24. Without frozen layer on the first dataset.
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freezing the classification layer on the first dataset achieved an accuracy of 97.146 %.
It can be seen that training on the first dataset has the best graph while not using a frozen layer (Fig. 24) compared to others. The

graph looks more stable if compared to another figure. While not using a frozen layer, the graph converges when the others look
uncertain.

4.3.2. Frozen layer testing on the second dataset
In the previous experiments, the best results were obtained for the initial dataset using the EfficientNet architecture and SGD

optimization. The evaluation resultsis presented in Table 4 below.
Based on the table above, it is evident that keeping the layers unfrozen results in higher accuracy compared to using frozen layers.

To provide a clearer view of the testing results, they will be illustrated through graphs in Figs. 28–30, and Fig. 31, respectively.
It can be seen in Fig. 28 that using no frozen layer on the second dataset reached convergence even before completing the initial 25

epochs on the accuracy score. The graph shows the close distance between the train and validation on both accuracy and loss scores.
The training on the second dataset with no frozen layer achieved 92.974 % of the accuracy.

Fig. 29 shows that freezing the first layer on the second dataset reached convergence after 20 epochs. The graphic shows that the
results started to be stable after the first 20 epochs. The training when freezing the first layer on the second dataset achieved an ac-
curacy of 91.915 %.

Fig. 30 shows that the freezing second layer on the second dataset reached convergence before 30 epochs. The training when
freezing the second layer on the second dataset achieved an accuracy of 91.915 %.

Fig. 31 shows that the freezing classification layer on the second dataset reached convergence after 25 epochs. The graphic looks
better than Fig. 28 that it shows a closer distance between train and validation on both accuracy and loss scores. The training when
freezing the classification layer on the first dataset achieved an accuracy of 92.107 %.

It can be seen that training on the second dataset has the best graph while using the frozen layer on the classification layer(Fig. 31)
because it has the closest distance between the train and validation line compared to another figure. Even though not having the best
graphs, the training when not using the frozen layer on the second dataset has the best accuracy score, it achieved 92.974 %.

Fig. 25. Freezing first layer on the first dataset.
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4.4. Testing using weighted loss method

In this testing, weights are applied to the loss function, or a weighted loss is used. This testing is conducted due to class imbalance,
where the number of samples in each class is not balanced in the mixed dataset. In this testing, the data is divided into two sets: one
with 7 classes and another with 8 classes. The results of the training is presented in Figs. 32 and 33 below. Meanwhile, the results of
training without using weighted loss is shown in Fig. 34.

Fig. 32 shows that using weighted loss on 7-class datasets reached convergence before 20 epochs. The graph shows the stable line
on both train and validation. The training when using weighted loss on 7-class datasets achieved an accuracy of 94.798 %

Fig. 33 shows that using weighted loss on 8-class datasets reached convergence after 20 epochs. The graph shows the stable line on
both training and validation in terms of accuracy. However, on the loss score, the line still indicates slight changes on both the train and
validation lines. The training when using weighted loss on 7-class datasets achieved an accuracy of 92.877 %

Fig. 34 shows that when not using weighted loss on 8-class datasets reached convergence after 25 epochs. The graph shows the
stable line on both train and validation. The training when using weighted loss on 7-class datasets achieved an accuracy of 92.204 %

The accuracy results show that the second data with 7-classes achieved the highest accuracy at 94.798 %, followed by the mixed
data with 8-classes at 92.877 %, while the training without weighted loss resulted in the lowest accuracy at 92.204 %. The confusion
matrix results for all three scenarios are presented to demonstrate the improvement in handling class imbalance, and they can be seen
in Figs. 35–37, respectively.

It can be seen in Fig. 34 that all classes have high accuracy on each class. The confusion matrix indicates that the utilization of
weighted loss enables the classification of each class with fairly high accuracy. The highest accuracy achieved is 99.62 %.

Fig. 36 shows that using weighted loss on the 8-class dataset could classify better than not using weighted loss which is shown in
Fig. 37. Even though still has low accuracy on class number 1, it still classifies better than when not using the weighted loss.

Fig. 37 shows that when not using weighted loss on an imbalanced dataset could produce poor results in some classes. In this case, it
can be seen that only 1 picture that correctly classified on class number 1.

Based on the results of the three confusion matrices above, it can be observed that the confusion matrix results for the data with 7
classes are the most favorable compared to the other two scenarios. In this experiment, classes of 6, 7, and 8 had the least data. Before
the use of weighted loss, it is evident that the accuracy for these three classes was lower, and it improved after implementing weighted

Fig. 26. Freezing second layer on the first dataset.
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loss.

4.5. CNN architectures: Structure and Topology consideration

The performance differences among the models can be justified based on the unique features of each CNN architecture as shown in
Table 5.

The residual connections in ResNet-18 facilitate training convergence and improve accuracy by addressing vanishing gradient
problems. VGG16’s depth and simplicity contribute to higher accuracy, but this comes at a computational cost. EfficientNet-b0 stands
out due to its compound scaling, which efficiently utilizes parameters for optimal performance across various datasets.

4.6. Optimizers: impact on training stability and convergence

The choice of optimizer has a significant impact on training stability and convergence.
As shown in Table 6, SGD often results in higher accuracy, especially in simpler datasets, as it converges steadily. In contrast, Adam

and RMSProp may struggle to converge due to their adaptive learning rates, which can occasionally lead to suboptimal local minima.

Fig. 27. Freezing classification layer on the first dataset.

Table 4
Freezing layer on second dataset.

Frozen Layer Result

No Frozen Layer 92.974 %
First Layer 91.915 %
Second Layer 91.915 %
Classification Layer 92.107 %
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Fig. 28. Without frozen layer on the second dataset.
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4.7. Frozen layers: layer-specific freezing effects

The rationale behind freezing different layers is crucial for optimizing performance. Freezing earlier layers typically retains general
features, while freezing later layers, such as classification layers, preserves learned task-specific features. This approach can lead to
variations in accuracy, depending on the dataset.

4.8. Weighted loss: addressing class imbalance

Applying weighted loss is beneficial in combating class imbalance, particularly in skewed datasets. This method has shown
improved performance as evidenced by confusion matrices and accuracy results, highlighting its effectiveness in enhancing model
predictions for minority classes.

Holistic analysis of the different methods tested—varying architectures, optimizers, frozen layers, and weighted loss—reveals
insights into their effectiveness. Each approach has its advantages, and the choice of method should be guided by specific scenarios. For
instance, ResNet-18 may excel in certain tasks due to its architecture, while weighted loss can significantly enhance performance in
imbalanced datasets.

4.9. Comparison with previous research

Based on Table 7 above, a comparison can be made between the proposed research with the first dataset and five previous research
because using the same amount of class. The proposed research conducted testing with three different types of models, all of which
exhibited higher accuracy compared to the 3 previous research except research proposed by Jasrotia et al. (2023) [50] which achieved
an accuracy of 96.76 % using its method. However, the highest accuracy was attained when using the VGG16 architecture on the
proposed model using the first dataset, reaching 96.908 %.

Fig. 29. Freezing first layer on the second dataset.
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Fig. 30. Freezing second layer on the second dataset.
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4.10. Analysis

From the evaluations conducted on both the first and second datasets, it is evident that the second dataset contains a larger volume
of images and encompasses a greater number of classes. However, this increase in size and diversity also led to an issue of class
imbalance within the second dataset.

Initially, in the assessment of the first dataset, the VGG16 pre-trained model exhibited the highest accuracy, achieving an
impressive 96.908 %. Conversely, the second dataset encountered an issue where one class was consistently misclassified as another.
Further investigation revealed that these two classes shared a common disease cause and displayed similar characteristics. To address
this, the second dataset underwent restructuring, condensing these two classes into a singular entity, resulting in a revised dataset of 7
classes.

Despite this refinement, instances of misprediction persisted during testing due to the underlying issue of unbalanced data
distribution.

To tackle this concern, the approach involved implementing weighted cross-entropy loss. Following this implementation, signif-
icant enhancements were observed in the test results compared to the previous outcomes. The most notable improvement on the
revised second dataset was achieved using the EfficientNet-b0 pre-trained model, delivering an accuracy of 92.974 %.

5. Conclusion

Based on the testing results from the research on disease classification in maize plants using the Convolutional Neural Network
(CNN) algorithm, several conclusions can be drawn.

Firstly, the CNN method demonstrated exceptional performance in classifying diseases in maize plants, achieving notably high
accuracy in both datasets utilized. Specifically, the VGG16 architecture with SGD optimization and a frozen layer in the classification
layer yielded the highest accuracy in the first dataset. Conversely, in the second dataset, optimal accuracy was achieved with the
EfficientNet-b0 architecture using SGD optimization without a frozen layer.

Secondly, the impact of frozen layers on results was significant in this study. In the first dataset, the use of frozen layers, particularly
in the classification layer, notably improved accuracy. However, there were limitations observed, with dataset characteristics

Fig. 31. Freezing Classification layer on the second dataset.
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Fig. 32. Weighted loss on the 7 class dataset.
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Fig. 33. Weighted loss on the 8 class dataset.
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influencing the effectiveness of frozen layers, as evidenced in the second dataset where the highest accuracy was attained without their
use.

Thirdly, the implementation of weighted loss proved effective in addressing class imbalance, notably present in the second dataset.
This approach improved the model’s ability to classify minority classes more accurately. These three findings serve as key highlights of
this research, offering insights into maize disease classification to aid maize plant production.

Fig. 34. No weighted loss testing.

Fig. 35. Confussion Matrix on 7 class dataset.

K. Ahadian et al. Heliyon 10 (2024) e39569 

30 



For future research endeavors, several suggestions are proposed. These include utilizing datasets with a greater diversity of classes
to mitigate similarities between classes. Additionally, employing automated feature selection methods could enhance the selection of
appropriate training data. Lastly, incorporating state-of-the-art activation functions in future advancements could further improve
model performance.

Fig. 36. Confussion Matrix on 8 class dataset.

Fig. 37. Confussion matrix without weighted loss.

Table 5
CNN architectures and performance insights.

Model Key Features Performance Insights

ResNet-18 Residual connections that mitigate vanishing gradient issues Effective in simpler tasks; performs well in specific scenarios.
VGG16 Deep architecture with uniform layers contributing to higher accuracy High accuracy due to depth; potential for overfitting.
EfficientNet-b0 Compound scaling balances depth, width, and resolution Robust performance; efficient parameter utilization.

Table 6
Impact of optimizers on training.

Optimizer Characteristics Performance

SGD Tends to converge slowly but steadily in simpler datasets. Higher accuracy in well-behaved datasets
Adam Adaptive learning rates can lead to suboptimal minima. Struggles with convergence in certain datasets.
RMSProp Balances speed and stability, but may show inconsistency. Variable performance across different scenarios
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(Neural Network), 60.25 %(Naive
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Kaggle 4 (Healthy,
Common Rust, Gray
Leaf Spot, Blight)

Sandotra et al.
(2023)
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88.54 % (VGG19),
89.95 %(InceptionV3), 92.91 %
(EfficientNet-b0)
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Common Rust, Gray
Leaf Spot, Blight)

Jasrotia et Convolutional 96.76 % PlantVillage 4 (Healthy,
al., (2023) Neural Net- ​ (kaggle) Blight,
​ work (CNN) ​ ​ Common
​ using Contrast ​ ​ Rust, Gray
​ Limiting Adap- ​ ​ Leaf Spot)
​ tive Histogram ​ ​ ​
​ Equalization ​ ​ ​
​ (CLAHE) on ​ ​ ​
​ each RGB, log ​ ​ ​
​ transformation, ​ ​ ​
​ and RGB to ​ ​ ​
​ HSV conversion. ​ ​ ​
Pratama AlexNet, LeNet, 75.87 % Kaggle with 4 (Healthy,
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​ ​ (LeNet) tul, Special Common
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​ ​ ​ Yogyakarta ​
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Neural Network (CNN)
93 % Mendeley

Data
4 (Healthy,
Common Rust, Leaf
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Mishra et al. (2020) Deep Convolu-tional Neural
Network (CNN)

88.46 % PlantVillage combined with
images from maize plantation
in Raebaeli and
Sultanpur district.

3 (Rust,
North-ern Leaf Blight,
Healthy)
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Research with
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95.838 % (ResNet18), 96.908 %
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PlantVillage (kaggle) 4 (Healthy,
Common Rust, Gray
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second ​ ​ ous research Leaf Spot,
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Proposed EfficientNet-b0 92.877 % (using PlantVillage 8 (Healthy,
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dataset ​ ​ ​ Blight,
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loss) ​ ​ ​ Herbi-
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​ ​ ​ ​ ficiency,
​ ​ ​ ​ Cerospora)
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