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Manual diagnosis of corn leaf diseases from digital images is time-consuming and 

prone to misinterpretation, creating the need for reliable automated classification. 

Although deep neural networks (DNNs) have shown promising performance, 

previous studies have mainly compared model architectures without 

comprehensively evaluating the combined effects of architecture, optimizer, 
learning rate, train-test split, and data augmentation on model generalization. This 

study addresses this gap by evaluating ResNet50 and DenseNet169 using five 

optimizers, five learning rates, two train-test split schemes (80:20 and 90:10), and 

data augmentation across 200 experimental scenarios. The dataset consists of 
5,000 corn leaf images equally distributed into four classes and complemented 

with field images for external validation. ResNet50 with the RMSprop optimizer, 

a learning rate of 0.001, a 90:10 split, and data augmentation achieved the best 

performance, reaching 99.21% accuracy, 98.39% validation accuracy, and 0.0845 
validation loss. This configuration performed better because ResNet50's residual 

connections improved feature learning, while RMSprop provided stable adaptive 

optimization during training. However, field testing produced substantially lower 

accuracy than laboratory experiments, indicating limited generalization due to 
variations in illumination, background, and image quality. These findings 

demonstrate that hyperparameter optimization and data augmentation improve 

laboratory performance, but enhancing robustness under real-world conditions 

remains a major challenge. The best model was implemented in a Flask-based web 

application for early corn leaf disease detection. 
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1. INTRODUCTION 

Corn is one of the main agricultural commodities that plays a strategic role in supporting global food security [1]. In 

addition to being a food source, corn is also used as raw material for animal feed and the bioenergy industry, making its 

productivity an important indicator of economic sustainability for farmers, especially in agrarian countries [2], [3]. 

However, corn productivity is highly susceptible to leaf disease, which can cause yield losses of up to 35% globally [4]. 

In the United States, leaf diseases such as Northern Leaf Blight and Gray Leaf Spot are reported to cause economic losses 

of up to approximately US$1.11 billion per year  [5], [6]. In Indonesia, corn ranks as the second staple food after rice and 

is an important commodity for national food security [7]. The three main diseases that often attack corn plants in Indonesia 

are leaf blight, commont rust, and leaf spot [8]. Leaf spots can reduce crop yields by 70–100%  [9], Leaf rust can affect 

up to 81% of plants in humid conditions [10], while leaf blight remains a major threat in various regions [11]. These three 

diseases attack photosynthetic tissue and can potentially cause total crop loss if not treated properly [12].  

The world population is expected to exceed 9 billion people, so corn production needs are projected to increase by 

70% by 2050 [13], [14]. Corn leaf disease not only causes economic losses but also has a social impact on small farmers 

who depend on their harvest as their main source of income. Therefore, early identification and treatment of corn leaf 

diseases is very important to minimize losses [15], [16]. However, manual disease identification is often inaccurate 

because it depends on the farmer's experience, which risks misdiagnosis and delayed treatment [17]. Although leaf disease 

diagnosis can be performed through laboratory analysis, this method still has limitations in terms of time, sample capacity, 

and the need for experts. In conditions where disease spreads rapidly, delayed diagnosis can increase the risk of yield 

loss. Therefore, an early-diagnosis approach based on deep learning is needed that can classify leaf images quickly and 

efficiently as an initial stage of detection, without replacing the role of advanced laboratory diagnosis. 

Deep learning approaches, particularly Deep Neural Networks (DNN), have proven effective in detecting plant 

diseases through digital images [18]. The ResNet50 architecture utilizes skip connections to maintain training stability, 

while DenseNet169 uses dense inter-layer connectivity to improve feature propagation and classification accuracy [19], 
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[20]. Various studies have applied deep learning approaches to leaf disease image classification. Research conducted by 

Mustakim et al. (2024) achieved the highest accuracy of 94.36% using the ResNet50 architecture with the Nadam 

optimizer, a learning rate of 0.0001, and a 90:10 data split scheme with data augmentation [21] Didit Iswantoro and Dewi 

Handayani (2022) achieved 94% testing accuracy in the classification of two classes of corn leaf diseases using CNN 

[22]. Research by Aanis Ahmad et al. (2023) compared several DNN architectures and found that DenseNet169 achieved 

the best performance, with a generalization accuracy of 81.60% across laboratory and field conditions [12]. Research by 

Md. Manowarul Islam et al. (2023) reported that a DNN model with the Adam optimizer and a learning rate of 0.001 

achieved 96.96% accuracy in classifying corn leaf diseases [23]. Research by Patayon and Crisostomo (2022) shows that 

the DenseNet169 architecture with the RMSProp optimizer achieves 98% accuracy and precision in the classification of 

peanut leaf diseases [24]. Research by Artika and Wikky Fawwaz Al Maki (2025) shows that the ResNet50 architecture 

with the RMSprop optimizer achieves 95% accuracy in classifying bitter melon leaf disease [25]. 

Despite the promising performance reported in previous studies, several important limitations remain. Most studies 

evaluated only a single DNN architecture or a limited set of hyperparameters, making it difficult to determine whether 

the reported performance was primarily influenced by the network architecture or by the optimization strategy. 

Furthermore, the interaction among optimizer selection, learning rate, train-test split, and data augmentation has not been 

systematically investigated. As a result, the optimal configuration for improving model stability and generalization across 

different experimental settings remains unclear. Since the optimization algorithm controls parameter updates during 

training and the learning rate determines convergence behavior, inappropriate hyperparameter selection may lead to 

unstable optimization, overfitting, or poor generalization, particularly when models are applied to unseen field images. 

Therefore, a comprehensive evaluation of these interacting factors is required to identify robust configurations that 

consistently improve classification performance. 

To address these limitations, this study systematically evaluates two DNN architectures, ResNet50 and 

DenseNet169, using five optimizers, five learning rates, two train-test split schemes, and data augmentation across 200 

experimental scenarios. Unlike previous studies that focused primarily on comparing architectures or reporting the highest 

accuracy, this research analyzes the interaction between architectural design and hyperparameter optimization to identify 

configurations that produce stable learning and better generalization under both laboratory and field conditions. The 

findings provide practical guidelines for selecting effective DNN configurations for corn leaf disease classification and 

contribute to the development of more reliable image-based plant disease detection systems.. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages  

This study applied an experimental approach with a structured methodological flow as shown in Figure 1. Each stage was 

designed to support systematic data processing and model development, thereby improving the performance of corn leaf 

disease image classification. 

 
Figure 1. Research Methodology 
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2.2 Research Plan 

This research focuses on identifying problems in accurately detecting corn leaf diseases through visual observation, which 

can lead to reduced crop yields. This study aims to develop a DNN-based corn leaf disease image classification model 

using the ResNet50 and DenseNet169 architectures, achieving improved performance through data augmentation and 

hyperparameter optimization. The scope of the research is limited to the classification of four main classes, namely leaf 

spots, leaf blight, leaf rust, and healthy leaves, using validated leaf images. This planning stage is supported by a literature 

study that discusses the basic concepts of DNN, the characteristics of the ResNet50 and DenseNet169 architectures, and 

the role of data augmentation and optimization techniques in improving the accuracy of classification models. 

To provide a systematic evaluation, five optimizers (SGD, Adam, RMSprop, Adamax, and Nadam) and five 

learning rates (0.1, 0.01, 0.001, 0.0001, and 0.00001) were selected because they represent different optimization 

strategies and convergence behaviors widely adopted in deep learning. Their evaluation is particularly relevant, as 

ResNet50 relies on residual learning to stabilize gradient propagation, whereas DenseNet169 employs dense feature reuse, 

which may respond differently to optimization dynamics. Rather than relying on a single configuration, multiple train-

test split ratios were investigated to assess performance consistency under varying data availability. Although hold-out 

validation was adopted to reflect practical deployment scenarios and ensure independent testing, all experiments were 

conducted under identical conditions, enabling fair and reproducible comparisons across architectures and 

hyperparameter configurations. 

2.3 Data Preparation 

Data preparation includes collecting corn leaf disease image datasets from public sources and validated field data. To 

maintain class balance, 1,250 images per class were used, for a total of 5,000 images. The data was cleaned of unusable 

images, divided using the hold-out method (80:20 and 90:10), and processed through preprocessing and augmentation of 

224×224-pixel images to increase data variation and model generalization. 

2.4 Model Development and Training 

Model development and training were carried out by building two DNN architectures, namely ResNet50 and 

DenseNet169, using pre-trained ImageNet models as the basis for feature extraction. In both architectures, classification 

layers were added using Global Average Pooling, dropout, and dense layers with L2 regularization and ReLU activation, 

culminating in a softmax output layer for four classes. Model training was conducted with and without data augmentation, 

and various combinations of optimizers and learning rates were tested to obtain model configurations with the best 

performance and generalization. The parameters used are shown in Table 1. 

Table 1. Hyperparameters Used  

Training Parameters Configuration 

Model Architecture ResNet-50 dan DenseNet169 

Optimizer Adam, RMSprop, SGD, Nadam, Adamax 

Learning Rate 0.1, 0.01, 0.001, 0.0001, 0.00001 

Batch Size 32 

Epoch 35 

Data Distribution 

Method 
Hold-Out 

Data Ratio 80:20 dan 90:10 

2.5 Corn Leaf Disease 

Corn leaf disease is a disorder caused by pathogens such as fungi, bacteria, or viruses, characterized by visual changes in 

the leaves and directly impacting growth and yield [26]. This study focuses on three major diseases, namely Leaf Spot, 

Leaf Blight, and Leaf Rust. Leaf Spot causes necrosis in leaf tissue, thereby inhibiting photosynthesis. Leaf Blight causes 

systemic infection that can lead to drying and death of leaves, while Leaf Rust causes pustules on the leaf surface, which 

reduce photosynthetic activity and slow plant growth [27]. The visualization of the corn leaf disease classes used in this 

study is shown in Figure 2. 

 

Figure 2. Visualization of Corn Leaf Disease Classes 
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2.6 Deep Neural Network (DNN) 

DNN is a layered neural network inspired by biological neural systems and designed to extract hierarchical features from 

complex data [28]. Each layer of a DNN learns patterns incrementally, starting from simple features and progressing to 

more abstract representations. This capability makes DNNs highly effective for image classification tasks because they 

support end-to-end learning without requiring manual feature extraction [18]. DNN is capable of capturing nonlinear 

relationships and visual variations, such as differences in size, color, and lighting in plant images [29]. The structure of 

the DNN algorithm is shown in Figure 3. 

 

Figure 3. Structure Deep Neural Network (DNN) 

2.7 ResNet-50 Architecture 

ResNet50 is a convolutional neural network architecture in the Residual Network (ResNet) family, designed to address 

the issues of vanishing gradients and degradation in very deep networks [12]. This architecture consists of 50 layers, 

including 48 convolution layers, one max pooling layer, and one average pooling layer, with the main feature being skip 

connections or residual connections that allow gradient flow to pass through several layers without degradation [21], [30]. 

Figure 4 shows the structure of the ResNet50 architecture with skip connections [14], [31]. 

 

Figure 4. ResNet-50 Architecture Layers 

2.8 DenseNet169 Architecture 

DenseNet169 is a DNN architecture with a dense connectivity concept, where each layer is directly connected to all 

previous layers to improve information flow and gradients [19]. This structure enables more efficient feature utilization, 

reduces vanishing gradient issues, and suppresses the number of parameters through concatenation-based feature merging 

[32]. With the support of ImageNet pre-trained weights, DenseNet169 is effectively used in image classification, 

including plant diseases, because it is capable of recognizing complex visual patterns accurately and efficiently [14], [32]. 

A visualization of the DenseNet169 architecture is shown in Figure 5. [32]. 

 

Figure 5. DenseNet169 Architecture 

2.9 Optimizers 

An optimizer is a method for updating neural network weights based on gradients of the loss function to improve accuracy 

and reduce model error [21]. Choosing the right optimizer directly affects convergence speed and model performance and 

is related to determining hyperparameters to ensure neural networks achieve optimal performance in classification and 

prediction [33]. Here are some of the optimizers used in this study. 

2.9.1 Adam Optimizer 

In principle, Adam combines two previously popular optimization approaches, namely the Adaptive Gradient Algorithm 

(AdaGrad), which is effective for handling sparse gradients, and Root Mean Square Propagation (RMSProp), which is 
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good at overcoming non-stationary problems in data [26], [34]. Adam is widely used because it achieves high accuracy 

with stable convergence, making it effective across a wide range of deep learning models. Adam updates parameters with 

two decay factors, β1 for momentum and β2 for variance, so that convergence is more balanced and oscillations are 

reduced during training [35]. 

                                   𝑚𝜊 = 0,   𝜈𝜊 = 0                                           (1) 

                                         𝓂𝑡 =  𝛽1𝓂𝓉−1 + (1 − 𝛽1)𝑔𝑡                                                              (2) 

                                             𝑣𝑡 = 𝛽2𝓋𝑡−1 + (1 − 𝛽2 )𝑔𝑡
2                                                               (3) 

2.9.2 Nadam Optimizer 

Nadam (Nesterov-accelerated Adaptive Moment Estimation) is an extension of Adam that combines the advantages of 

Adaptive Moment Estimation with Nesterov Accelerated Gradient (NAG) [36]. Nadam uses Nesterov's gradient 

correction, which makes optimization more adaptive, accelerates convergence, and reduces the risk of getting stuck in 

local minima, resulting in more stable performance on large and complex datasets [37], [38]. 

  𝑔𝑡 = ∇𝜃 𝑓𝑡(𝜃𝑡−1)                (4) 

                 𝑚𝑡= 𝛽1 𝑚𝑡−1 + (1−𝛽1)𝑔𝑡                                       (5) 

                                                                    𝑣𝑡 = 𝛽2 𝑣𝑡−1 + (1−𝛽2)𝑔𝑡
2                         (6) 

2.9.3 SGD Optimizer 

Stochastic Gradient Descent (SGD) is an optimization algorithm commonly used in neural network training because it is 

simple, efficient, and capable of handling large amounts of data [39], [40]. Unlike batch gradient descent, which computes 

gradients using the entire dataset, SGD updates the parameters based on a small subset of data (mini-batches), making it 

faster and more computationally efficient [41], [42]. The main advantage of SGD is its stochastic nature, which makes 

the convergence process faster and helps escape local minima [43]. 

                          𝜃𝑡+1 = 𝜃𝑡  −  𝜂 ∇𝜃 𝐽(𝜃𝑡; 𝑥(𝑖),𝑦(1))                      (7) 

2.9.4 RMSprop Optimizer 

Root Mean Square Propagation (RMSProp) is an adaptive learning rate-based optimization algorithm developed to 

overcome the weaknesses of Adagrad, particularly the problem of learning rates decreasing too quickly [44]. RMSProp 

uses the exponential moving average of the gradient squared to adjust the learning rate for each parameter, resulting in 

more stable updates on non-stationary data, such as neural network training [45]. RMSProp excels at accelerating 

convergence, maintaining update stability, and effectively handling gradient scale variations [46]. 

2.9.5 Adamax Optimizer 

Adamax is a variant of the Adam algorithm developed by Kingma and Ba as part of an adaptive optimization method for 

deep neural networks [47]. This optimizer is designed using the infinity norm to stabilize weight updates in the training 

process of models that have large gradients or data with varying value distributions [48]. The basic principle of Adamax 

addresses Adam's weakness in handling extreme gradients by using the ratio of the first moment to the exponential 

maximum of the second moment, thereby making parameter updates smoother and more stable during convergence. 

2.10 Augmentation Data 

Augmentation Data is a pre-processing technique to expand and enrich training datasets by transforming existing data, 

without the need to manually add new data [49]. Data augmentation methods, such as rotation, flipping, cropping, scaling, 

adding noise, and utilizing Generative Adversarial Networks (GAN), are used to enrich data variation so that models are 

better able to recognize patterns [50]. Data augmentation is important to address the imbalance in the amount of data 

between classes, which can cause bias in model training [51]. 

2.11 Confusion Matrix 

A confusion matrix is a widely used evaluation metric in machine learning to assess the performance of a classification 

model [52]. In the Confusion Matrix, there are four main components, namely True Positive (TP), True Negative (TN), 

False Positive (FP), and False Negative (FN). TP indicates the number of positive data correctly predicted, while TN 

indicates the number of negative data correctly classified. Conversely, FP indicates the amount of negative data 

incorrectly predicted as positive, and FN describes positive data incorrectly predicted as negative. Mathematically, the 

Confusion Matrix can be expressed in equation 8 [53]. 

                                           𝐶𝑀 = [
𝑇𝑃 𝐹𝑃
𝐹𝑁 𝑇𝑁

]                         (8) 

From the confusion matrix, key evaluation metrics can be calculated, namely Accuracy, Precision, Recall, and F1-Score. 

Accuracy measures the overall correct prediction rate, Precision assesses the accuracy of positive class predictions, Recall 
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indicates the ability to detect positive data, and F1-Score represents the balance between Precision and Recall. 

2.12 Deployment System 

The deployment stage involved implementing the best DNN model into a web-based corn leaf disease image classification 

system using Flask. The system receives leaf images, performs preprocessing, and generates predictions of four disease 

classes as output to support image-based early detection. 

3. RESULT AND DISCUSSION 

3.1 Data Collection 

This study uses two types of datasets: public datasets for training and field datasets for testing to evaluate the model's 

generalization ability. The public dataset consists of 5.000 corn leaf images divided evenly into four classes, namely Leaf 

Spot, Northern Corn Leaf Blight, Common Rust, and Healthy, with 1.250 images in each class. This balanced distribution 

aims to prevent class bias during model training. Meanwhile, the field dataset is used as test data and consists of 40 images 

collected in the field, evenly distributed across 10 classes. This combination of public and field datasets enables analysis 

of model performance both on controlled data and in real-world conditions. Details of the initial data distribution for each 

class are shown in Table 2. 

Table 2. Data Distribution for Each Class 

No. Class Amount of Data 

1 Leaf Spot 1250 

2 Leaf Blight 1250 

3 Common Rust 1250 

4 Healthy 1250 

  Total 5000 

3.2 Preprocessing Data 

The data cleaning stage was carried out by selecting 5,000 balanced corn leaf images from four classes, namely Leaf Spot, 

Leaf Blight, Leaf Rust, and Healthy Leaves, and removing damaged, blurred, or duplicate images to maintain the quality 

of the dataset. All images were in JPG format with an initial resolution of 256×256 pixels, then processed through a 

preprocessing stage with size adjustments to 224×224 pixels and pixel value normalization. To increase data variety and 

model generalization, augmentation was applied to the training data using geometric transformations, including rotations 

of up to ±60°, 25% shear, 30% zoom, 10% horizontal and vertical shifts, and a horizontal flip. Next, the data was divided 

using the hold-out method (80:20 and 90:10) into training, validation, and test subsets to support objective model 

evaluation, with details of the data distribution shown in Tables 3 and 4. 

Table 3. Distribution of Data Holdout 80:10:10 

Class 

Subset 
Amount 

of Data 
Train 

(80%) 

Validation 

(10%) 
Test (10%) 

Leaf Spot 1000 125 125 1250 

Leaf Blight 1000 125 125 1250 

Common Rust 1000 125 125 1250 

Healthy 1000 125 125 1250 

Total 4000 500 500 5000 

Tables 3 and 4 show the dataset split using the hold-out method at ratios of 80:20 and 90:10, respectively. Both 

tables display the distribution of data across the training, validation, and test sets used to objectively evaluate model 

performance. 

Table 4. Distribution of Data Holdout 90:5:5 

Class 

Subset 
Amount 

of Data 
Train 

(90%) 

Validation 

(5%) 

Test 

(5%) 

Leaf Spot 1125 62 63 1250 

Leaf Blight 1125 62 63 1250 

Common Rust 1125 62 63 1250 

Healthy 1125 62 63 1250 

Total 4500 248 252 5000 
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3.3 Model Implementation and Performance Evaluation 

DNN experiments were conducted to determine the best configuration for classifying corn leaf disease images. 224×224-

pixel input images, with a batch size of 32 and 35 epochs, were used with two transfer learning architectures, ResNet50 

and DenseNet169, equipped with Global Average Pooling, dropout, a dense layer of 256 neurons, and a softmax output 

for four disease classes. Each architecture was tested with five optimizers and five learning rates, resulting in 200 

experiments. The evaluation used accuracy, F1-score, confusion matrix, and ROC-AUC to assess the model's ability to 

recognize image patterns. The results were presented in four data-partitioning and augmentation scenarios, which served 

as the basis for selecting the optimal configuration for implementing a web-based classification system. From each 

scenario, the five models with the highest accuracy were selected, yielding a total of 20 models as the basis for 

classification performance analysis. Table 5 below presents a summary of the precision, recall, and F1-score of each of 

the best models. 

Table 5. Recap of the Best Models 

No Split Data Type Data Precision Recall F-1 Score Accuracy 

1 80:20:00 Non Augmentation 97,65% 97,60% 97,60% 97,60% 
2 80:20:00 Non Augmentation 97,84% 97,80% 97,80% 97,80% 

3 80:20:00 Non Augmentation 98,99% 97,78% 99,00% 98,60% 

4 80:20:00 Non Augmentation 97,29% 97,20% 97,18% 97,20% 

5 80:20:00 Non Augmentation 97,85% 97,80% 97,79% 97,80% 
6 80:20:00 Augmentation 97,41% 97,40% 97,40% 97,40% 

7 80:20:00 Augmentation 98,81% 98,80% 97,80% 98,80% 

8 80:20:00 Augmentation 98,60% 98,60% 98,60% 98,60% 

9 80:20:00 Augmentation 98,19% 98,20% 98,19% 98,20% 
10 80:20:00 Augmentation 98,41% 98,40% 98,40% 98,40% 

11 90:10:00 Non Augmentation 98,04% 98,02% 98,01% 98,02% 

12 90:10:00 Non Augmentation 98,02% 98,02% 98,02% 98,04% 

13 90:10:00 Non Augmentation 98,07% 98,02% 98,01% 98,02% 

14 90:10:00 Non Augmentation 98,82% 96,81% 98,81% 98,81% 

15 90:10:00 Non Augmentation 96,44% 98,41% 98,42% 98,41% 

16 90:10:00 Augmentation 97,02% 98,02% 98,04% 98,02% 

17 90:10:00 Augmentation 97,32% 97,22% 97,21% 97,22% 
18 90:10:00 Augmentation 98,21% 99,21% 99,21% 99,21% 

19 90:10:00 Augmentation 97,21% 97,22% 97,21% 97,42% 

20 90:10:00 Augmentation 98,01% 98,02% 98,01% 98,02% 

 

            

Figure 6. Loss and Accuracy Model Graph, Confusion Matrix, ROC Curve experiment number 18 

Hold Out 90:10 with Augmentation Data 

Based on Table 5, which shows the evaluation results for the best models in each scenario, it can be concluded 

that the DenseNet169 architecture shows more stable and superior performance in the Non Augmentation data scenario, 

both in the 80:20 and 90:10 data splits. Meanwhile, ResNet50 achieves better performance with data augmentation, 

demonstrating its ability to leverage data variation to improve model generalization. 
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The best model evaluation results in experiment 18, with the ResNet50 architecture, RMSprop optimizer, and a 

learning rate of 0.001, in a 90:10 data split scenario with data augmentation, showed the best and most stable performance. 

The training and validation accuracy and loss graphs, the confusion matrix, and the ROC curve in Figure 6 are presented 

as a representation of the model's evaluation results in that experiment. 

Figure 6 shows that the loss and accuracy graphs for the data augmentation application yield a stable training 

process, with a validation accuracy of 0.9839 and a validation loss of 0.0845, indicating improved generalization on the 

ResNet50 architecture. The confusion matrix shows that data augmentation and the ResNet50 architecture produce 

consistent classification with minimal errors, while the ROC curve shows optimal class separation. In general, 

DenseNet169 outperforms non-augmentation, while ResNet50 performs better with data augmentation. The comparison 

graph of the average accuracy of the architecture and optimizer from all experiments conducted is shown in Figures 7 and 

8. 

 

Figure 7. Comparison of Average Architecture Accuracy 

 

Figure 8. Comparison of Average Accuracy Optimizer 

Figure 7 and Figure 8 compare architecture and optimizer performance under conditions with and without data 

augmentation. DenseNet169 appears superior and more stable than ResNet50 under unaugmented conditions, achieving 

an accuracy of around 95.85%, while ResNet50 declines to around 65.08%. After augmentation is applied, ResNet50's 

performance improves, and the gap with DenseNet169 becomes insignificant, indicating that ResNet50 is greatly aided 

by augmented data, while DenseNet169 is more robust on limited data. In terms of optimizers, Nadam and Adamax 

achieved the best performance in both conditions, with accuracies of approximately 96.99% and 96.21% on Augmentation 
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data, respectively, and remained superior on Non-Augmentation data. Conversely, SGD performed worst, making it 

suboptimal for the corn leaf disease classification scenario in this study. 

3.4 Model Testing 

Testing was conducted to evaluate the performance of the corn leaf disease classification system using field-collected 

image data as test data. Each image was labeled according to its class, then tested using the system to assess the 

consistency between the model's predictions and the original class. The evaluation was based on the level of prediction 

accuracy and the accuracy value produced. The results of testing the corn leaf disease classification system using 10 test 

images obtained from the field are presented in Table 6. 

Table 6. System Testing Results Using Primary Data 

No Dataset Testing Original Class 
DNN Prediction 

Class 

DNN Accuracy 

Class 
Count 

1 Leaf Image 1 Leaf Spot Leaf Spot 99,91% 1 

2 Leaf Image 2 Leaf Spot Leaf Spot 99,86% 1 

3 Leaf Image 3 Leaf Spot Leaf Spot 92,29% 1 

4 Leaf Image 4 Leaf Blight Leaf Blight 96,01% 1 

5 Leaf Image 5 Leaf Blight Leaf Blight 99,20% 1 

6 Leaf Image 6 Common Rust Leaf Spot 80,74% 0 

7 Leaf Image 7 Common Rust Leaf Blight 78,51% 0 

8 Leaf Image 8 Healthy Healthy 99,73% 1 

9 Leaf Image 9 Healthy Healthy 99,60% 1 

10 Leaf Image 10 Common Rust Leaf Spot 94,06% 0 

True Value 7 

Model Test Accuracy 93,99% 70% 

Table 6 shows the test results using 10 field image data. The corn leaf disease classification system correctly 

predicted 7 data points and incorrectly predicted 3, resulting in a prediction accuracy of 70%. The system's average 

prediction accuracy was 93.99%, indicating that the model deployed at the stage was able to classify corn leaf images 

quite well. The model tended to predict images as Leaf Spot class due to the unbalanced distribution of training data and 

the more dominant visual patterns of Leaf Spot, which were easier for the model to learn. In addition, differences in 

conditions between the training and test data during deployment, such as lighting, shooting angle, and image quality, led 

to a domain shift that reduced the model's generalization ability. This resulted in some images from other classes in the 

test table being classified as Leaf Spot. 

The field evaluation demonstrates that the model achieved only 70% classification accuracy despite obtaining 

more than 99% accuracy during laboratory testing. This performance gap indicates that high accuracy on controlled 

datasets does not necessarily translate into robust real-world performance. Misclassification mainly occurred in the 

Common Rust class, which was frequently predicted as Leaf Spot or Leaf Blight. This finding suggests that variations in 

illumination, background complexity, viewing angle, and symptom similarity significantly affect feature extraction and 

model discrimination. Although data augmentation and hyperparameter optimization improved convergence and 

laboratory performance, they were insufficient to fully overcome domain shift between laboratory and field environments. 

These results are consistent with previous studies reporting reduced generalization under real-world conditions and 

highlight the need for more diverse field datasets and domain adaptation strategies to improve deployment reliability. 

3.5 Discussion 

The results of this study show that the best configuration was achieved with the ResNet50 architecture, the RMSprop 

optimizer, and a learning rate of 0.001, in a 90:10 data split with augmentation, yielding the highest accuracy of 99.21%. 

This achievement demonstrates that combining data Augmentation, a larger training data ratio, and the selection of the 

right optimizer can significantly improve the model's generalization ability. These findings confirm that ResNet50 is 

highly responsive to data augmentation, resulting in consistent performance improvements across various testing 

scenarios. 

Compared to the study by Mustakim et al. (2024), which used the ResNet50 architecture and reported the best 

accuracy of 94.36% in a 90:10 scenario with Augmentation and the Nadam optimizer, the results of this study show a 

significant improvement in performance [21]. This difference indicates that selecting the RMSprop optimizer with an 

appropriate learning rate, along with exploring a wider range of training configurations, improves model stability and 

accuracy. Thus, this study reinforces previous findings and shows that ResNet50 still has the potential for higher 

performance when configured optimally. 

Compared to the research by Didit Iswantoro and Handayani (2022), which used a conventional CNN for two 

classes of corn leaf diseases and obtained a testing accuracy of 94%, this research shows superiority in terms of model 

complexity and classification scope [22]. This study involved four classes of corn leaf diseases, used a transfer-learning-

based deep learning architecture, and evaluated various combinations of optimizers and data partitioning scenarios. This 
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shows that a deeper, more systematic DNN approach can improve accuracy and generalization in plant disease image 

classification. 

The results of this study are also relevant when compared to the study by Ahmad et al. (2023), which evaluated 

several deep learning architectures, including DenseNet169 and ResNet50, under laboratory and field conditions, with 

the best generalization accuracy of 81.60% [12]. In this study, DenseNet169 proved superior and more stable in non-

augmentation conditions, while ResNet50 achieved the best performance with augmentation. These differences in results 

show that data characteristics, preprocessing strategies, and the application of Augmentation have a significant impact on 

the effectiveness of an architecture, even more so than the choice of architecture alone. 

In line with the research by Islam et al. (2023), which reported an accuracy of 96.96% using DNN with data 

augmentation and the Adam optimizer, and the research by Patayon and Crisostomo (2022), which showed the superiority 

of DenseNet169 in plant disease classification with an accuracy of up to 98%, this research succeeded in surpassing these 

achievements with an accuracy of over 99% [23], [24]. Furthermore, compared to Artika and Maki's (2025) study, which 

showed the highest accuracy of 95% on ResNet50, the results of this study confirm that thorough exploration of 

optimizers, learning rates, and data partitioning schemes plays an important role in optimizing model performance [25]. 

Overall, this study shows that a comprehensive evaluation of two DNN architectures, optimizer variations, learning rates, 

and data augmentation is important for improving classification performance. The results of this study not only reinforce 

previous findings but also demonstrate that combining ResNet50 with data augmentation and appropriate training settings 

can achieve high, stable accuracy. In addition, applying the model to a web-based system using Flask demonstrates that 

the results of this study can be practically used to support the identification of corn leaf diseases in field conditions. 

Overall, the findings demonstrate that the study's objective to identify an effective DNN configuration for corn 

leaf disease classification through systematic hyperparameter optimization has been successfully achieved. By evaluating 

two representative architectures, five optimizers, five learning rates, two train-test split schemes, and data augmentation 

across 200 experimental scenarios, this study shows that classification performance is determined not by network 

architecture alone but by the interaction between architectural characteristics and training configuration. The superior 

performance of ResNet50 with RMSprop indicates that residual learning, combined with adaptive optimization, leads to 

more stable convergence and more discriminative feature representations under controlled conditions. Nevertheless, the 

decline in accuracy during field testing highlights that optimizing training configurations alone is insufficient to eliminate 

domain shift, emphasizing the need for more diverse field datasets and domain adaptation techniques to improve model 

robustness and practical deployment. 

4. CONCLUSION 

This study systematically evaluated the effects of DNN architecture, optimizer, learning rate, train-test split ratio, and 

data augmentation on corn leaf disease classification through 200 experimental scenarios. The results demonstrate that 

classification performance is influenced not only by network architecture but also by the interaction between architectural 

characteristics and training configuration. Among the evaluated models, ResNet50 combined with the RMSprop 

optimizer, a learning rate of 0.001, a 90:10 train-test split, and data augmentation achieved the best laboratory 

performance, with an accuracy of 99.21%, validation accuracy of 98.39%, and validation loss of 0.0845. These findings 

confirm that appropriate hyperparameter optimization and data augmentation can substantially improve training stability 

and classification accuracy under controlled conditions. However, the field evaluation revealed that the model achieved 

only 70% accuracy, indicating that the excellent laboratory performance did not fully generalize to real-world 

environments. This limitation suggests that variations in illumination, background complexity, image quality, and 

symptom appearance remain significant challenges for practical deployment. Therefore, although the proposed model 

provides a promising baseline for automated corn leaf disease classification, further research is required to improve its 

robustness under field conditions. Future work should investigate domain adaptation techniques, more diverse field 

datasets, advanced augmentation strategies, and cross-validation-based evaluation protocols to reduce the performance 

gap between laboratory and real-world applications. 
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