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Keratitis, an inflammation of the cornea, presents significant diagnostic challenges due to 

overlapping clinical symptoms and the limited availability of expert ophthalmological 

evaluation, especially in early-stage presentations. Timely diagnosis is crucial to prevent 
permanent corneal damage and vision loss. Clinical datasets used for automated keratitis  

detection are often highly imbalanced, which can introduce classification bias and impair 

the generalization capability of deep learning–based models. To address this issue, synthetic 

data generation using generative adversarial networks (GANs) has been widely adopted to 

balance minority classes. However, the effectiveness of such data augmentation in 
improving both model performance and fairness remains underexplored. A comparative 

evaluation was performed using convolutional neural networks (CNNs) under two 

scenarios: (i) imbalanced training with real data and (ii) balanced training incorporating 

GAN-generated images. MobileNet, trained on the imbalanced dataset, achieved the highest 

accuracy of 94.53%, demonstrating high sensitivity for the dominant classes. In contrast,  
Xception trained on the GAN-balanced dataset exhibited a lower accuracy of 80.76%, 

accompanied by inconsistent recall across the target classes, despite the improved class  

distribution. Structural similarity index measure (SSIM) analysis indicated suboptimal 

visual fidelity of the synthetic images, particularly for underrepresented categories. These 

findings reveal that class balancing via GANs does not consistently enhance classification 
performance and may introduce representational noise, leading to a trade-off between class  

balance and overall accuracy. By emphasizing the importance of jointly evaluating model 

fairness and the fidelity of GAN-synthesized data, the results highlight the need for more 

adaptive and quality-aware augmentation strategies in medical image classification tasks. 
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1. INTRODUCTION

Keratitis is the fifth leading cause of corneal blindness 

globally [1-4]. One of the most severe forms of this condition 

is fungal keratitis (FK), which accounts for nearly half of 

microbial keratitis cases in developing countries, particularly 

in tropical regions [5-8]. FK frequently leads to severe visual 

impairment or permanent blindness, and approximately 25% 

of affected patients require invasive and costly surgical 

intervention [9]. Therefore, early diagnosis is essential to 

prevent serious complications. In vivo confocal microscopy 

(IVCM) is recognized as an effective imaging modality for 

keratitis diagnosis because it provides real-time, non-invasive 

visualization of corneal microstructures [7, 10]. However, the 

clinical adoption of IVCM remains limited due to high cost, 

restricted equipment availability, and reliance on operator 

expertise and patient cooperation [4, 11, 12]. With recent 

advances in artificial intelligence, deep learning–based 

methods have emerged as promising solutions for automated 

diagnosis, particularly for the analysis of complex medical 

images. 

However, deep learning–based keratitis classification faces 

major challenges, particularly class imbalance in clinical 

datasets. This imbalance biases models toward majority 

classes and often overlooks minority categories, which is 

critical for accurate diagnosis, especially under conditions of 

limited access to large medical datasets [13]. To mitigate 

dataset imbalance, oversampling strategies are commonly 

employed. These approaches are considered more 

representative than undersampling because they preserve 

information from majority classes while enhancing minority-

class representation [14]. Unlike random oversampling or the 

Synthetic Minority Oversampling Technique (SMOTE), 

generative adversarial networks (GANs) synthesize new 

minority-class samples rather than duplicating existing data. 

As a result, GANs provide a more advanced and flexible 

approach to handling data imbalance. They have been widely 

applied for synthetic data generation and for addressing 

image-level imbalance in classification tasks [15-18]. 

Research on keratitis classification using deep learning has 

progressed rapidly in recent years, with a primary focus on 

improving the accuracy and efficiency of image-based 
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diagnosis. Several studies have explored various 

convolutional neural network (CNN) architectures to 

differentiate keratitis types, particularly FK and bacterial 

keratitis (BK). For example, Kuo et al. [19] employed the 

DenseNet architecture and reported an average accuracy of 

70%. Ghosh et al. [20] compared multiple CNN models and 

found that VGG19 achieved the highest F1 score of 78% in 

detecting FK and BK. Hung et al. [21] further demonstrated 

that DenseNet161 performs effectively in analyzing slit-lamp 

images, achieving an accuracy of 78.6%. Notably, Redd et al. 

[5] showed that MobileNet can outperform corneal specialists

in keratitis classification, highlighting the clinical potential of

automated diagnostic systems. Another study proposed a

multiscale CNN, in which Mayya et al. [22] achieved an

accuracy of 88.96% in distinguishing FK from non-FK cases.

The integration of slit-lamp and smartphone images has also

been shown to improve classification performance, reaching

accuracies of up to 90% [23]. Keratitis detection based on

anterior segment images using ResNet-50 achieved an

accuracy of 81% [24]. Furthermore, an ensemble approach

combining DenseNet121, MobileNetV2, and SqueezeNet1_0

improved accuracy to 84.52% [25].

Furthermore, IVCM image–based approaches are 

increasingly adopted because they can capture detailed 

morphological features of fungal hyphae and corneal 

microstructures with high accuracy. For example, Inception-

ResNet V2 successfully detected Fusarium and Aspergillus 

fungi, achieving accuracies of 81.7% and 75.7%, respectively. 

Lv et al. [26] reported an accuracy of 93.64% for FK detection 

using fungal hyphae as the primary diagnostic indicator. 

Essalat et al. [10] demonstrated that DenseNet161 applied to 

IVCM images achieved superior diagnostic performance, with 

an accuracy of 93.55%, precision of 92.52%, recall of 94.77%, 

and an F1-score of 96.93%. These results confirm the higher 

diagnostic potential of IVCM images compared to slit-lamp 

imaging. The IVCM dataset used in their study, which also 

serves as the baseline dataset in this research, exhibits a highly 

imbalanced class distribution. It consists of 1,391 

acanthamoeba keratitis (AC), 863 FK, 536 normal (N), and 

only 231 non-specific keratitis (NSK) images. To mitigate this 

imbalance, a Weighted Random Sampler was applied. 

However, this approach only replicates minority samples 

without introducing new variations, which may increase the 

risk of overfitting. As an alternative, data synthesis–based 

methods such as GANs have gained increasing attention. In 

this study, a deep convolutional GAN (DCGAN) is employed 

to generate realistic synthetic images through adversarial 

learning between a generator and a discriminator. DCGANs 

have demonstrated strong performance in various medical 

imaging applications [27-29], including image augmentation 

tasks [2, 30]. The key advantage of GAN-based augmentation 

lies in its ability to increase the diversity of minority-class 

samples without altering their labels, thereby potentially 

improving model fairness. 

Although DCGANs have been widely applied to address 

data imbalance in medical imaging and other domains, their 

effectiveness in keratitis image classification has not yet been 

systematically investigated. This study conducts a 

comparative evaluation of DCGAN-based data balancing in 

CNN models, involving architectures such as MobileNet, 

XceptionNet, DenseNet169, ResNet50, VGG19, and 

EfficientNet-B0. All models are evaluated on both the original 

imbalanced dataset and the DCGAN-balanced dataset. The 

evaluation considers classification performance metrics, 

including accuracy, precision, recall, and F1-score, as well as 

image quality assessed using the structural similarity index 

measure (SSIM). The investigation focuses on three key 

aspects: fairness, fidelity, and performance trade-off. Fairness 

refers to the model’s ability to maintain balanced sensitivity 

across all classes, including minority categories. Sensitivity is 

defined as the ability to correctly identify positive samples 

within each class. Fidelity evaluates the visual and semantic 

similarity between synthetic and real images. The performance 

trade-off captures potential accuracy degradation caused by 

distributional noise introduced by synthetic data. This study 

aims to provide deeper insights into the effectiveness and 

limitations of DCGAN-balanced data for developing fair and 

representative deep learning–based keratitis classification 

systems. 

2. RESEARCH METHODS

This methodology is systematically designed to achieve 

the primary objective of developing and evaluating deep 

learning–based image classification models. The research 

process is divided into several structured stages, including data 

collection and preprocessing, model architecture selection, 

training under different data conditions (imbalanced and 

balanced), and performance evaluation using accuracy-related 

metrics. The complete workflow is illustrated in Figure 1, 

which presents the main steps of the proposed experimental 

framework. Each stage plays a crucial role in ensuring the 

reliability and validity of the classification results, particularly 

in addressing data imbalance, a major challenge in this 

domain. 

Based on the workflow, two experimental schemes are 

defined. In the first scheme, CNN models are trained and 

evaluated using the original imbalanced dataset. In the second 

scheme, CNN models are trained using a balanced dataset, 

following Stage 1 and Stage 2. The research begins with the 

collection of IVCM keratitis image datasets. Subsequently, 

experiments are conducted according to Scheme 1 and Scheme 

2. In Scheme 1, the dataset, which remains imbalanced,

proceeds directly to Stage 2, namely data preprocessing,

before being used for CNN training. The model achieving the

highest classification accuracy on the test dataset is selected as

the final model for keratitis diagnosis. In Scheme 2, the dataset

undergoes Stage 1 and Stage 2. Stage 1 focuses on balancing

the dataset using DCGAN. Prior to DCGAN training,

preprocessing is applied by converting images to grayscale

and normalizing pixel values. The best DCGAN model is then

selected to generate synthetic images using the generator.

Model selection is based on the training loss value, where

Binary Cross-Entropy (BCE) is employed as the loss function.

The BCE formulation is defined in Eq. (1) [31].

~

~

~

~ [ log( ( ))] [ log(1 ( ))],

[log(1 ( ))]
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(1) 

A generator with a lower BCE loss is considered more 

effective, as it indicates the ability to generate synthetic 

images that closely resemble real data. Conversely, when the 

discriminator struggles to distinguish between real and 

synthetic images, its loss value increases, reflecting improved 

quality and realism of the generated data. The synthetic images 

are then combined with real images to form a balanced dataset, 
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which is subsequently used for CNN training in Stage 2. 

Figure 1 further illustrates each sub-process of the proposed 

research workflow. 

Figure 1. Research flow diagram 

Figure 2. Distribution of keratitis classes 

2.1 Dataset collection 

In this stage, IVCM examination images are collected for 

keratitis detection. The dataset consists of four classes, defined 

according to the observed keratitis types. However, the dataset 

is highly imbalanced, with an uneven number of images across 

classes. The class distribution is presented in Figure 2. This 

imbalance can introduce bias during model training, causing 

the model to favor majority classes while exhibiting reduced 

sensitivity toward minority classes. Therefore, in the 

subsequent stage, data imbalance is explicitly addressed to 

ensure fairer and more representative classification 

performance across all classes. 

2.2 Data pre-processing 

Poor-quality data can significantly reduce model accuracy 

and lead to incorrect predictions, making it crucial to enhance 

dataset quality through preprocessing. Model performance can 

also be improved by introducing variations to image data. Data 

augmentation encompasses a set of strategies designed to 

expand and refine the size and characteristics of images [13]. 

For images, augmentation techniques may include scaling, 

rotation, horizontal or vertical flipping, shifting, and more 

[32]. In this study, only scaling was applied, and all images in 

the dataset were standardized to the same size. Scaling, or 

normalization, of image dimensions and color channels was 

performed to meet the requirements of the CNN model 

architecture. This approach aims to enable the m odel to 

recognize visual patterns more accurately while reducing 

sensitivity to variations in data distribution. 

2.3 Model implementation 

2.3.1 Generative adversarial networks 

GAN is a type of artificial neural network architecture 

comprising two main models: a  generator and a discriminator, 

which compete with each other during the training process. 

GANs have proven highly effective in generating realistic 

synthetic data across a variety of domains, including images, 

audio, text, and more. The GAN architecture is illustrated in 

Figure 3. In Figure 3, the generator produces synthetic data 

from noise, while the discriminator distinguishes between real 

and synthetic data. Both are trained alternately until the 

generator can produce data that is challenging for the 

discriminator to differentiate. This study employs DCGAN, an 

enhanced GAN variant with convolutional layers as its 
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backbone [3, 33]. 

The generator architecture in this study is designed to 

generate synthetic images resembling the original data from a 

100-dimensional random vector input. The architecture begins 

with a Dense layer that expands the input dimensionality to 

65,536, followed by normalization and LeakyReLU 

activation. The output is then reshaped into a spatial form (16 

× 16 × 256) and passed through three consecutive 

Conv2DTranspose layers to gradually enlarge the spatial 

dimensionality to (128 × 128 × 1), corresponding to the target 

image dimensions, interspersed with BatchNormalization and 

LeakyReLU activation to maintain stability and non-linearity 

during training. This architecture is shown in Table 1. 

Meanwhile, Table 2 presents the discriminator architecture. 

Figure 3. Generative adversarial networks (GAN) architecture [18] 

Table 1. Generator architecture 

Layer Input Output 

Dense (None,100) (None,65536) 

BatchNormalization (None,65536) (None,65536) 
LeakyRelu (None,65536) (None,65536) 

Reshape (None,65536) (None,16,16,256) 

Conv2DTranspose (None,16,16,256) (None,32,32,128) 

BatchNormalization (None,32,32,128) (None,32,32,128) 

LeakyRelu (None,32,32,128) (None,32,32,128) 
Conv2DTranspose (None,32,32,128) (None,64,64,64) 

BatchNormalization (None,64,64,64) (None,64,64,64) 

LeakyRelu (None,64,64,64) (None,64,64,64) 

Conv2DTranspose (None,128,128,1) (None,128,128,1) 

Table 2. Generator architecture 

Layer Input Output 

Conv2D (None,128,128,1) (None,64,64,64) 

LeakyRelu (None,64,64,64) (None,64,64,64) 

Dropout (None,64,64,64) (None,64,64,64) 

Conv2D (None,64,64,64) (None,32,32,128) 
LeakyRelu (None,32,32,128) (None,32,32,128) 

Dropout (None,32,32,128) (None,32,32,128) 

Flatten (None,32,32,128) (None, 131072) 

Dense (None,131072) (None,1) 

The discriminator is responsible for distinguishing between 

the original images and the fake images generated by the 

generator. This network receives input images of size 128 × 

128 × 1 and processes them through two consecutive Conv2D 

layers that reduce resolution while extracting features, 

followed by LeakyReLU activation and dropout to prevent 

overfitting [34]. The resulting feature maps are then flattened 

into a one-dimensional vector and classified by a dense layer 

into a single scalar output, representing the probability that the 

image is real or synthetic. These two networks are trained 

adversarially to achieve a balance between image quality and 

detection accuracy. The GAN was trained for 3,000 epochs 

with a batch size of 32, using binary cross-entropy loss and the 

Adam optimizer with a learning rate of 1e-4. The choice of 

3,000 epochs was empirically determined to allow sufficient 

adversarial convergence between the generator and 

discriminator, ensuring that the model achieves stable training 

without premature saturation [35, 36]. The learning rate of 1e -

4 was selected to maintain gradient stability and prevent 

oscillations during adversarial updates. 

2.3.2 CNN 

CNNs are specifically designed for processing image data 

and consist of multiple layers, including convolutional, 

pooling, and activation layers. A key advantage of CNNs is 

their ability to automatically extract features from images 

without the need for manual feature engineering [37]. This 

capability makes CNNs highly effective for image 

classification. The CNN architecture used for classification is 

illustrated in Figure 4. The core component of a CNN is the 

convolutional layer, which employs kernels or f ilters to 

generate relevant features (feature maps) from the input image. 

The convolution operation can be interpreted as the repeated 

application of a function to the output of another function. In 

the context of CNNs, it facilitates the extraction of important 

patterns from images. After passing through multiple 

convolutional and pooling layers, the CNN output is converted 

into a one-dimensional vector using a flattening layer. This 

step is essential for preparing the data before it is fed into the 

fully connected layers for final classification. The CNN 

models employed in this study include DenseNet169, 

MobileNet, ResNet50, VGG19, XceptionNet, and 

EfficientNetB0. These architectures were selected to represent 

a range of model complexities and design principles. 

MobileNet and EfficientNetB0 serve as lightweight and 

efficient models, whereas DenseNet169, ResNet50, VGG19, 

and XceptionNet represent deeper, high-capacity networks. 

This selection allows for a comprehensive evaluation of GAN-

based balancing performance across different CNN 

characteristics. These models serve as baseline architectures 

for feature extraction from 128 × 128 × 3 input images, as 

depicted in Figure 5. Each backbone model extracts spatial 

representations through convolutional layers, which are then 

passed to the head layer via global average pooling and 

multiple fully connected layers for final classification into four 

classes using the Softmax activation function. 
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Figure 4. Convolutional neural network (CNN) architecture for image classification [38] 

Figure 5. Proposed convolutional neural network (CNN) architecture with backbone as feature extractor and head for four-class 

classification 

2.3.3 Performance evaluation 

Model performance evaluation is conducted using the 

Precision, Recall, F1-Score, and Accuracy metrics. 

Calculating these metrics requires an understanding of several 

key terms. True positives (TP) refer to instances of the positive 

class that are correctly classified as positive. True negatives 

(TN) are instances of the negative class correctly classified as 

negative. False positives (FP) describe instances of negative 

data incorrectly classified as positive, while false negatives 

(FN) are instances of positive data incorrectly classified as 

negative. Each evaluation metric is calculated using Eqs. (2)-

(5) [10, 32, 39-42]:

TP
Precision

TP FP
=

+
(2) 

TP
Recall

TP FN
=

+
(3) 

2
1

Precision Recall
F Score

Precision Recall

 
− =

+
(4) 

TP TN
Accuracy

TP FP TN FN

+
=

+ + +
(5) 

The SSIM is used in this study to evaluate the quality of 

synthetic images generated by a GAN-based generative 

model. SSIM assesses the similarity between the original and 

synthetic images based on luminance, contrast, and structure. 

SSIM values range from -1 to 1, with 1 indicating perfect 

similarity. The calculation is performed by dividing the image 

into small blocks, calculating local statistics, and aggregating 

them into an overall score. This approach is considered more 

perceptually representative tha n conventional metrics such as 

mean square error (MSE) or peak signal-to-noise ratio 

(PSNR), making it more suitable for assessing the visual 

quality of synthetic data [43]. The SSIM calculation follows 

Eq. (6). x and y are the two images being compared, μ is the 
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average pixel intensity of the image, σ2 is the variance of the 

image, σxy is the covariance between the two images, and c is 

a  small constant to avoid division by 0 and stabilize the 

calculation. 

( ) ( )
( ) ( )

1 { } 2

2 2 2 2

1 2

2 2
SSIM( , )

x y xy

x y x y

c c
x y

c c

  

   

+ +
=

+ + + +
(6) 

3. RESULTS AND DISCUSSION

The performance evaluation of CNN models in this study 

was conducted using four main metrics: Precision, Recall, F1-

Score, and Accuracy. This evaluation was applied to two 

scenarios: (1) original imbalanced dataset, and (2) balanced 

dataset based on GAN. In this study, CNN was trained using 

128 × 128 pixel images for 50 epochs with a batch size of 32. 

The model was fitted with a dropout of 0.3 and optimized 

using Adam (learning rate of 1e-4) with a categorical cross 

entropy loss function. The dataset was split with an 80:20 ratio 

for training and testing. Table 3 summarizes the performance 

of six CNN architectures in imbalanced and balanced dataset 

scenarios. In imbalanced data, almost all models showed high 

performance. MobileNet and XceptionNet were the top two 

models with accuracies of 94.53% and 94.20%, respectively, 

and F1-Scores above 93%, indicating effectiveness in 

recognizing patterns from the original data despite the 

imbalanced class distribution.  

Table 3. Model testing results under both scenarios 

No. Model 
Evaluation Metrices Imbalanced Scenario Evaluation Metrices Balanced Scenario 

Precision Recall F1-Score Accuracy Precision Recall F1-Score Accuracy 

1 DenseNet169 90.56% 91.38% 90.64% 91.38% 81.31% 78.06% 73.72% 78.06% 

2 MobileNet 94.05% 94.53% 93.97% 94.53% 84.38% 78.24% 72.94% 78.24% 

3 ResNet50 91.43% 92.21% 91.67% 92.21% 79.56% 79.14% 76.23% 79.14% 

4 VGG19 90.79% 91.38% 89.33% 91.38% 83.81% 78.06% 72.43% 78.06% 

5 XceptionNet 94.21% 94.20% 93.19% 94.20% 82.40% 80.76% 78.60% 80.76% 
6 EfficientNetB0 51.09% 57.38% 50.04% 57.38% 22.29% 44.33% 29.65% 44.33% 

Figure 6. Comparison of model performance on imbalanced datasets 

Figure 7. Comparison of model performance on balanced datasets 
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Table 4. Performance degradation after balancing 

Model Accuracy Imbalanced Data (%) Accuracy Balanced Data (%) Decrease in Accuracy (%) 

EfficientNetB0 57.38 44.33 22.74 
DenseNet169 91.38 78.06 14.58 

VGG19 91.38 78.06 14.58 

ResNet50 92.21 79.14 14.17 

XceptionNet 94.2 80.76 14.27 

MobileNet 94.53 78.24 17.23 
Mean 16.26 

DenseNet169, ResNet50, and VGG19 also demonstrated 

strong performance with accuracy above 91%. However, when 

the data was balanced using synthetic data generated by 

GANs, performance decreased across all models. 

DenseNet169's F1 score dropped from 90.64% to 73.72%. 

Similarly, MobileNet and XceptionNet experienced a decrease 

in F1 scores. The most significant decrease occurred in 

EfficientNetB0, where its accuracy dropped drastically from 

57.38% to just 44.33%, and its F1 score dropped from 50.04% 

to 29.65%. Statistical analysis using a paired t-test (T = 

26.843, p < 0.001) confirmed that the dif ference in model 

performance between the imbalanced and DCGAN-balanced 

datasets was statistically significant. This finding suggests that 

the accuracy drop observed after balancing is not random but 

rather a systematic effect likely caused by the generative data 

characteristics. The synthetic images produced by DCGAN 

may not fully capture the intrinsic variability of real samples, 

leading to feature mismatches and lower discriminative power 

across CNN architectures. 

Figure 6 presents a visualization comparing the 

performance of the six models on imbalanced data. It is clear 

that the majority of models fall within the 90–94% accuracy 

range, demonstrating consistent and stable performance in the 

face of imbalanced class distributions. MobileNet, 

XceptionNet, and ResNet50 models are among the best 

performers, confirming their ability to extract important 

features from IVCM images even without any balancing 

process. This visualization also shows that despite the 

imbalanced classes, the models are still able to provide 

accurate predictions by exploiting consistent patterns in the 

data. This indicates that the training and preprocessing 

techniques used are quite effective in handling class imbalance 

without requiring additional intervention. 

Figure 7 shows a significant performance drop after 

balancing by adding synthetic data. All models experienced a 

decrease in accuracy and F1 score, indicating that balancing 

did not have a significant positive impact in the context of this 

dataset. For example, MobileNet and XceptionNet, which 

previously recorded high accuracy above 94%, experienced a 

significant decline after balancing. This pattern of decline was 

consistent across almost all models. This suggests that the 

GAN-balanced data may not be realistic enough or may even 

introduce noise into the training process. This finding is 

supported by studies showing that excessive synthetic data can 

lead to performance degradation because small modes in the 

original data appear as noise [44]. The performance 

degradation reflected in Figure 7 underscores that the 

generative model-based balancing process requires special 

attention in validating the quality of synthetic data. Models 

that initially performed well on the original data actually 

experienced performance degradation when confronted with 

the combined data. This visualization supports the argument 

that balancing does not always guarantee improved accuracy, 

especially if the distribution and quality of the additional data 

are suboptimal. 

This performance decline is further clarified in Table 4, 

which quantitatively shows the magnitude of the accuracy 

drop. EfficientNetB0 experienced the highest decline at 

22.74%, while ResNet50 recorded the lowest decline at 

14.17%. Overall, the average accuracy decline among the six 

models was 16.26%. This indicates that balancing using 

synthetic data has not fully improved the model's 

generalization ability. This finding suggests that the quality of 

synthetic data needs to be improved to more closely reflect the 

characteristics and distribution of the original data, both in 

terms of texture, morphology, and clinical variations in IVCM 

keratitis images. 

Table 5 displays the average SSIM score of synthetic 

images generated by the GAN model for each class. SSIM is 

used to assess how structurally similar synthetic images are to 

the original images. The results show that the N class has the 

highest score, at 73.76%, indicating that the quality of 

synthetic images in this class is closer to the original data than 

other classes. Meanwhile, the NSK and FK classes obtained 

relatively low scores, at 57.35% and 58.54%, respectively, 

indicating a structural mismatch between synthetic and 

original images in these classes. When it comes to balancing 

requirements, it can be seen that the NSK class requires the 

most synthetic images, followed by the N class, and the FK 

class. The correlation between data requirements and SSIM 

scores indicates that the more synthetic data required, the more 

difficult it is for the model to generate images with structures 

that closely resemble the original data. This is evident in the 

NSK class, which, in addition to having the highest data 

requirements, also recorded the lowest SSIM score. In general, 

low SSIM scores in minority classes may indicate that GANs 

are not yet able to replicate the complexity and texture 

variation of these classes with a limited number of training 

samples. Therefore, these results emphasize the need to 

improve GAN training capacity and stability, particularly for 

generating representative synthetic data for classes with highly  

skewed distributions. 

Table 5. SSIM evaluation of synthetic images 

No. Class GAN Average SSIM Score 

1 N 73.76% 

2 NSK 57.35% 

3 FK 58.54% 

Figure 8 depicts the relationship between model complexity 

(in terms of the number of parameters) and model accuracy on 

imbalanced and balanced data. Figure 8 illustrates that the 

relationship between model complexity (number of 

parameters) and accuracy is non-linear, especially when the 

data is balanced using synthetic images. MobileNet, with a 

total of 3,917,360 parameters, shows high accuracy on 

imbalanced data due to the efficiency of its lightweight 
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architecture, but its performance drops significantly after 

balancing, indicating its limitations in handling variations in 

synthetic data. EfficientNetB0, despite having only 4,869,139 

parameters, produces the lowest accuracy in both scenarios, 

indicating that parameter efficiency alone is not sufficient to 

guarantee robustness to new distributions. In contrast, 

DenseNet169, with 13,659,056 parameters, shows high 

accuracy and relative stability, reflecting the advantage of 

dense connectivity in maintaining robust feature 

representations amid changing data distributions. 

Figure 8. Comparison of model accuracy versus model complexity  

Figure 9. Training and validation accuracy curves of 

MobileNet on imbalanced data  

Figure 10. Training and validation accuracy curves of 

MobileNet on balanced data  

High-complexity models like ResNet50 (24,800,496 

parameters), VGG19 (20,450,736), and XceptionNet 

(22,074,264) achieve high accuracy but show signs of 

performance saturation after the balancing process, which 

could be caused by noise or a mismatch in the characteristics 

of the synthetic data. XceptionNet remains consistent thanks 

to its efficient and depthwise separable convolutional 

architecture, while ResNet50 excels thanks to its deep shortcut 

connections. However, VGG19 tends to stagnate due to its 

conventional architecture and lack of adaptability to new 

distributions. This analysis emphasizes the importance of 

choosing an architecture with the right balance between 

capacity and generalization, especially when handling GAN-

based synthetic data.  

Based on the training and validation accuracy curves shown 

in Figure 9 and Figure 10, the models demonstrated stable 

convergence by the end of the 50 training epochs. In the 

imbalanced dataset condition (Figure 9), the training accuracy 

increased rapidly and approached a value close to 1, while the 

validation accuracy exhibited relatively high fluctuations up to 

around epoch 30. However, after that point, the oscillations 

gradually diminished and stabilized around an accuracy of 

0.95, indicating that the learning process had reached a balance 

between fitting and generalization. In the balanced dataset 

condition with DCGAN (Figure 10), a  similar trend was 

observed, where the validation accuracy showed more 

noticeable oscillations in the early epochs but became 

progressively stable after epoch 30, suggesting that the model 

had achieved adequate convergence. Moreover, there were no 

significant signs of overfitting, as the gap between training and 

validation accuracy remained relatively small toward the end 

of training. 

Figure 11 shows the generator and discriminator loss values 

in the GAN models for each class. The results indicate that the 

normal class has the lowest generator loss (0.4357) and the 

highest discriminator loss (2.3918), suggesting that the 

generator successfully produces synthetic images that are 

realistic enough to be difficult for the discriminator to 

distinguish [36]. In contrast, for the NSK class, the generator 
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loss value was the highest (0.6856) with the lowest  

discriminator loss (1.4812). This suggests that the generator 

has difficulty representing the characteristics of this class, and 

the discriminator can easily distinguish synthetic images from 

real images. This reflects a possible failure of the generator in 

optimally capturing the distribution of the NSK class, which 

could be caused by feature complexity or limited original data 

for that class. For the FK class, the loss value is between the 

other two classes, with a generator loss of 0.5912 and a 

discriminator loss of 1.7276, indicating relatively stable 

training but still not achieving optimal synthesis quality. These 

findings suggest that although the chosen configuration 

enabled partial learning convergence, instability remained 

during adversarial training. This limitation likely contributed 

to the relatively poor classification performance observed after 

DCGAN-based balancing. 

Figure 11. Loss values of the generator and discriminator in 

the GAN models for each class 

Figure 12.  Confusion matrix of MobileNet trained on 

imbalanced data  

Figure 12 shows the confusion matrix of a MobileNet model 

trained on the imbalanced dataset. Under these conditions, the 

model tends to be biased toward the majority classes, 

particularly AK and FK, which achieve nearly perfect 

predictions (278 and 167, respectively), while the NSK class 

exhibits a high number of misclassifications, with only 21 

correctly classified samples. This indicates that minority 

samples, such as NSK, are not adequately represented in the 

learning process. After applying balancing (Figure 13), the 

model's performance against the majority class remains 

excellent, with AK, FK, and N correctly classifying 274, 273, 

and 274 samples, respectively. The number of 

misclassifications across these three classes is minimal, 

indicating that the model has high sensitivity and good fairness 

toward the AK, FK, and N classes. This shows that balancing 

does not impair the model's performance on these major 

classes and, in fact, strengthens its classification stability. 

However, the NSK class is different. Despite the increase in  

the number of NSK samples, the classification results still 

show a high error rate, with only 49 samples correctly 

classified out of a total of 278. The majority of the NSK 

samples are misclassified into the AK (27), FK (161), and N 

(41) classes. This confirms that the NSK class, as a category

of NSK, naturally has a broad and unstructured scope and

tends to overlap with the characteristics of other classes. This

phenomenon is also consistent with the low SSIM value in the

augmentation results for the NSK class, which indicates that

the quality of synthetic images or visual representations of this

class is indeed less consistent or homogeneous. Overall, the

balancing process successfully improved the sensitivity and

fairness significantly for the AK, FK, and N classes, but still

faces challenges in the NSK class due to limited visual 

representation and unclear category boundaries, which are

indeed the nature of the “non-specific” class. A similar pa ttern

occurs with XceptionNet in Figures 14 and 15. However,

interestingly, XceptionNet is able to classify more NSK

samples than the MobileNet model.

Figure 16 shows an example of the prediction results from 

the best model, MobileNet, trained on the imbalanced dataset. 

It can be observed that the model correctly classifies images 

from the AK, FK, and N classes, demonstrating high accuracy 

for these classes. However, misclassification occurs only for 

data from the NSK class, which is incorrectly predicted as AK 

or FK. This indicates that the characteristics of NSK images 

are not consistently represented by the model. This 

phenomenon also aligns with previous evaluation results that 

showed low sensitivity to NSK classes, reinforcing the 

importance of approaches that consider semantic fidelity when 

dealing with broad and undefined classes. 

Figure 13. Confusion matrix of MobileNet trained on 

balanced data  

799



Figure 14. Confusion matrix of XceptionNet trained on 

imbalanced data  

Figure 15. Confusion matrix of XceptionNet trained on 

balanced data  

Figure 16. Sample prediction results from the best model (MobileNet trained on imbalanced data) 

4. CONCLUSION

This study critically examined the impact of data balancing 

using DCGAN on automated multiclass keratitis classification 

with deep convolutional neural networks. Although GAN-

based data synthesis has theoretical potential in addressing 
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data imbalance, the experimental results consistently 

demonstrated a decline in classification performance after 

balancing. This was particularly evident in the decrease of 

overall accuracy, precision, and F1-score compared to models 

trained on the origina l imbalanced dataset. For instance, 

MobileNet trained on the real-world imbalanced data achieved 

the highest accuracy of 94.53% with strong sensitivity for 

dominant classes. In contrast, Xception trained on the 

balanced dataset incorporating synthetic images yielded a 

significantly lower accuracy of 80.76% and variable recall 

values across all target classes. Further evaluation using SSIM 

analysis revealed that the quality and fidelity of GAN-

generated images, especially for underrepresented classes, 

were insufficient. These synthetic images likely introduced 

noise into the training process, contributing to the decline of 

the model's generalization capability. 

Notably, fairness across AK, FK, and N classes remained 

high even in the imbalanced setting, with strong sensitivity and 

low misclassification. However, the broad and ambiguous 

nature of the NSK class resulted in poor representation and 

frequent misclassification, emphasizing a trade-off in 

performance introduced by GAN. This suggests that using 

GANs for balancing without careful assessment may result in 

representational dilution rather than meaningful 

improvements in model fairness. The findings emphasize the 

importance of not only balancing class distribution but also 

ensuring the semantic realism and diagnostic relevance of 

synthetic data in medical image classification tasks. 

However, this study is limited to DCGAN and a single 

medical image dataset, which may restrict the generalizability 

of the results. Future research should explore other GAN 

variants (e.g., StyleGAN, CycleGAN, diffusion-based GAN) 

and more diverse datasets, focusing on adaptive, quality-aware 

balancing methods or hybrid balancing frameworks that 

combine standard balancing (SMOTE, Random Weighted, 

etc.) and GAN-based synthesis. Such approaches can 

incorporate domain-specific knowledge to enhance 

robustness, fairness, and diagnostic reliability. 
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