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Abstract 

Imbalanced datasets often hinder the generalization capability of Convolutional Neural Networks (CNNs) in medical 

image classification, leading to overfitting and reduced performance on minority classes. This study aims to develop 

an acne severity classification model using EfficientNet-B1 combined with geometric and photometric  

augmentation, as well as  and Deep Convolutional Generative Adversarial Network (DCGAN)-based augmentation 

to address class imbalance. The dataset consists of 1,380 facial images categorized into four acne severity levels: 

Normal, Level 0, Level 1, and Level 2. Preprocessing includes RGB conversion, bilinear resizing, and center 

cropping. The data are split into training (80%), validation (10%), and testing (10%) sets. Geometric and photometric 

augmentation applies horizontal flipping, 45° rotation, color jittering, and random resized cropping, while DCGAN 

generates synthetic samples to balance minority classes. The EfficientNet-B1 model is fine-tuned using compound 

scaling, MBConv blocks, Swish activation, Batch Normalization, Cross-Entropy loss, and AdamW optimizer, with 

5-fold cross-validation for robustness. Experimental results demonstrate that DCGAN-based augmentation achieves 

superior performance, with a test accuracy of 94% and an average F1-score of 0.93, outperforming geometric and 

photometric data augmentation (90% accuracy and 0.88 F1-score). DCGAN augmentation also significantly reduces 

misclassification between visually similar acne severity levels, particularly Level 0 and Level 1. These findings 

indicate that integrating DCGAN with EfficientNet-B1 effectively enhances generalization on imbalanced medical 

image datasets, providing a robust and replicable framework for acne severity classification and related medical 

imaging applications. 
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1. INTRODUCTION 

Significant progress in deep learning has provided a robust mathematical basis for numerous 

applications in pattern recognition, especially within digital image processing. Convolutional Neural 

Networks (CNNs) excel at pulling out spatial features by using convolution operations. These operations 

are, mathematically, linear multiplications of filter kernels with image matrices, subsequently enhanced 

by non-linear activation functions [1][2]. The hierarchical nature of convolutional neural networks 

allows for a progressive feature extraction. Initial layers capture fundamental components such as edges 

and corners, while subsequent deeper layers synthesize these into more complex structures, textures, 

and distinctive patterns [3]. This step-by-step learning approach empowers CNNs to detect key patterns 

in images effectively, proving them a powerful tool for tasks involving image-based pattern recognition 

and classification [4]. As a result, CNNs perform exceptionally well in diverse image classification 

areas, including object recognition, medical diagnostics from images, and similar visual identification 

challenges [5][6]. 

https://jutif.if.unsoed.ac.id/
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Increasing the amount and variety of data is an important factor in the success of CNN model 

training, so data augmentation becomes a crucial part in image processing  [7][8]. Challenges such as 

overfitting and data imbalance, especially in medical image classification, often cause model bias 

towards the majority class and reduce performance on the minority class. To overcome these problems, 

data augmentation is widely applied through geometric and photometric transformations such as 

rotation, translation, flipping, and color changes, as well as through Generative Adversarial Network 

(GAN)-based approaches [9]. Recent research shows that GAN-based augmentation is able to produce 

synthetic images that represent the minority data distribution more realistically than geometric and 

photometric augmentation, thereby increasing accuracy and F1-score values on imbalanced datasets 

[10][11]. This approach has also been proven effective in various medical image classification 

applications, such as ultrasound and mammography, especially when the amount of training data is 

limited [12][13]. Recent research shows that GAN models are effective in dealing with limited data 

volume and class imbalance in medical image datasets, with an increase in classification accuracy of 

about 6% compared to conventional methods on imbalanced medical data [14]. One of the widely used 

GAN variants is the Deep Convolutional Generative Adversarial Network (DCGAN), which is designed 

to generate high-quality synthetic images and enrich the variety of training data to improve the 

generalization capabilities of CNN models [15]. 

The choice of architecture is also a critical factor in determining CNN performance. Recent 

studies highlight that the EfficientNet architecture introduces the concept of compound scaling, a 

strategy that simultaneously adjusts depth, width, and input resolution to achieve improved efficiency 

[16]. Studies have shown that this architecture can reach high precision while using far fewer parameters 

than other models like ResNet and Inception [16]. For example, one investigation into lung cancer 

histopathology images found that EfficientNet-B1 attained a classification accuracy of 99.8% [17]. 

These benefits position EfficientNet-B1 as a well-suited choice for medical image classification, such 

as in the analysis of dermatological images [18][19]. 

Previous research applying CNNs to classify acne severity has reported a range of outcomes. 

MobileNetV2 was used in one study to differentiate four severity levels, reaching an accuracy of 

87.29%[20]. Another study that evaluated architectures including VGG16, ResNet50, and InceptionV3 

found the best accuracy to be 71% for a three-class acne severity task [21]. Such work confirms that 

CNN models can detect fine textural and color differences in images of acne-affected skin, achieving 

strong classification results [22]. 

Most studies on acne severity classification still rely on CNN with conventional augmentation, 

making it less effective in handling data imbalance in limited medical datasets [23][24]. Although GAN-

based augmentation has been shown to improve performance on various medical images, the application 

of DCGAN combined with EfficientNet-B1 for acne severity classification is still rare in previous 

studies [25][26]. 

Based on existing literature, there remains potential to improve model efficiency and feature 

learning in medical image classification tasks. Therefore, this study implements the EfficientNet-B1 

architecture combined with data augmentation using DCGAN. DCGAN is utilized to generate synthetic 

images that closely resemble the original dataset, thereby increasing training data diversity while 

preserving essential feature characteristics of acne images. This strategy aims to address data scarcity 

and reduce the risk of overfitting. EfficientNet-B1 is selected due to its compound scaling mechanism, 

which optimally balances network depth, width, and input resolution in a unified manner. Accordingly, 

this study develops an EfficientNet-B1 model integrated with DCGAN to achieve accurate and 

computationally efficient acne severity classification with strong generalization capability, even when 

trained on limited datasets. 

https://jutif.if.unsoed.ac.id/
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2. METHOD 

This study aims to develop a model for classifying acne severity levels using the EfficientNet-B1 

architecture in combination with two augmentation strategies: geometric and photometric augmentation 

and DCGAN-based augmentation. The research workflow is organized sequentially, beginning with 

data preparation, image preprocessing, dataset partitioning, augmentation implementation, model 

training, and concluding with performance evaluation. 

An overview of the entire methodology is depicted in Figure 1, outlining the key stages from 

dataset collection and preprocessing to splitting, augmentation, training, and evaluation. 

 

 

Figure 1. Research Flow 

2.1. Research Data   

The image data for this project was sourced from the Roboflow platform, specifically from a 

repository named "Acne Classification" (accessible at https://universe.roboflow.com/pytorchenv/acne-

classification-kz7m8). It comprises facial images labeled into four acne severity categories: Normal, 

Level 0, Level 1, and Level 2. The images within each class show differences in skin appearance, 

redness, the presence of blackheads or whiteheads, lighting conditions, and camera angles. The original 

dataset exhibited an uneven distribution of samples across these classes, necessitating the use of 

augmentation in later steps. This dataset formed the foundation for training, validating, and ultimately 

testing the EfficientNet-B1 model developed in this work. 

2.2. Data Preprocessing 

The preprocessing phase involves standardizing image dimensions and formats before they are 

used for DCGAN augmentation and fed into the EfficientNet-B1 model. This step corrects 

inconsistencies in image sizes and color channels. Following this standardization, the complete dataset 

is divided into separate sets for training, validation, and testing. 

2.2.1. Color Format Conversion  

The color conversion step ensures every image has a uniform channel structure. Images in 

grayscale (with a single channel) are transformed into RGB format by replicating their single intensity 

value across three identical channels. For images with an RGBA format (which includes a transparency 

or alpha channel), the alpha channel is discarded, retaining only the red, green, and blue channels. 

Images already in standard RGB format are left unchanged. 

This process guarantees all inputs adhere to the three-channel format expected by the neural 

network. Converting one-channel images to three channels also allows CNN models to learn from more 

detailed feature information than would be possible with grayscale inputs alone [27]. 

2.2.2. Resize  

In this study, all images were resized to match the pixel dimensions required for input into both 

the DCGAN augmentation and the EfficientNet-B1 model. This resizing process can be expressed by 

the following equation: 

https://jutif.if.unsoed.ac.id/
https://universe.roboflow.com/pytorchenv/acne-classification-kz7m8
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𝑇resize: ℝ𝐻𝑖×𝑊𝑖×3 → ℝ240×240×3. (1) 

The scaling technique applied is bilinear interpolation. This method determines the value of each 

new pixel by taking a weighted average of the four closest pixel values from the original image. 

𝐼resized(𝑥′, 𝑦′) = ∑ ∑ 𝐼(𝑥𝑖, 𝑦𝑗)  𝑤(𝑥′, 𝑖)  𝑤(𝑦′, 𝑗),

1

𝑗=0

1

𝑖=0

 (2) 

The equation provided models this interpolation. In it 𝑥′and 𝑦′ are the coordinates of a pixel in 

the new, resized image. The terms 𝑥𝑖and 𝑦𝑗correspond to the coordinates of the four original pixels that 

are nearest to this new location, used as reference points in the calculation. 

𝑥𝑖 = ⌊𝑥′⌋ + 𝑖, (3) 

 𝑦𝑗 = ⌊𝑦′⌋ + 𝑗, (4) 

The weights, 𝑤(𝑥′, 𝑖)and 𝑤(𝑦′, 𝑗) are linear coefficients that define how much each of these four 

neighboring pixels influences the final calculated value for the new pixel. 

This bilinear approach is a standard practice in image processing [28]. It results in resized images 

that have smoother gradients in color and brightness, reducing unwanted visual artifacts like blockiness 

or jagged edges when an image's dimensions are changed. 

2.2.3. Center Crop 

Preprocessing included a center crop operation to ensure that the main region of the images 

remained consistently positioned. This process is commonly used in image processing workflows to 

maintain composition and reduce edge noise. Center cropping has also been applied in recent studies 

using crop-based preprocessing to enhance the quality of visual features in deep learning models. [29]. 

2.2.4. Data Splitting 

The dataset was divided using three parameters: α (alpha), β (beta), and γ (gamma). These 

represent the fractions of data designated for the training set, validation set, and test set, respectively. 

Each parameter is a value between 0 and 1, and they must collectively sum to 1. 

𝛼 + 𝛽 + 𝛾 = 1 (5) 

∣ 𝐷train ∣= 𝛼𝑁, ∣ 𝐷val ∣= 𝛽𝑁, ∣ 𝐷test ∣= 𝛾𝑁 (6) 

The number of samples in each subset is determined by multiplying its corresponding parameter 

(α, β, and γ) by 𝑁 which is the total count of images in the full dataset. How the data is partitioned 

between training and evaluation phases is known to influence a model's final performance and its ability 

to generalize to new data, a consideration highlighted in meta-learning research [30]. 

2.3. Data Augmentation 

2.3.1. Geometric and Photometric Augmentation 

In this study, four distinct geometric and photometric augmentation methods were utilized: 

horizontal flipping, 45-degree rotation, color jittering, and random resized cropping. Flipping images 

horizontally varies the orientation of features within them. Rotating images by 45 degrees adds diversity 

to the apparent viewpoint, aiding the model's adaptability. Color jitter mimics different lighting 

environments, and random resized cropping forces the model to identify features regardless of their scale 

or exact position in the frame. 

https://jutif.if.unsoed.ac.id/
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a. Horizontal Flip 

Mathematically, a horizontal flip reflects an image of width 𝑊 and height 𝐻 across its vertical 

centerline. A pixel located at coordinates (𝑥, 𝑦) is moved to its mirrored position at(𝑊 − 𝑥 − 1, 𝑦), 

producing a left-right reversed version of the original image. 

𝐼′(𝑥, 𝑦) = 𝐼(𝑊 − 𝑥 − 1, 𝑦) (7) 

Transformations like flipping and rotation are proven methods for making the training data more 

varied, which assists the model in developing stronger, more adaptable internal representations. 

Horizontal flipping, specifically, is a widely adopted technique to artificially broaden the range of object 

positions and angles seen during training, without changing what the objects fundamentally are [31]. 

b. Rotation  

The rotation transform creates different perspectives by rotating every pixel's coordinates by a set 

angle. This enriches the dataset, helping the model become less sensitive to how an object is turned or 

oriented. In mathematical terms, this 2D rotation is expressed as a linear transformation. 

[
𝑥′
𝑦′

] = [
𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃
𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜃

] [
𝑥
𝑦] (8) 

This process maps each original pixel (𝑥, 𝑦) to a new position (𝑥′, 𝑦′), allowing the same visual 

pattern to appear in multiple orientations. This approach is particularly effective for improving a model's 

generalizability when working with limited data, as rotation can reduce a network's reliance on specific 

poses and broaden the variety of spatial patterns it encounters [32]. 

c. Color Jitter 

Color jitter augmentation alters an image's brightness and contrast to replicate the variations found 

in natural light. Brightness is changed by uniformly shifting pixel values, while contrast is adjusted by 

scaling how much pixels deviate from the image's average intensity. This process improves how well 

the model copes with different lighting scenarios and strengthens its performance across varied visual 

conditions [33], [34]. 

d. Random Resized Crop 6 

Random Resized Crop is used as a spatial augmentation by randomly selecting a portion of the 

image and then resizing it back to the model’s input dimensions. This technique increases the variation 

of visible object regions and prevents the model from relying on a fixed position, as objects can appear 

in different locations within the image [35]. 

Mathematically, the area of the selected region is expressed as follows: 

𝐴crop = 𝑠 × 𝐴orig, 𝑠 ∈ [𝑠min, 𝑠max] (9) 

where 𝐴orig denotes the area of the original image, and 𝑠is the ratio of the randomly selected 

region within the range [𝑠min, 𝑠max]. Selecting a random ratio allows the model to observe objects at 

varying scales and compositions, consistent with findings that random cropping can enhance model 

performance [36]. 

2.3.2. DCGAN-Based Augmentation  

DCGAN is a generative architecture based on GANs that learns the distribution of the original 

data 𝑝data(𝑥) using two parametric functions: the generator 𝐺(𝑧; 𝜃𝐺)and the discriminator 𝐷(𝑥; 𝜃𝐷). The 

Generator learns to create new, synthetic samples that mimic the real data, while the Discriminator is 

trained to tell real images apart from the fake ones produced by the Generator, through an adversarial 

training process [37]. 

https://jutif.if.unsoed.ac.id/
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The Generator takes in a random vector of noise as its starting point. 

𝑧 ∼ 𝑝𝑧(𝑧), 𝑝𝑧(𝑧) = 𝒩(0, 𝐼) (10) 

This noise vector acts as a source of randomness and a compressed representation of features [37]. 

The continuous nature of this noise space allows the Generator to produce a diverse array of image 

outputs. The Generator's function is to transform this noise vector into a synthetic image. 

𝑥 = 𝐺(𝑧) (11) 

 In this study, the Generator is built using a sequence of transposed convolutional layers, along 

with normalization and activation functions, to upscale a 100-dimensional noise vector into a 64x64 

pixel image [38].  The full design is shown in Table 1, which details five successive ConvTranspose2D 

layers [37]. Batch normalization and a ReLU activation function follow each of these layers, with one 

exception: the final output layer. The last layer instead uses a Tanh activation function to adjust the pixel 

values so they fall within the range of [-1, 1]. 

 

Table 1. DCGAN Generator Architecture 

Tipe Layer Input (C×H×W) Kernel Output (C×H×W) Aktivasi 

ConvTranspose Block + BN 100 × 1 × 1 4×4 512 × 4 × 4 ReLU 

ConvTranspose Block + BN 512 × 4 × 4 4×4 256 × 8 × 8 ReLU 

ConvTranspose Block + BN 256 × 8 × 8 4×4 128 × 16 × 16 ReLU 

ConvTranspose Block + BN 128 × 16 × 16 4×4 64 × 32 × 32 ReLU 

ConvTranspose Layer (Output) 64 × 32 × 32 4×4 3 × 64 × 64 Tanh 

 

The Discriminator outputs a probability score estimating how likely an input image is to be real. 

𝐷(𝑥) ∈ [0,1] (12) 

The Discriminator D undergoes training to improve its skill in identifying fake images [38].  Its 

design incorporates four Conv2D blocks with a stride of 2, which progressively reduces the image's 

spatial dimensions. Each block uses a LeakyReLU activation and batch normalization, and the entire 

network finishes with a final Conv2D layer that outputs a single score indicating "real" or "fake". The 

complete layout is presented in Table 2 [37]. 

 

Table 2. DCGAN Discriminator Architecture 

Tipe Layer Input (C×H×W) Kernel Output (C×H×W) Aktivasi 

Conv Block 3 × 64 × 64 4×4 64 × 32 × 32 LeakyReLU 

Conv Block 64 × 32 × 32 4×4 128 × 16 × 16 LeakyReLU 

Conv Block + BN 128 × 16 × 16 4×4 256 × 8 × 8 LeakyReLU 

Conv Block + BN 256 × 8 × 8 4×4 512 × 4 × 4 LeakyReLU 

Conv Layer (Output) 512 × 4 × 4 4×4 1 × 1 × 1 Sigmoid 

 

To enhance methodological transparency and reproducibility, the Deep Convolutional Generative 

Adversarial Network (DCGAN) architecture can be presented in a concise, framework-oriented manner. 

Prior studies describe DCGAN as a sequential composition of generator and discriminator networks, 

where the generator progressively transforms a latent noise vector through transposed convolutional 

layers and nonlinear activations, while the discriminator employs convolutional layers to distinguish 

real and synthetic samples. Such architectural descriptions emphasize layer-wise construction without 

revealing full training scripts, making them suitable for representation using PyTorch-style pseudocode 

[39][40]. 

https://jutif.if.unsoed.ac.id/
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Algorithm 1 : DCGAN Architecture (PyTorch-style pseudocode) 

Input: Noise vector 𝑧 ∈ 𝑅100, real image x ∈ R3×64×64 

Output: Trained Generator G and Discriminator D 

1: Initialize Generator G and Discriminator D 

2: G ← Sequential( 

       ConvTranspose2d(100,512,4), 

       BatchNorm2d, ReLU, 

       ConvTranspose2d(512,256,4,2,1), 

       BatchNorm2d, ReLU, 

       ConvTranspose2d(256,128,4,2,1), 

       BatchNorm2d, ReLU, 

       ConvTranspose2d(128,64,4,2,1), 

       BatchNorm2d, ReLU, 

       ConvTranspose2d(64,3,4,2,1), 

       Tanh ) 

3: D ← Sequential( 

       Conv2d(3,64,4,2,1), 

       LeakyReLU(0.2), 

       Conv2d(64,128,4,2,1), 

       BatchNorm2d, LeakyReLU(0.2), 

       Conv2d(128,256,4,2,1), 

       BatchNorm2d, LeakyReLU(0.2), 

       Conv2d(256,512,4,2,1), 

       BatchNorm2d, LeakyReLU(0.2), 

       Conv2d(512,1,4), 

       Sigmoid ) 

 

The objective of DCGAN training is to solve a min–max optimization problem. 

min 
𝐺

  max 
𝐷

  𝑉(𝐷, 𝐺) = 𝔼𝑥∼𝑝data
[log 𝐷(𝑥)] + 𝔼𝑧∼𝑝𝑧

[log (1 − 𝐷(𝐺(𝑧)))] (13) 

Discriminator Loss 

𝐿𝐷 = −(𝔼𝑥∼𝑝data
log 𝐷(𝑥) + 𝔼𝑧∼𝑝𝑧

log (1 − 𝐷(𝐺(𝑧)))) (14) 

Generator Loss (commonly used non-saturating version): 

𝐿𝐺 = −𝔼𝑧∼𝑝𝑧
log 𝐷(𝐺(𝑧)) (15) 

This loss formulation is consistent with the original GAN objective [37]. 

For training the DCGAN in this project, the Adam optimizer was selected. This choice follows 

earlier successful implementations, as this setup promotes steady parameter updates throughout 

learning. This stability allows the model to learn progressively and yield synthetic images that are both 

consistent and of higher quality [41]. 

Once training stabilizes, the Generator produces images that closely resemble the real 

data, having learned to approximate the true data distribution at this point [37]. 

𝑥 ≈ 𝑝data (16) 

https://jutif.if.unsoed.ac.id/
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The synthetic images created for each acne severity class are gathered as additional samples and 

merged with the original dataset. 

𝒟aug = 𝒟real ∪ 𝒟syn. (17) 

This method is applied to rectify imbalances between classes and ensure that underrepresented 

classes have sufficient examples during training [42]. The final objective is to create a training set where 

every class is represented by an equal number of images. 

Synthetic images generated by DCGAN do not represent real individuals and cannot be traced 

back to original facial images, as the generator only learns the statistical distribution of the data without 

reproducing identifiable patient information. Thus, the use of synthetic data maintains privacy and meets 

ethical principles in medical image analysis. To ensure reproducibility, all experiments were conducted 

with a fixed random seed (42) used in weight initialization, data randomization, and noise extraction 

during DCGAN training. 

2.4. Model Training 

2.4.1. Efficientnet-B1 Model Architecture 

EfficientNet-B1 belongs to the EfficientNet series, which is designed around a concept called 

compound scaling. This method scales up three fundamental aspects of the network together: how deep 

it is, how wide it is, and the resolution of its input images. This coordinated scaling approach was 

developed to find an ideal trade-off between model accuracy and the computational resources required 

[43]. EfficientNet performs coordinated model scaling using three coefficients α, β, and γ, which are 

calibrated through grid search (neural architecture search). The complete formulation is as follows: 

𝑑 = 𝛼𝜙, 𝑤 = 𝛽𝜙, 𝑟 = 𝛾𝜙 (18) 

In the compound scaling formula, 𝒅 represents the growth of network depth, 𝒘 denotes the 

expansion of channel width, and 𝒓 controls the increase in input resolution. The parameter 𝝓 serves as 

a global scaling factor that determines the overall level of model scaling. Meanwhile, 𝜶, 𝜷, and 𝜸 are 

scaling coefficients optimized through neural architecture search, ensuring that the three dimensions 

grow proportionally. EfficientNet-B1 uses 𝝓 = 𝟏, which means all dimensions are increased in a 

coordinated manner relative to EfficientNet-B0 [43]. 

2.4.2. Mobile Inverted Bottleneck Convolution (MBConv) 

The core building blocks of EfficientNet-B1 are MBConv modules. This efficient design first 

expands the number of channels to capture richer features, then applies depthwise convolution to process 

each channel separately (reducing computation), incorporates a squeeze-and-excitation (SE) module to 

emphasize important channels, and finally projects the data back to a lower channel count. Initially, the 

block increases its channel count to allow for a more detailed feature representation. The following 

depthwise convolution handles each input channel independently, making it far more efficient than a 

standard convolution [44]. The SE component then acts as an attention mechanism, recalibrating channel 

importance by boosting useful features and dampening less relevant ones, a technique known to improve 

model performance [45]. Lastly, the projection layer shrinks the channel dimension. When the input and 

output dimensions align, a residual connection is added to help gradients flow smoothly during training. 

The complete layer-by-layer design of the EfficientNet-B1 model used in this work is detailed in 

Table 3. The table lists the progression of stages, the type of operation at each stage, the number of 

layers, the output channels, and the resulting feature map sizes [46]. This table provides the blueprint 

for the initial model setup before training and fine-tuning begin. 

https://jutif.if.unsoed.ac.id/
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Table 3. Arsitektur Efficientnet-B1 

Stage Operator Layer Channels Resolution (H x W) 

1 Conv 3 x 3 1 32 240x240 

2 MBConv1, k3 2 16 120x120 

3 MBConv6, k3 3 24 120x120 

4 MBConv6, k5 3 40 60x60 

5 MBConv6, k3 4 80 30x30 

6 MBConv6, k5 4 112 15x15 

7 MBConv6, k5 5 192 15x15 

8 MBConv6, k3 2 320 8x8 

9 Conv 1x1+Pool +FC 1 1280 8x8 

 

To reduce performance variance caused by a single data split, a 5-fold cross-validation strategy 

was applied on the balanced training dataset. In each fold, four subsets were used for training and one 

subset for validation. Model performance was reported as the mean and standard deviation across folds. 

The test set was kept separate and used only for final evaluation. 

2.4.3. Swish Activation function  

EfficientNet employs the Swish activation function, defined as: 

Swish(𝑥) = 𝑥 ⋅ 𝜎(𝑥) (19) 

Here, σ(x) refers to the standard sigmoid function. 

𝜎(𝑥) =
1

1+𝑒−𝑥 (20) 

In this formula, the input 𝒙 is multiplied by its sigmoid, allowing the activation to retain small 

negative values instead of discarding them as ReLU does. This property makes Swish more informative 

and capable of capturing more complex non-linear patterns. Its smooth and non-monotonic behavior has 

consistently demonstrated improved performance compared to ReLU across various modern 

classification architectures [45][47]. 

2.4.4. Batch Normalization  

In this study, each convolutional layer in the architecture is paired with Batch Normalization to 

normalize the layer’s activations before the non-linear activation function is applied. Batch 

Normalization operates by computing the mini-batch mean 𝝁𝑩and the mini-batch variance 𝝈𝑩
𝟐 , 

𝒙̂𝒊 =
𝒙𝒊−𝝁𝑩

√𝝈𝑩
𝟐 +𝝐

 (21) 

Specifically, each activation value is first centered by removing the mini-batch average, and then 

its scale is adjusted by dividing by the mini-batch standard deviation √𝝈𝑩
𝟐 + 𝝐. After the normalization 

step, the activations are re-adjusted through a learnable scaling and shifting process using the parameters 

𝜸 (scale) and 𝜷 (shift), which are optimized during training. 

𝒚𝒊 = 𝜸𝒙̂𝒊 + 𝜷 (22) 

This step ensures that the activation values remain centered around zero with a variance close to 

one, while still allowing the network to adapt the scale and shift as needed during training. Batch 

Normalization not only accelerates convergence but also strengthens the model’s generalization 
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capability. Its learnable scale and shift parameters play a crucial role in maintaining training stability 

and influencing the final accuracy [48][49]. In addition, the fluctuations in batch statistics act as an 

implicit regularizer that helps reduce overfitting. 

2.4.5. Loss Function dan Optimizer 

For this project, the Categorical Cross-Entropy Loss function served as the primary training 

criterion for the classification model. As a standard in the field, it measures the divergence between the 

model's predicted probability scores and the actual distribution of the target classes. This measurement 

is crucial for guiding the model during optimization. Furthermore, its proven reliability and stability 

make it a cornerstone for contemporary image classification tasks [50]. For each training sample 𝒊 with 

𝑲 classes, the model’s predicted probability is denoted as 𝒑̂𝒊,𝒌, while the target label is represented in 

one-hot form as 𝒚𝒊,𝒌, the loss is calculated using the following equation: 

𝓛𝑪𝑪𝑬 = −
𝟏

𝑵
∑ ∑ 𝒚𝒊,𝒌 𝐥𝐨𝐠 𝒑̂𝒊,𝒌

𝑲

𝒌=𝟏

𝑵

𝒊=𝟏

 (23) 

This method is commonplace in large-scale image classification research because it aligns with 

the principle of maximum likelihood estimation and avoids creating unstable gradient updates [50]. 

To optimize the model's parameters, this study uses AdamW, an enhanced version of the Adam 

optimizer that applies weight decay separately from the gradient updates. This decoupling has been 

demonstrated to lead to better model generalization and more stable training dynamics in large neural 

networks compared to the original Adam optimizer [51][52]. 

In each training step 𝑡, AdamW computes the first and second moments of the gradient as follows: 

𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1) 𝑔𝑡 , 𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2) 𝑔𝑡
2 (24) 

Which are then bias-corrected as: 

𝑚̂𝑡 =
𝑚𝑡

1−𝛽1
𝑡 , 𝑣𝑡 =

𝑣𝑡

1−𝛽2
𝑡 (25) 

With learning rate 𝜂 and regularization coefficient 𝜆, the parameter update is performed as: 

𝜃𝑡+1 = (1 − 𝜂𝜆) 𝜃𝑡    −   𝜂
𝑚̂𝑡

√𝑣̂𝑡+𝜀
 (26) 

This formulation emphasizes that the contribution of weight decay is no longer mixed into the 

gradient but is applied separately, allowing the regularization effect to operate more consistently [51]. 

In this study, a learning rate of 𝜼 = 𝟏 × 𝟏𝟎−𝟓was used to ensure a more stable fine-tuning process and 

to prevent overly large parameter updates. Furthermore, the training procedure adopts a staged fine-

tuning strategy, which has been shown to improve optimization stability and enhance model adaptation 

to the target dataset [53]. 

2.5. Model Evaluation 

2.5.1. Classification Performance Evaluation  

To assess how well the model performed, we used a confusion matrix. This table helps visualize 

the relationship between what the model predicted and the actual ground-truth labels. 

In a binary classification setting, the confusion matrix is built from four basic counts. The True 

Positives (TP) count shows how many positive examples the model correctly labeled as positive. True 
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Negatives (TN) are the negative examples correctly identified as negative. On the other hand, False 

Positives (FP) occur when the model mistakenly labels a negative example as positive. False Negatives 

(FN) happen when it incorrectly labels a positive example as negative. These four values are arranged 

in the following matrix structure: 

𝐶𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛 𝑀𝑎𝑡𝑟𝑖𝑥 =  [
𝑇𝑃 𝐹𝑃
𝐹𝑁 𝑇𝑁

] (27) 

To provide a threshold-independent evaluation of the model’s discriminative ability, the Receiver 

Operating Characteristic (ROC) curve is employed. The ROC curve represents the relationship between 

the True Positive Rate (TPR) and the False Positive Rate (FPR) across different classification thresholds. 

Mathematically, TPR and FPR are defined as: 

TPR =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, FPR =

𝐹𝑃

𝐹𝑃+𝑇𝑁
 (28) 

where TP, FN, FP, and TN denote the number of correct and incorrect predictions for the positive 

and negative classes. Model performance is quantified using the Area Under the Curve (AUC), which 

corresponds to the area under the ROC curve and is defined as the integral of TPR with respect to FPR: 

AUC = ∫ TPR
1

0
 𝑑(FPR) (29) 

In practice, the AUC is estimated numerically using the trapezoidal rule based on discrete ROC 

points [54]. The AUC value represents the probability that the model assigns a higher prediction score 

to a randomly selected positive sample than to a randomly selected negative sample. For multi-class 

classification, the one-versus-rest strategy is applied by computing the AUC for each class, and the 

overall performance is summarized using the macro-average AUC, defined as the average AUC across 

all classes [54]. 

Based on the confusion matrix values, several threshold-dependent performance metrics are then 

computed. Accuracy measures the proportion of correct predictions over all samples and is calculated 

as: 

Accuracy =
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
 (30) 

This shows that accuracy gives a general view of the model's overall correctness, but it can be 

misleading if the dataset has a severe class imbalance, as it might not reflect performance on the minority 

class [55]. 

To provide a balanced evaluation between precision and recall, the F1-score is used, which 

represents the harmonic mean of the two metrics. Mathematically, the F1-Score is defined as: 

F1-score = 2 ×
Precision×Recall

Precision+Recall
 (31) 

The F1-score offers a more reliable single metric when dealing with imbalanced classes because 

it combines both the model's precision and its success rate in finding positive examples into one balanced 

figure [57]. 

2.5.2. GAN Quality Evaluation  

The quality of synthetic images generated by GANs is evaluated using the Fréchet Inception 

Distance (FID), which measures the statistical distance between the feature distributions of real and 

synthetic images. Features are extracted using a pre-trained Inception-v3 network, and each feature 
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distribution is assumed to follow a multivariate Gaussian distribution with parameters (𝝁𝒓, 𝚺𝒓) for real 

data and (𝝁𝒈, 𝚺𝒈) for synthetic. Mathematically, FID is defined as: 

FID =∥ 𝜇𝑟 − 𝜇𝑔 ∥2
2+ Tr(Σ𝑟 + Σ𝑔 − 2(Σ𝑟Σ𝑔)1/2) (32) 

where a smaller FID value indicates a higher similarity between the synthetic and real data 

distributions, thus reflecting better image quality and realism from GANs [58]. 

The evaluation of distributional similarity between real and synthetic data is performed using t-

Distributed Stochastic Neighbor Embedding (t-SNE), which projects high-dimensional features into a 

two-dimensional space while preserving the local proximity structure between samples. Mathematically, 

t-SNE minimizes the Kullback–Leibler divergence between the probability distributions of data pairs in 

the original space and the low-dimensional projection space. In GAN evaluation, real and synthetic data 

are projected simultaneously; a high distributional overlap indicates similarity in feature characteristics 

between the two [59]. 

t-Distributed Stochastic Neighbor Embedding (t-SNE) is a non-linear dimensionality reduction 

technique that projects high-dimensional data into a two-dimensional space while preserving the local 

proximity structure between samples [60],[61]. The underlying theory of t-SNE is based on minimizing 

the Kullback–Leibler divergence between the probability distributions in the original and projection 

spaces, resulting in a mapping that facilitates the visualization of data clusters [60]. In synthetic image 

quality evaluation, t-SNE can simultaneously visualize the distributions of real and synthetic features; a 

high overlap between the two indicates good feature similarity [61]. 

The evaluation of the significance of differences between the distributions of real and synthetic 

data is performed through statistical hypothesis testing at the individual feature level. The null 

hypothesis states that the distribution of synthetic data comes from the same population as the real data, 

and the difference is considered significant if the p-value < 0.05, indicating that the synthetic does not 

completely replicate the real distribution [62]. 

3. RESULT 

3.1. Dataset 

The images for this study are grouped into four acne severity categories: Normal, Level 0, Level 

1, and Level 2. Each category represents a unique stage of facial skin condition. Consequently, the core 

task involves recognizing and distinguishing the specific visual patterns that characterize every class. 

The original, unprocessed dataset comprises 1,380 images in total. Figure 2 displays how these images 

are distributed among the different classes. 

 

 
Figure 2. Data Distribution per Class Before Augmentation 
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From Figure 2, we can see the dataset is not balanced. The 'normal' class has the most images, 

while the 'level 0' and 'level 1' classes have a much smaller number of samples. This imbalance could 

negatively affect the model's learning, highlighting the need for augmentation to improve representation 

for all classes. 

To provide a visual overview of the dataset used in this study, representative sample images from 

each class are presented below. 

 

 
Figure 3. Example images from each class: (a) Normal, (b) Level 0, (c) Level 1, and (d) Level 2. 

 

The images in Figure 3 show the visual traits of each class. 'Normal' skin is healthy, clear, and 

free of acne, blackheads, or redness. 'Level 0' represents very mild acne, typically just blackheads or 

whiteheads without inflammation. 'Level 1' is mild to moderate acne, with more visible papules, 

pustules, and some redness. 'Level 2' shows moderate to severe acne, characterized by a higher density 

of lesions, more pronounced redness, and potentially small, inflamed nodules. 

3.2. Data Preprocessing 

All images are first converted to a three-channel (RGB) format in accordance with the 

EfficientNet-B1 input standard. A resize operation followed by a center crop was then applied to ensure 

that the acne-affected region remained centered and consistent across samples. Each image was 

subsequently converted into the RGB color space to comply with the feature-extraction requirements of 

the model. Through these preprocessing steps, all images were standardized in terms of spatial 

dimensions and color format, making them ready for data splitting, augmentation, and model training. 

The final preprocessing step involved partitioning the data into three distinct subsets for training, 

validation, and testing. Using a stratified strategy, the images were distributed to preserve the class 

balance: 80% were allocated for training, with 10% each reserved for validation and final evaluation. 

 

Table 4. Distribution of images per class before augmentation 

Class Total Train (80%) Validation (10%) Test (10%) 

Normal 453 362 45 46 

Level 0 306 244 31 31 

Level 1 291 232 29 30 

Level 2 330 264 33 33 

 

Based on Table 4, all classes have been proportionally allocated into the training, validation, and 

test sets. These results form the basis for applying the augmentation stage to address the existing class 

imbalance. 

3.3. Data Augmentation 

To address class imbalance and increase dataset diversity for better model learning, two 

augmentation strategies were implemented: geometric and photometric augmentation and DCGAN-

based augmentation. 
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Figure 4. Distribution Before and After data augmentation 

 

Figure 4 illustrates the class distribution before and after data augmentation. Before augmentation, 

the dataset exhibited clear class imbalance, with the Normal class containing the highest number of 

samples (362 images), while the Level 0, Level 1, and Level 2 classes had significantly fewer samples. 

After applying the augmentation strategies, the dataset became fully balanced, with each class 

containing 362 images. This balancing process aims to reduce bias toward the majority class and 

improve model learning robustness. 

3.3.1. Geometric and Photometric Augmentation 

Geometric and photometric augmentation was performed using simple transformations such as 

rotation, flipping, brightness adjustment, and cropping. 

 

Table 5. Example of Geometric and Photometric Augmentation 

Augmentation 

Methods 
Horizontal Flip 

Rotation (45 

deg) 
ColorJitter RandomResizedCrop 

Original Image 

    
Geometric and 

Photometric 

Augmentation 

Synthetic Image 

    
 

Table 5 shows that the geometric and photometric augmentations preserve the acne characteristics 

within each class. Following augmentation, the dataset achieved class balance, with every category 

containing an equal number of samples equivalent to the count of the largest original class. 

3.3.2. DCGAN-Based Augmentation  

DCGAN-based augmentation was used to generate synthetic images, particularly for classes with 

fewer samples. DCGAN augmentation was applied only to Level 0, Level 1, and Level 2 classes. The 

goal was to bring the sample count for each of these classes up to 362 images, matching the 'Normal' 

class. The DCGAN was trained for 700 epochs until its generator could produce convincing synthetic 

images. 
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Table 6. Example of DCGAN Augmentation 

Class Level 0 Level 1 Level 2 

Original Image 

   
DCGAN-Based Synthetic Image 

   
 

Table 6 shows that the generated images exhibit acne patterns closely resembling the original 

images, making them suitable for use as additional data. 

3.4. Model Training Results 

We train our model using the EfficientNet-B1 architecture and evaluate it with two types of 

augmentations, namely geometric and photometric augmentation and DCGAN-based augmentation. 

Both augmentation methods were applied to assess their impact on the model’s performance in 

classifying acne severity levels. The training was done in two, an initial training run for 20 epochs, 

followed by a fine-tuning stage for 10 more epochs. During fine-tuning, most of the model parameters 

were unfrozen except for the Batch Normalization layers. Throughout training, model performance was 

monitored using the training and validation datasets, while the progression of accuracy and loss was 

visualized through graphs. 

3.4.1. Training with Geometric and Photometric Augmentation 

Training the model on conventionally augmented data produced the accuracy and loss patterns 

shown in the following figure. 

 

 
Figure 5. Training and Validation Loss with 

Geometric and Photometric Augmentation 

 
Figure 6. Training and Validation Accuracy with 

Geometric and Photometric Augmentation 

 

Figure 5 illustrates the changes in training and validation loss across epochs. Both training and 

validation losses show a consistent downward trend, indicating effective learning. The training loss 

decreases steadily to around 0.18 by the final epoch, while the validation loss also declines smoothly 

and stabilizes at approximately 0.33. The close gap and parallel behavior between the two curves suggest 

good model convergence with minimal overfitting and stable generalization performance. 
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Figure 5 presents the training and validation accuracy over the training epochs. The training 

accuracy increases steadily and reaches approximately 0.95 toward the final epochs. Similarly, the 

validation accuracy shows a consistent upward trend, stabilizing around 0.88–0.90 with only minor 

fluctuations. The close alignment between the training and validation curves indicates that the model 

generalizes well without significant overfitting. 

3.4.2. Training with DCGAN Augmentation 

In this section, training was conducted using a dataset composed of synthetic images generated 

by DCGAN. DCGAN augmentation was applied to the Level 0, Level 1, and Level 2 classes to increase 

their sample sizes to match the Normal class, with 362 images per class. 

 

 
Figure 6. Training and Validation with DCGAN 

Augmentation 

 
Figure 7. Training and Validation Accuracy with 

DCGAN Augmentation 
 

Figure 7 illustrates the training and validation loss trends after applying DCGAN-based 

augmentation. Both losses decrease smoothly and consistently throughout the epochs. The training loss 

gradually drops to approximately 0.18 by the final epoch, while the validation loss follows a similar 

trajectory and stabilizes around 0.25. The minimal gap and parallel decline between the two curves 

indicate stable convergence and a more controlled learning process, suggesting that DCGAN 

augmentation effectively enhances model generalization compared to geometric and photometric 

augmentation. 

Figure 8 illustrates the training and validation accuracy of the model across epochs. Training 

accuracy increases consistently and reaches approximately 0.96 at the final epoch, while validation 

accuracy follows a similar upward trend and stabilizes around 0.93–0.94. The small gap and strong 

alignment between the two curves indicate stable learning behavior with minimal overfitting. This 

suggests that the applied data augmentation strategy effectively enhanced data diversity, enabling the 

model to generalize well to unseen data. 

3.4.3. K-Fold Cross-Validation Result and Descriptive Statistic 

 

Table 7. K-Fold Cross-Validation Performance Comparison Between Augmentation Methods 

Augmentation Method Mean Accuracy Std Accuracy Mean F1-score Std F1-score 

No Augmentation 0.8802 0.0158 0.8788 0.0163 

Geometric and Photometric 0.8791 0.0127 0.8778 0.0129 

DCGAN 0.9157 0.0181 0.9150 0.0183 

 

Table 7 presents the 5-fold cross-validation results for three training configurations: no 

augmentation, geometric and photometric augmentation, and the proposed DCGAN-based 
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augmentation. Performance is reported using mean accuracy and F1-score with their corresponding 

standard deviations to assess both effectiveness and stability. 

Without augmentation, the model achieved a mean validation accuracy of 0.8802 and a mean F1-

score of 0.8788, indicating a reasonable baseline but limited robustness when trained on imbalanced 

data. Applying geometric and photometric augmentation resulted in comparable performance (mean 

accuracy 0.8791, mean F1-score 0.8778), suggesting that conventional transformations provided 

minimal improvement over the baseline. 

In contrast, DCGAN-based augmentation significantly improved performance, achieving a mean 

validation accuracy of 0.9157 and a mean F1-score of 0.9150. This corresponds to an absolute 

improvement of approximately 3.6% in accuracy and 3.7% in F1-score compared to geometric and 

photometric augmentation. These results demonstrate that DCGAN-based augmentation more 

effectively enhances feature diversity and model generalization across folds. 

3.5. Model Evaluation  

We conducted a final evaluation to measure the real-world performance of our EfficientNet-B1 

model on the held-out test data, comparing results from both augmentation approaches. The results are 

summarized in a classification report with F1-score for each class, and visualized using confusion 

matrices. 

 

Table 8. Comparison of Model Evaluation Results on Test Data 

Class 
F1-score Pre- 

Augmentation 

F1-score (Geometrik and 

Photometric) 

F1-score 

(DCGAN) 

Level 0 0.91 0.88 0.93 

Level 1 0.82 0.85 0.90 

Level 2 0.92 0.95 0.92 

Normal 0.93 0.93 0.98 

 

Table 9. Comparison of Accuracy Results Between (Geometric and Photometric Augmentation) and 

(DCGAN-based Augmentation) 

Method Test 

EfficientnetB1 0.90 

Augmentasi Geometrik + EfficientNetB1 0.91 

Augmentasi DCGAN + EfficientNetB1 0.94 

 

We conducted a final evaluation to assess the real-world performance of the EfficientNet-B1 

model on a held-out test dataset by comparing three training strategies: without augmentation, with 

geometric and photometric augmentation, and with the proposed DCGAN-based augmentation. Model 

performance was analyzed using class-wise F1-scores derived from the classification report and overall 

test accuracy, as summarized in Tables 8 and 9. 

As shown in Table 8, DCGAN-based augmentation yields higher and more balanced F1-scores 

across all acne severity classes compared to geometric and photometric augmentation and the non-

augmented baseline. Notable improvements are observed for minority and visually ambiguous classes, 

particularly Level 0 (0.93) and Level 1 (0.90), which are more challenging to classify. The Normal class 

also achieves the highest F1-score of 0.98, indicating improved feature representation and reduced 

misclassification. In contrast, geometric and photometric augmentation provides moderate 

improvements but remains less effective in enhancing performance for minority classes. 

Furthermore, Table 9 demonstrates that DCGAN-based augmentation achieves the highest overall 

test accuracy of 0.94, outperforming geometric and photometric augmentation (0.91) and the non-

augmented model (0.90). This consistent improvement across both class-wise and global metrics 
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indicates that DCGAN-generated synthetic data effectively mitigate class imbalance, reduce overfitting, 

and enhance the generalization capability of the EfficientNet-B1 model on unseen data. 

 

Figure 8. Confusion Matrix of the Model 

with Geometric and Photometric 

Augmentation 

Figure 9. Confusion matrix of the Model 

with DCGAN Augmentation 

 

As shown in Figure 9, under geometric and photometric augmentation, notable misclassification 

occurs in Level 1, where 23.3% of samples are incorrectly classified, primarily as Normal (13.3%) and 

Level 0 (10.0%), indicating difficulty in separating mild-to-moderate acne from adjacent classes. A 

smaller error is also observed for Level 0, with 3.2% of samples misclassified as Normal. 

In contrast, Figure 10 demonstrates that DCGAN-based augmentation reduces misclassification 

across all classes. Notably, misclassification between Level 0 and Normal is completely eliminated 

(0%), while misclassification in Level 1 decreases to 13.3% and becomes more evenly distributed. These 

results indicate that DCGAN-generated synthetic data enhance feature diversity and improve class 

separability for visually similar acne severity levels. 

Overall, compared to geometric and photometric augmentation, DCGAN-based augmentation 

consistently reduces both the frequency and concentration of misclassification errors, particularly 

between adjacent acne severity levels. This improvement highlights the effectiveness of DCGAN in 

enhancing feature diversity and improving class separability. 

 

 
Figure 10. ROC–AUC Analysis Geometric and 

Photometric 

 
Figure 11. ROC-AUC Analysis 

DCGAN 

 

As shown in Figures 11 and 12, both geometric and photometric augmentation, as well as 

DCGAN-based augmentation, achieve high ROC–AUC values across all classes, indicating strong 

overall discriminative capability. Under geometric and photometric augmentation (Figure 11), the AUC 
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values reach 0.993 (Level 0), 0.978 (Level 1), 0.979 (Level 2), and 0.991 (Normal). With DCGAN-

based augmentation (Figure 12), the AUC values further improve to 0.997, 0.982, 0.983, and 0.997, 

respectively. The consistent AUC increase for Level 1 and Level 2 aligns with the reduced 

misclassification observed in the confusion matrix analysis, indicating improved discrimination among 

visually similar acne severity levels. Overall, while both augmentation strategies yield strong 

performance, DCGAN-based augmentation provides more robust and consistent class separation, 

supporting its effectiveness in enhancing model generalization. 

3.6. GAN Quality Evaluation 

To ensure that the synthetic images generated by DCGAN preserve the underlying visual 

characteristics of real acne images, an additional quality validation was conducted. This validation aims 

to assess the similarity between real and synthetic image distributions before the synthetic data are used 

for classification. Two complementary approaches were employed: quantitative evaluation using the 

FID and qualitative analysis using t-SNE visualization of feature embeddings. 

 

Table 10. FID Score per Acne Severity Level 

Class FID Score 

Level 0 138.11 

Level 1 137.17 

Level 2 135.38 

 

The FID measures the distance between feature distributions of real and synthetic images 

extracted using a pretrained Inception network, where lower values indicate higher similarity. As shown 

in Table 10, the FID scores for the generated images across Level 0, Level 1, and Level 2 classes range 

from 135.38 to 138.11. Although the absolute FID values are relatively high, the scores are consistent 

across classes, indicating that the DCGAN generates synthetic images with comparable distributional 

characteristics for each acne severity level. 

It is important to note that the primary objective of DCGAN in this study is not to generate 

photorealistic images, but to augment minority classes and enrich feature diversity for improved 

classification performance. Therefore, FID is used as a complementary validation metric rather than the 

sole indicator of generative quality. 

 

Table 11. t-SNE Visualization of Real and Synthetic Feature Distribution. 

Level t-SNE Visualization 

Level 0 
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Level 1 

 

Level 2 

 
 

Based on the t-SNE visualization in Table Y, it can be seen that at all three levels, the feature 

clusters of real and synthetic images remain clearly separated, with limited overlap. This pattern is 

consistent with the relatively high FID values, indicating differences in statistical distribution between 

the two data types. 

At Level 0, cluster separation is most pronounced, consistent with the highest FID values. At 

Levels 1 and 2, despite a decrease in FID values, the t-SNE visualization still shows separation between 

clusters, although the synthetic distribution structure has become more stable and varied. This indicates 

that while generation quality has improved gradually, it is not yet sufficient to produce a feature 

distribution that truly resembles the real data. 

Thus, t-SNE serves as a visual aid to strengthen the interpretation of FID results, rather than as 

the primary evaluation metric. 

Referring to the average F1-score results in Table 7, further statistical analysis was performed 

using a paired t-test to evaluate the significance of the performance differences between the 

augmentation methods. The average F1-score differences (ΔF1) along with the test statistic values are 

summarized in Table. 

 

Table 12. Paired t-test Results (Validation F1-score) 

Comparison 
Mean Difference 

(ΔF1) 

t-

statistic 

p-

value 
Significance 

No Augmentation vs Geometric and 

Photometric 

−0.0010 −0.21 > 0.05 Not 

significant 

No Augmentation vs DCGAN +0.0362 5.74 < 

0.001 

Significant 

Geometric and Photometric vs DCGAN +0.0372 6.01 < 

0.001 

Significant 
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The paired t-test results indicate that geometric and photometric augmentation does not provide 

a statistically significant improvement over the no-augmentation baseline. This suggests that simple 

geometric and photometric transformations alone are insufficient to substantially enhance feature 

discrimination for acne severity classification. 

In contrast, DCGAN-based augmentation yields a statistically significant improvement in 

validation F1-score compared to both no augmentation and geometric and photometric augmentation (p 

< 0.001). The consistent improvement across all folds demonstrates that the performance gain 

introduced by DCGAN is robust and not caused by random variation. 

These findings confirm that DCGAN-generated synthetic images effectively enrich feature 

diversity in minority classes, leading to improved generalization performance. When interpreted 

alongside the FID and t-SNE analyses, the results indicate that even though the synthetic images do not 

fully replicate the real data distribution, they provide complementary feature representations that 

significantly benefit the classification task. 

4. DISCUSSIONS 

The results of this study demonstrate that DCGAN-based augmentation provides more consistent 

improvements in classification performance compared to geometric and photometric augmentation or 

no augmentation. The EfficientNet-B1 model trained with DCGAN-augmented data achieved a test 

accuracy of 94% and a macro F1-score of 0.915, while also reducing the gap between training and 

validation losses. This indicates that DCGAN is able to mitigate overfitting by enriching the feature 

diversity of the training data, particularly in the Level 0 and Level 1 minority classes, which previously 

experienced higher misclassification rates. 

These findings align with recent studies reporting that GANs are effective in addressing size 

limitations and class imbalance in medical image datasets by generating synthetic data variations that 

enrich the training feature distribution [38], [63]. Several studies have also confirmed that GAN-based 

synthetic images can improve the performance of CNNs in dermatology and other medical image 

classification tasks [64], [42]. A recent systematic review even emphasized that GANs are highly 

relevant for AI-based medical applications, which typically have small and highly imbalanced datasets 

[65]. 

Quantitatively, the ablation study in this study showed that DCGAN removal caused a decrease 

in the macro F1-score of approximately 3.6% (from 0.915 to 0.878), confirming that the primary 

contribution to the performance improvement came from the presence of synthetic GAN-generated data. 

This strengthens the argument that DCGAN not only improves accuracy but also improves model 

generalization toward minority classes, as reflected in the increased recall at Level 0 and Level 1. 

However, the quality of the synthetic data generated by DCGAN still has limitations. FID 

evaluation and t-SNE visualizations indicate that the feature distribution of the synthetic data does not 

fully resemble the real data. This condition aligns with previous findings that GANs still face issues of 

training instability and potential mode collapse, which can limit the realism of the synthetic data [4]. 

Furthermore, the DCGAN in this study is still limited to 64x64 image resolution, so high-resolution 

clinical details cannot be optimally utilized. 

In terms of contributions to informatics and computer science, this study demonstrates that the 

integration of GAN–CNN forms an efficient synthetic augmentation framework to improve the 

generalization of classification models on small and imbalanced datasets. This framework is relevant 

for the development of more robust AI-based medical diagnostic systems and has potential applications 

in the healthcare and smart agriculture domains, which typically face limitations in labeled data. 

In terms of scalability and future directions, several further steps are suggested. Future research 

can explore more stable GAN variants such as WGAN-GP to improve the quality and consistency of 
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synthetic data. Furthermore, the use of high-resolution CNN or Vision Transformer (ViT) architectures 

should be evaluated to capture finer clinical details. The integration of cross-domain transfer learning 

and the use of multi-ethnic datasets are also important to improve model robustness and generalization. 

Furthermore, CycleGAN can be considered for mitigating domain shift in clinical scenarios across 

devices and healthcare centers, thereby improving the model's readiness for real-world applications. 

5. CONCLUSION 

This This study demonstrates that integrating DCGAN-based data augmentation with 

EfficientNet-B1 effectively addresses data imbalance in acne severity classification. This approach 

achieves a test accuracy of up to 94% and an average F1-score of 0.92, while reducing overfitting 

compared to both unaugmented and geometric and photometric augmentation. Specifically, minority 

classes (Level 0 and Level 1) experience a post-GAN recall increase of up to ±15%, indicating improved 

model generalization. 

From an informatics perspective, this study contributes to deep learning-based pattern recognition 

by demonstrating that synthetic GAN data can improve the generalization of CNN models on small 

medical datasets, which is relevant for AI-based clinical applications. Future research can be expanded 

through variations in CNN/ViT architectures, DCGAN hyperparameter tuning, CycleGAN integration 

for domain shift, and the use of multi-ethnic and high-resolution datasets to enhance the system's 

scalability and robustness. 
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