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Pneumonia is a lung infection and one of the leading causes of mortality 

worldwide. Early and accurate diagnosis is essential to reduce death rates, with 

chest X-ray (CXR) imaging being the most commonly used diagnostic tool. 

However, CXR-based pneumonia identification remains challenging due to 

limited image quality and the shortage of experienced radiologists. To address this 

issue, this study proposes a hybrid deep learning framework that integrates 

Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), and 

Generative Adversarial Network (GAN) to enhance the classification of bacterial 

and viral pneumonia from CXR images. The dataset comprises 7,927 CXR 

images, including 3,270 normal cases, 3,001 cases of bacterial pneumonia, and 

1,656 cases of viral pneumonia. Four CNN architectures, Xception, InceptionV3, 

ResNet50V2, and DenseNet201, are evaluated using RMSprop and Stochastic 

Gradient Descent (SGD) optimizers. Model development and training are 

conducted using the TensorFlow framework. Experimental results demonstrate 

that ResNet50V2 with the RMSprop optimizer achieves the highest classification 

accuracy of 0.85, while also yielding the fastest training time of 2,215 seconds. 

These findings indicate that the proposed approach can support faster and more 

accurate pneumonia screening, particularly in healthcare facilities with limited 

diagnostic resources. 
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1. INTRODUCTION 

Pneumonia is a lung infection caused by various pathogens, such as bacteria, viruses, and fungi [1]. This disease causes 

inflammation in the lung parenchyma, particularly the alveoli, which play a crucial role in gas exchange. Inflammation 

can lead to fluid or pus filling the alveoli, resulting in symptoms such as shortness of breath, coughing, chest pain, and 

fever [3]. Pneumonia is one of the leading causes of death worldwide, particularly among vulnerable groups such as 

children under the age of five and elderly individuals over 65 years old [4]. According to the World Health Organization 

(WHO), pneumonia accounted for 14% of deaths among children under five years old in 2019 [5], [6]. Additionally, the 

COVID-19 pandemic caused by the SARS-CoV-2 virus has led to an increase in pneumonia cases requiring intensive 

care in hospitals, placing a burden on healthcare systems worldwide [7], [8]. 

Early detection and accurate diagnosis are crucial in reducing pneumonia-related mortality [3], [6]. One of the 

primary methods used for pneumonia diagnosis is medical imaging through Chest X-Ray (CXR) [9], [10]. Although CXR 

is a more economical, faster, and lower-radiation diagnostic tool compared to Computed Tomography (CT) scans and 

Magnetic Resonance Imaging (MRI) [11], [12], its resolution limitations often make it difficult to distinguish pneumonia 

from other lung conditions [13], [14]. Moreover, pneumonia identification through CXR relies on radiologists' expertise, 

whereas the number of radiology specialists available, especially in developing countries, remains very limited [4], [13]. 

Therefore, integrating AI into medical image interpretation has become a promising alternative to assist radiologists. 

With the advancement of technology, Deep Learning (DL)-based methods have become a potential solution for 

assisting pneumonia diagnosis through automated CXR analysis [15]. DL offers a data-driven approach that allows 

systems to learn directly from images without requiring manual feature extraction, as in traditional Machine Learning 

methods [16]. One of the most commonly used DL algorithms in medical image analysis is Convolutional Neural Network 

(CNN) [17], [18], which can recognize complex patterns in radiographic images and classify diseases with high accuracy 

without the need for manual feature extraction, unlike traditional Machine Learning methods [19]. 

Although CNN has proven effective in classifying lung diseases [20], one of the main challenges in implementing 

this model is the limited availability of high-quality medical datasets [3]. Small or imbalanced datasets can lead to issues 

such as overfitting and poor generalization to new data [21], [22]. To overcome this limitation, Generative Adversarial 

Networks (GAN) have been used to improve the quality and quantity of training data [20]. GANs consist of two neural 

networks: a generator that creates synthetic images resembling real data and a discriminator that distinguishes between 

real and generated images [4], [23]. Using this approach, GANs can generate realistic synthetic CXR images to enhance 

datasets and improve CNN model performance in pneumonia detection [24]. Previous studies have shown that GAN-

https://ejurnal.pdsi.or.id/index.php/bids/index


Bulletin of Informatics and Data Science 

Vol. 4 No. 2, November 2025, Page 90−99 

ISSN 2580-8389 (Media Online) 

   DOI 10.61944/bids.v4i2.130 

https://ejurnal.pdsi.or.id/index.php/bids/index 

 

© 2025 The Author(s). Published by Asosiasi Peneliti Data Science Indonesia. Page 91 
This work is licensed under a Creative Commons Attribution 4.0 International License. 

based data augmentation techniques can address dataset imbalance issues and enhance the accuracy of DL-based disease 

classification models [20], [25]. 

In addition to CNN and GAN, this study also utilizes Recurrent Neural Networks (RNN) to improve the accuracy 

of pneumonia classification based on CXR images. RNN is a type of artificial neural network designed to handle 

sequential data by considering information from previous steps in the current computation [26], [27]. The RNN processes 

sequential feature vectors extracted from different image regions by CNN. One commonly used RNN variant in medical 

applications is Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), which are designed to address the 

vanishing gradient problem often found in standard RNNs [28]. LSTM and GRU allow the model to store and utilize 

long-term information, which is useful in analyzing disease patterns based on medical imaging data [28], [29]. 

In this study, CNN is used to extract features from CXR images, while RNN (LSTM or GRU) processes and 

recognizes patterns from the extracted features. RNN plays a role in capturing the correlation between image features 

generated by CNN from different parts of the image, enabling the model to understand more complex patterns in disease 

distribution. [30], [31]. This combination enables the model to better understand complex relationships within medical 

imaging data, thereby enhancing pneumonia detection capabilities [32]. Previous studies have shown that integrating 

CNN and RNN can improve disease classification accuracy, especially in image-based and sequential medical data 

applications [33], [34]. 

Several previous studies have implemented various CNN architectures for pneumonia classification using CXR 

[35]. For instance, study [6] classified bacterial and viral pneumonia by evaluating the effectiveness of four CNN 

architectures: Xception, InceptionV3, ResNet50V2, and DenseNet201. This study compared model performance using 

two optimization methods, RMSprop and SGD. The results showed that ResNet50V2, when paired with the RMSprop 

optimizer, achieved the highest classification accuracy of 0.83 and the fastest processing time of 2,460 seconds [6]. 

However, most studies only compare one or two architectures without evaluating multiple models simultaneously [36]. 

Furthermore, study [37] proposed the use of class-specific GANs for pneumonia classification. This study found that 

class-based GANs generated high-quality images, helping to reduce the risk of overfitting and improving CNN model 

accuracy in pneumonia classification. Another study by [27] combined CNN and RNN for detecting lung diseases, 

including COVID-19 and pneumonia. This study found that integrating ResNet152V2 with a Gated Recurrent Unit (GRU) 

achieved the highest accuracy of 93.37%, indicating that CNN-RNN integration can enhance the accuracy of lung disease 

detection. Study [38] combined two datasets consisting of 180 and 6,054 CXR images of COVID-19 and pneumonia with 

8,851 normal CXR images, proposing the Xception and ResNet50V2 architectures, which achieved an accuracy of 91.4%. 

Study [39] applied K-Fold Cross Validation on ResNet-50 with the SGD optimizer and used 15,143 X-ray images with a 

resolution of 224x224 pixels, achieving an accuracy of 99%. Study [40] implemented a CNN algorithm using ResNet50 

and obtained a peak accuracy of 98.6%. Study [41] used the InceptionV3 model to detect pneumonia from chest X-ray 

images, achieving an accuracy of 92.8%. Study [42] trained 5,247 chest X-ray images using the DenseNet201 architecture 

and achieved an accuracy of 93.3%. Therefore, this research focuses on comparing four popular architectures in 

pneumonia classification—Xception, InceptionV3, ResNet50V2, and DenseNet201—to identify the best model for CXR-

based diagnosis. Additionally, this study evaluates the impact of two types of optimizers, RMSprop and SGD, on model 

accuracy and efficiency in pneumonia detection. 

This study aims to analyze and compare the performance of four architectures in pneumonia classification using 

CXR images, evaluate the impact of two types of optimizers on model accuracy and efficiency, and explore the use of 

GAN as a data augmentation method to improve dataset quality. Additionally, this research examines the effectiveness 

of combining CNN and RNN for pneumonia classification, with the expectation that this approach can enhance the 

performance of DL-based diagnostic models.With this approach, the study seeks to identify the best combination of CNN 

architecture, RNN type, and optimizer that can be applied in DL-based diagnostic systems, particularly in healthcare 

facilities with limited radiology experts. The novelty of this research lies in its more comprehensive comparative approach 

compared to previous studies, as it not only compares various CNN architectures and optimizers but also integrates GAN 

to enhance training data quality and explores the use of RNN to improve pneumonia classification performance. Thus, 

this study contributes to the development of more accurate and efficient DL models that can be implemented in healthcare 

systems to assist radiologists in diagnosing pneumonia more quickly and accurately. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages  

This research is presented in a more structured and objective manner through a flowchart Figure 1, illustrating each stage 

from collecting data to evaluation. 

2.2 Collecting Data  

The CXR image dataset used in this study is accessible through the Mendeley Dataset platform, owned by [43]. This 

dataset consists of three classes: Normal, Bacterial Pneumonia, and Viral Pneumonia, with 3,270, 3,001, and 1,656 

images, respectively. In total, the dataset comprises 7,927 CXR images [6]. Table I provides details on the number of 

CXR images in each category. Figure 2 illustrates the CXR dataset used. 
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Figure 1. Research Method 

Table 1. Details of the CXR dataset  

 

 

 

 
 
 

Figure 2. CXR dataset 

Type Number of Datasets 

Normal 3270 

Bacterial Pneumonia 3001 

Viral Pneumonia 1656 

Total 7927 
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2.3 Preprocessing and Data Augmentation 

During the data processing stage, all CXR images were resized to a uniform dimension of 224x224 pixels to ensure 

consistency in analysis. Additionally, data augmentation was performed by applying a 45-degree rotation to enhance the 

diversity of features recognizable by the model, as shown in Fig 1. Augmentation techniques such as rotation are 

commonly used in medical image processing research to improve model robustness against variations in imaging data 

[33]. Data preprocessing, model implementation, and training were performed using the TensorFlow framework with the 

Keras API. This framework supports efficient optimization of CNN, RNN, and GAN models and ensures reproducible 

experiments for medical image classification. 

Next, the hold-out method was applied to split the dataset, using an 80:20 ratio to separate the data into training 

and validation sets. This approach is commonly used in deep learning studies as it balances the size of training and 

validation data, optimizing the model’s learning process while minimizing the risk of overfitting [28]. Evaluating the 

model with this proportion allows for a comprehensive assessment of its performance, providing more accurate insights 

into the model’s effectiveness in recognizing patterns in CXR images [35]. 

2.4. Modeling 

2.4.1 Convolutional Neural Network  

Convolutional Neural Networks (CNN) are neural networks designed to process images by recognizing patterns like the 

human brain. CNN has key layers: convolutional layers for feature extraction, pooling layers to reduce data size, and fully 

connected layers for classification. CNN's strengths include automatic feature extraction, robustness to object position 

and rotation, and transfer learning, which enables using pre-trained models like VGG16, ResNet, and DenseNet for better 

performance [44], [45]. 

In the field of medical imaging, CNN has been successfully applied for breast cancer detection, brain tumor 

segmentation, and lung disease diagnosis through CXR image analysis [46]. However, CNNs have limitations, such as 

the need for large datasets to prevent overfitting and high computational demands due to a large number of parameters. 

Additionally, deeper CNN models often suffer from the vanishing gradient problem, which can be addressed using 

residual networks (ResNet) [47]. Despite these challenges, CNN remains a highly effective method for medical image 

analysis and various other computer vision applications. 

In general, CNN has a structure consisting of several main layers: the convolutional layer, the activation layer, the 

pooling (subsampling) layer, and the fully connected layer, with the general equations as equations 1-4. 

𝑌(𝑖, 𝑗) =  ∑ 𝑋(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)𝑚               (1) 

𝑓(𝑥) = max (0, 𝑥)            (2) 

𝑌(𝑖, 𝑗) = max(m, n) 𝑋(2𝑖 +  𝑚, 2𝑗 + 𝑛)                       (3) 

𝑌 = 𝑊𝑋 +  𝑏         (4) 

2.4.2 Recurrent Neural Network  

Recurrent Neural Networks (RNNs) are a type of artificial neural network designed to process sequential data, such as 

text, audio, and time-series signals. Unlike feedforward neural networks, RNNs have an internal memory that allows 

previous information to be used in the current processing step, making them suitable for tasks such as natural language 

processing (NLP) and time-series analysis [31], [33]. In this study, the CNN models are trained using a defined learning 

rate (η) to control the magnitude of weight updates, dropout (p) to reduce overfitting by randomly deactivating neurons, 

and the ReLU activation function to introduce nonlinearity. The learning process is optimized by minimizing a loss 

function 𝐿(𝑦,𝑦’), where 𝑦 represents the true label and 𝑦’ denotes the predicted output. All mathematical formulations are 

explicitly annotated to clarify the role of each parameter, ensuring ease of understanding and reproducibility. 

The RNN architecture consists of recurrent layers, where the output from one time step serves as input for the 

next. However, this model often suffers from the vanishing gradient problem, which hampers long-term learning. To 

address this issue, variants such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) were developed, 

enabling more effective handling of long-term dependencies [28], [34]. RNNs are widely used in applications such as 

speech recognition, automatic translation, and financial forecasting, but they have limitations in computational efficiency 

due to their sequential nature, which makes parallelization challenging [34]. RNN works by updating the hidden state 

based on the current input and the previous hidden state. 

ℎ𝑡 = 𝑓(𝑊ℎ  ℎ𝑡−1  +  𝑊𝑥  𝑥𝑡  +  𝑏ℎ)                           (5) 

2.4.3 Generative Adversarial Networks  

Generative Adversarial Networks (GANs) are a type of artificial neural network used to generate new data similar to real 

data. GANs consist of two main networks: the Generator, which creates synthetic data, and the Discriminator, which 

distinguishes between real and generated data. These networks are trained simultaneously in a competitive process, where 

the Generator continuously improves the quality of its generated data to make it harder for the Discriminator to 
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differentiate. [20]. GAN has been used in various applications, such as generating realistic images, enhancing the 

resolution of medical images, simulating data for DL model training, and deepfake generation [37]. Several GAN variants 

have been developed to improve training stability and output quality, including Deep Convolutional GAN (DCGAN), 

Wasserstein GAN (WGAN), and StyleGAN [48]. However, GANs face challenges such as mode collapse, where the 

Generator produces only a limited variation of data, and convergence difficulties due to the complex dynamics of the 

training process [49]. 

𝐺(𝑧, 𝐺)       (6) 

𝐷(𝑥, 𝐷)       (7) 

In this study, GAN-generated synthetic CXR images are used as data augmentation to increase training data 

diversity and balance class distribution. The augmented dataset is combined with original images to train the CNN models, 

improving feature generalization and classification performance, particularly for underrepresented pneumonia classes. 

2.4 Training Architecture  

In Deep Learning, various neural network architectures have been developed to enhance image classification 

performance, particularly on large datasets such as ImageNet. Some commonly used models include Xception, 

InceptionV3, ResNet50V2, and DenseNet201, each offering advantages in processing efficiency and feature extraction. 

Xception is an improvement over Inception that utilizes depthwise separable convolutions, increasing processing 

efficiency without reducing accuracy [50].  

In contrast, InceptionV3 leverages Inception modules, allowing multi-scale feature extraction within a single 

convolutional stage, while also employing factorized convolutions and batch normalization to enhance training stability 

[51]. ResNet50V2 introduces the concept of residual connections, which help deeper networks overcome the vanishing 

gradient problem, leading to more stable training [38]. Meanwhile, DenseNet201 features a unique structure that connects 

each layer to all subsequent layers, enabling more efficient feature reuse and reducing the number of required parameters, 

making it more efficient and resistant to overfitting [42]. 

These four models are often used in combination with Transfer Learning, where pre-trained models on large 

datasets such as ImageNet can be fine-tuned for new datasets. This approach is particularly beneficial in medical imaging 

and computer vision applications, as it improves accuracy without requiring extremely large datasets or long training 

times [52]. With these advanced architectures, Deep Learning continues to evolve as a powerful tool for various image 

classification and visual analysis tasks. 

To further analyze these architectures, an architectural comparison is conducted in terms of parameter count, 

computational complexity (FLOPs), and power efficiency, as summarized in an article [35]. The four models are selected 

because they are widely adopted, experimentally stable, and offer a balanced trade-off between accuracy and 

computational efficiency, making them suitable for medical image classification tasks. 

2.5 Optimizer  

In Deep Learning, choosing the right optimizer is key to fast and efficient training. Two common optimizers are Stochastic 

Gradient Descent (SGD) and RMSprop. SGD updates model weights using small data batches (mini-batch), making 

training faster and using less memory than full batch gradient descent. However, it can be unstable, causing slow 

convergence or getting stuck in local minima. [53]. 

To improve stability and efficiency, various SGD variants have been developed, such as SGD with momentum, 

which helps maintain the optimization direction based on previous gradients, thereby preventing excessive oscillations 

[54]. On the other hand, RMSprop (Root Mean Square Propagation) is an optimizer that adaptively adjusts the learning 

rate for each parameter by considering the exponential moving average of past squared gradients. This approach helps 

address the vanishing gradient problem and enables more stable learning, particularly in deeper networks such as CNNs 

and RNNs [55]. 

2.6 Evaluation  

In this study, model evaluation was conducted based on two key metrics: accuracy and processing time. Accuracy is the 

primary metric for assessing the performance of a classification model, calculated as the percentage of correct predictions 

relative to the total number of tested data. A high accuracy indicates that the model can classify data effectively, while a 

low accuracy suggests the need for improvements in the training process or model architecture selection [48]. 

In addition to accuracy, processing time is an essential factor in evaluating model efficiency, especially in real-

time applications or environments with limited computational resources. More complex architectures tend to have longer 

processing times, making it necessary to balance accuracy and time efficiency [9]. In this study, the combination of these 

two metrics was used to assess the overall model performance. A model with high accuracy but significantly long 

processing time may be impractical, while a model with fast processing time but low accuracy is also ineffective. 

Therefore, selecting the optimal model depends on the trade-off between these two factors, tailored to the requirements 

of the intended application [56]. 
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3. RESULT AND DISCUSSION 

The training process for the Xception, InceptionV3, ResNet50V2, and DenseNet201 models started with pre-trained 

weights from ImageNet, a common dataset for image classification. The base models were loaded without the top 

classification layer and set to 224×224×3 input size, ensuring they retained their learned features while staying non-

trainable during training. To prevent overfitting, a dropout layer (0.2) was added. The final layer used a softmax activation 

function with three output neurons, corresponding to Normal, Bacterial Pneumonia, and Viral Pneumonia classifications. 

The dataset, sourced from Mendeley, contained 7,927 images, divided into 3,270 Normal, 3,001 Bacterial Pneumonia, 

and 1,656 Viral Pneumonia cases. During the training process, parameter configuration played a crucial role in 

determining the model's performance. The key parameters used in this study are presented in Table 2. 

Table 2. Details of the parameters used 

Parameter Value 

Drop Out 0.2 

Hold-Out 80:20:00 

Epoch 50 

Batch Size 128 

Learning Rate 0.0001 

Optimizer RMSprop, SGD 

To improve classification accuracy, this study implements three main approaches in Deep Learning: CNN for 

feature extraction and classification, RNN for handling possible sequential patterns in medical images, and GAN as a data 

augmentation method to balance the number of samples in each class. The models were tested using two optimizers: 

RMSprop, which helps stabilize weight updates during training, and SGD, which plays a role in improving model 

generalization. The accuracy results and model performance evaluation based on training time for architectures trained 

with both optimizers are summarized in Table 3 and Table 4. 

Table 3. Training accuracy results 

Architectures 
CNN RNN GAN 

RMSprop SGD RMSprop SGD RMSprop SGD 

Xception 0,83 0,75 0,83 0,55 0,85 0,79 

InceptionV3 0,74 0,71 0,84 0,72 0,85 0,79 

ResNet50V2 0,83 0,71 0,85 0,73 0,82 0,71 

DenseNet201 0,83 0,8 0,83 0,68 0,81 0,82 

 

Table 4. Details of the CXR dataset  

Architectures 
CNN RNN GAN 

RMSprop SGD RMSprop SGD RMSprop SGD 

Xception 4194 6278 3800 5497 1119 5360 

InceptionV3 6444 5604 2586 4972 3129 5659 

ResNet50V2 2460 6320 2215 5306 2579 4998 

DenseNet201 3220 6154 2571 6121 3349 2304 

Table 3 presents the training accuracy results for various model architectures using RMSprop and SGD optimizers. 

In the CNN model, ResNet50V2, DenseNet201, and Xception achieved the highest accuracy (0.83) with RMSprop, while 

InceptionV3 had the lowest accuracy (0.74). In the RNN model, ResNet50V2 with RMSprop recorded the highest 

accuracy (0.85), whereas Xception with SGD had the lowest accuracy (0.55). In the GAN model, Xception with RMSprop 

achieved the highest accuracy (0.85), while InceptionV3 with SGD had the lowest accuracy (0.71). Overall, RMSprop 

provided better accuracy results compared to SGD. The comparison of overall accuracy across different architectures and 

optimizers is shown in figure 3. 

RMSprop generally yields higher accuracy because its adaptive learning rate adjusts weight updates based on 

recent gradient magnitudes, leading to more stable and faster convergence. This mechanism helps prevent oscillations 

during training, especially in deep architectures. However, faster convergence may increase the risk of overfitting, while 

training time variations reflect differences in model complexity and optimization dynamics. 

Table 4 presents the training time in seconds. In the CNN model, ResNet50V2 with RMSprop was the fastest 

(2,460 seconds), while InceptionV3 with RMSprop required the longest time (6,444 seconds). In the RNN model, 

ResNet50V2 with RMSprop was again the fastest (2,215 seconds), whereas Xception with SGD took the longest time 

(5,497 seconds). For the GAN model, Xception with RMSprop had the shortest training time (1,119 seconds), while 

DenseNet201 with RMSprop was the slowest (3,349 seconds).  
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Figure 3. Training accuracy graph 

Thus, ResNet50V2 with RMSprop is the best choice for CNN and RNN in terms of time efficiency, while Xception 

with RMSprop performs best in the GAN model. The overall comparison of model performance evaluation based on 

training time across different architectures and optimizers is shown in Figure 4. 

Figure 4. Performance model evaluation based on training time 

4. CONCLUSION 

This study examines the combination of deep learning models—CNN, RNN, and GAN—with four architectures 

(Xception, InceptionV3, ResNet50V2, DenseNet201) and two optimizers (RMSprop and SGD) for classifying pneumonia 

based on CXR images. The results show that RMSprop consistently outperforms SGD in terms of accuracy. ResNet50V2 

with RMSprop is the best combination for CNN and RNN models, while Xception with RMSprop is optimal for the GAN 

model. This approach evaluates not only accuracy but also processing efficiency, with the RNN-ResNet50V2-RMSprop 

combination achieving the highest accuracy (0.85) and a processing time of 2,215 seconds. The novelty of this research 

lies in integrating CNN, RNN, and GAN methods, enabling sequential information processing and addressing data 

imbalance using GAN. The novelty of this study is in the integration of CNN, RNN, and GAN methods, which facilitate 

sequential information processing and handle data imbalance. In terms of creativity, the unique combination of CNN 

architectures and the exploration of optimization techniques enhance model performance. The technical depth is reflected 

in the analysis, which considers not only accuracy but also processing efficiency. The application of this model has the 

potential to improve early detection and accelerate diagnosis, particularly in areas with limited medical resources. 

However, successful implementation requires collaboration between research institutions, policymakers, and healthcare 

providers. Future research should focus on improving feature representation and model robustness by integrating attention 

mechanisms or transformer-based architectures into the proposed framework. Additionally, expanding the dataset with 
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multi-center CXR data and evaluating real-time clinical deployment could further enhance generalization performance 

and practical applicability. 
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