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 The diagnosis of pneumonia remains a significant challenge for medical 

practitioners worldwide, particularly in regions with limited healthcare 

resources. Traditional interpretation of chest X-rays is time-consuming and 
often subjective, especially when images are of low quality. This study 

presents the development of a web-based system utilizing the DenseNet201 

architecture to address these challenges. A series of experiments were 

conducted to evaluate three optimizers Adam, Adamax, and Adadelta over 
fifty epochs. Among them, Adamax yielded the best performance, achieving 

a training accuracy of 93.67% and a validation accuracy of 94.20%. When 

tested on new data, the system consistently delivered high performance, with 

accuracy, precision, recall, and F1 score all reaching 96%. These results 
suggest that the proposed system has the potential to significantly enhance 

the accuracy and efficiency of pneumonia diagnosis based on chest X-rays. 
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1. INTRODUCTION 

Pneumonia, a sudden and severe inflammation of the lungs, remains a major global health issue [1]. 

This respiratory condition can be caused by various pathogens, including bacteria such as Streptococcus 

pneumoniae and Haemophilus influenzae, viruses like influenza and respiratory syncytial virus (RSV), fungi 

such as Pneumocystis jirovecii, and even parasites. Clinically, pneumonia manifests with a range of 

symptoms, including cough (which may produce sputum), fever, chills, difficulty breathing, chest pain 

(particularly with deep breathing or coughing), rapid breathing, fatigue, and in some cases, nausea, vomiting, 

or confusion [2], [3]. 

Vulnerable populations, especially children and the elderly, bear a disproportionate burden of 

pneumonia. In 2019, over 740,000 children under the age of five died from pneumonia worldwide, with the 

highest mortality rates observed in regions with limited access to healthcare, such as South Asia and sub-

Saharan Africa [4]. However, pneumonia remains a global concern, affecting individuals worldwide, 

particularly those with compromised immune systems, chronic conditions, or exposure to environmental 

hazards like air pollution and cigarette smoke. While pneumonia can be life-threatening, it is not invincible. 

Preventive measures such as immunization against common respiratory pathogens, basic hygiene practices, 

and management of underlying health conditions can significantly reduce the risk of developing pneumonia. 

Early diagnosis and appropriate treatment with antibiotics, antivirals, or antifungals, depending on the 

causative agent can lead to favorable outcomes for most patients [5], [6]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Artificial intelligence (AI), particularly convolutional neural networks (CNNs), has emerged as a 

transformative tool in medical imaging and diagnostics [7]-[9]. CNNs, inspired by the human visual system, 

are adept at identifying patterns in images, making them highly effective for analyzing medical scans such as 

chest X-rays. Through training on large, labeled datasets, CNNs can learn to differentiate pneumonia from 

other lung conditions or normal lung tissue, recognizing subtle visual cues that may be missed by the human 

eye. This technology holds the potential to revolutionize pneumonia diagnosis by enabling faster, more 

accurate, and widely accessible screening, particularly in resource-limited settings [7], [9]-[11]. 

This study aims to leverage AI to develop an advanced diagnostic tool using DenseNet201, a state-

of-the-art CNN architecture known for its exceptional accuracy in image classification tasks [12], [13]. The 

goal is to create a web-based platform that allows healthcare professionals to upload chest X-ray images for 

analysis. The system will utilize the trained DenseNet201 model to assess the likelihood of pneumonia, 

providing clinicians with valuable insights to support diagnostic decision-making and treatment planning 

[14], [15]. This AI-driven solution has the potential to alleviate the burden on radiologists, reduce diagnostic 

errors, and improve patient outcomes by automating and expediting the image analysis process. However, the 

integration of AI in healthcare presents its own set of challenges [16]-[18]. To ensure the ethical and 

equitable deployment of AI-based diagnostic tools, it is essential to address concerns related to data privacy, 

algorithmic bias, and the potential for over-reliance on automated systems [19], [20]. 

 

 

2. METHOD 

2.1.  Dataset preparation and preprocessing 

Our study utilized a comprehensive lung image dataset, consisting of 1,583 normal cases and 4,273 

pneumonia cases, creating a total of 5,856 chest X-ray images. The dataset's diversity, which included a wide 

range of pneumonia types and normal lung morphologies, was crucial for the development and validation of 

a robust diagnostic model. To ensure reproducibility, the dataset was systematically organized and validated 

before processing [2], [21]. The dataset is split using the holdout validation technique, with a ratio of 80:20 

for training and validation sets [22]-[24]. This resulted in 4,685 images for training (3,178 pneumonia cases 

and 1,507 normal cases) and 1,171 images for validation (1,095 pneumonia cases and 76 normal cases), as 

detailed in Table 1. 

 

 

Table 1. Split dataset into training and validation 
Data Percentage Pneumonia Normal Total data 

Training 80% 4204 1026 3178 

Validation 20% 1052 257 795 

 

 

2.2.  Image preprocessing and augmentation 

Before model training, all images underwent standardized preprocessing procedures. The dataset 

was normalized using an input preprocess function implemented through the preprocessing option in the 

ImageDataGenerator class. This function ensures that pixel values are scaled to the range [0,1], fitting within 

the expected input range for the DenseNet architecture. 

To improve model generalization and reduce overfitting issues, comprehensive image augmentation 

techniques were systematically applied during training: 

 Image resizing to 224×224 pixels to match DenseNet201 input requirements 

 Width and height shift range of 0.2 

 Shear transformation with range of 0.2 

 Rotation range of 20 degrees 

 Zoom range of 0.2 

 Horizontal flip enabled 

 Fill mode set to 'nearest' 

These augmentation parameters were empirically determined to introduce sufficient variability while 

maintaining image integrity [25]-[27]. 

 

2.3.  Model architecture and configuration 

The experimental framework employed a transfer learning approach using the pre-trained 

DenseNet201 model. The complete model architecture was configured as follows: 

i) Base model configuration: 

 Input dimensions: 224×224 pixels, 3 color channels (RGB) 

 Base model: DenseNet201 (excluding the top fully connected layer) 
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 Initial weights: pre-trained on ImageNet dataset 

 Trainability: all layers in the DenseNet201 base model were frozen (set to non-trainable) to preserve 

pre-trained features and optimize computational efficiency 

ii) Custom classification head: the model architecture was enhanced with custom layers for binary 

classification: 

 GlobalAveragePooling2D layer to reduce spatial dimensions 

 Dense layer with 256 units and rectified linear unit (ReLU) activation function 

 Dropout layer with rate = 0.4 for regularization and overfitting mitigation 

 Final Dense layer with 1 unit and sigmoid activation function for binary output 

This architecture generally consists of several blocks called “Dense Blocks”, followed by down sampling 

layers such as pooling or convolution with steps to reduce the spatial dimension. The DenseNet201 

architecture is shown in Figure 1. 

 

 

 
 

Figure 1. DenseNet201 architecture 

 

 

2.4.  Training configuration and optimization 

To address the class imbalance in the dataset (pneumonia cases: 4,273 vs normal cases: 1,583), class 

weights were calculated using the formula: class_weight = n_samples/(n_classes×np.bincount(y)) and 

applied during model training [28], [29]. 

Three different optimization algorithms were systematically evaluated: 

 Adam optimizer: adaptive learning rate with β₁=0.9, β₂=0.999 

 Adamax optimizer: variant of Adam based on infinity norm with β₁=0.9, β₂=0.999 

 Adadelta optimizer: adaptive learning rate method with ρ=0.95 

Training parameters: 

 Learning rate: 0.001 for all optimizers 

 Batch size: 128 

 Maximum epochs: 50 

 Loss function: binary cross-entropy 

 Evaluation metric: binary accuracy 

 Early stopping: enabled with patience=10 and validation loss monitoring 

 Model checkpoint: best weights saved based on validation accuracy 

 

2.5.  Experimental procedure 

The experimental procedure was conducted in the following systematic steps: 

i) Data loading: chest X-ray images loaded and organized into training/validation directories 

ii) Data generators: ImageDataGenerator instances created with specified augmentation parameters 

iii) Model compilation: DenseNet201 models compiled with different optimizers 
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iv) Training phase: models trained for up to 50 epochs with early stopping 

v) Evaluation phase: best models evaluated on validation set 

vi) Performance analysis: metrics calculated including accuracy, precision, recall, and F1-score 

This methodology ensures reproducibility and allows for systematic comparison of optimizer performance on 

pneumonia detection tasks [25], [26], [30]. 

 

 

3. RESULTS AND DISCUSSION 

Table 2 presents a comparison of three optimization algorithms Adam, Adamax, and Adadelta 

during the model training process. The table shows the number of epochs completed, as well as the loss and 

binary accuracy values for both training and validation data, along with the learning rate used. Adam 

completed 19 epochs out of the planned 50, achieving a training loss of 0.2358 and a binary accuracy of 

0.9298. For the validation data, Adam achieved a validation loss of 0.2207 and a validation binary accuracy 

of 0.9316. 

 

 

Table 2. Result of training data use DenseNet 
Variable Epoch Loss Binary accuracy Val-loss Val-binary accuracy learning rate 

Adam 19/50 0.2358 0.9298 0.2207 0.9316 0.001 

Adamax 26/50 0.2881 0.9367 0.2603 0.9420 0.001 

Adadelta 50/50 4.6946 0.8264 4.7140 0.8137 0.001 

 

 

Adamax completed 26 epochs, achieving a training loss of 0.2881 and binary accuracy of 0.9367. 

For validation data, Adamax reached a validation loss of 0.2603 and validation binary accuracy of 0.9420. 

Adadelta was the only optimizer to complete all 50 epochs, but it exhibited significantly higher loss values 

compared to the other two algorithms, with a training loss of 4.6946 and validation loss of 4.7140. Adadelta's 

binary accuracy was also lower, with values of 0.8264 for training and 0.8137 for validation. All algorithms 

utilized the same learning rate of 0.001. 

Figure 2 shows the results of an X-ray of the lungs infected with pneumonia. With a red display and 

a score of 96%. A comparative analysis of the Adam, Adamax, and Adadelta optimization algorithms 

revealed notable differences in their performance throughout the training process. These results highlight the 

significant impact of optimization choice on model performance. Both Adam and Adamax demonstrated 

strong efficacy, achieving lower loss values and higher binary accuracy on both the training and validation 

datasets, despite not completing the full 50-epoch training schedule. Among them, Adamax showed slightly 

superior performance, reaching the highest validation accuracy of 0.9420 and progressing through more 

epochs (26) than Adam (19). 

 

 

  
 

Figure 2. X-ray image detector using DenseNet201 architecture 

 

 

4. CONCLUSION 

This study highlights the effectiveness of the DenseNet201 architecture for pneumonia detection 

from chest X-rays, presenting several key findings. The Adamax optimizer was identified as the most 

effective, achieving the highest validation accuracy of 0.9420 and demonstrating superior performance 

metrics across all evaluations. Interestingly, the number of epochs completed was not a reliable predictor of 

model performance, as evidenced by Adadelta's subpar results despite completing all 50 epochs. The model 

demonstrated exceptional performance on independent test data, with accuracy, precision, recall, and F1 
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scores all reaching 0.96, confirming its practical applicability in clinical settings. These results suggest 

significant potential for enhancing the efficiency and accuracy of pneumonia detection. Future research 

should focus on validating these results across diverse datasets and clinical environments, exploring the 

factors that influence optimizer performance, and developing strategies for integrating the model into clinical 

workflows. This study contributes to the advancement of automated medical image analysis, offering a 

promising solution to improve pneumonia diagnosis in clinical practice. 
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