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Abstract

Pneumonia remains a significant cause of morbidity and mortality worldwide,
particularly in vulnerable populations such as children and the elderly. Early
detection through chest X-ray analysis plays a crucial role in timely treatment;
however, reliance on radiologists can lead to variability, delays, and diagnostic
errors. This paper presents a convolutional neural network (CNN) designed to
automate pneumonia diagnosis from chest X-ray images, addressing the need
for faster and more consistent diagnostic solutions. The model was trained and
validated on a publicly available dataset containing chest X-ray images labeled
as either pneumonia or normal. Data augmentation techniques, such as rota-
tion, scaling, and flipping, were applied to enhance generalization and mitigate
class imbalance. The architecture consists of multiple convolutional layers, batch
normalization, max pooling, and dropout layers to extract and classify image
features effectively. The CNN achieved an accuracy of 90.22% and an AUC
score of 0.96 on the test set. Precision, recall, and F1-score metrics demonstrate
the model’s robust performance, with a recall of 96% for pneumonia cases, in-
dicating a low rate of false negatives. The receiver operating characteristic (ROC)
curve and confusion matrix further validate the model’s efficacy in distinguish-
ing pneumonia from normal cases. This study highlights the potential of AI-
driven diagnostic tools to improve pneumonia detection, particularly in re-
source-limited settings. The proposed model can assist radiologists by provid-
ing rapid and reliable interpretations, ultimately enhancing patient outcomes
and reducing the burden on healthcare systems. Future work will focus on ex-
panding datasets and refining the architecture for even greater accuracy and
stability.
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1. Introduction

Pneumonia remains one of the most common and serious respiratory infections,
responsible for over 2.5 million deaths annually, including a significant proportion
of children under five and elderly individuals [1]-[7]. It is a critical public health
concern, particularly in low-resource environments where healthcare infrastruc-
ture is limited and access to trained radiologists is scarce. Early detection and treat-
ment are essential to prevent severe complications, but pneumonia diagnosis re-
lies heavily on chest X-rays, which require careful interpretation by experienced
radiologists [8]-[10]. This dependency can lead to diagnostic delays, misinterpre-
tations, and increased mortality rates, underscoring the urgent need for automated
diagnostic tools. Artificial intelligence (AI) and deep learning have emerged as
transformative technologies in the medical imaging domain, offering the potential
to address this diagnostic gap [11] [12]. Convolutional neural networks (CNNs),
a subset of deep learning models, have demonstrated remarkable success in auto-
mating image classification, segmentation, and feature extraction across various
medical fields [13] [14]. Their ability to analyze complex patterns in imaging data
has positioned CNNss as valuable tools for diagnosing diseases such as pneumonia,
lung cancer, and diabetic retinopathy. By leveraging large datasets of chest X-rays,
CNNs can learn to detect pneumonia with accuracy comparable to or surpassing
that of human radiologists. This automation not only accelerates diagnostic work-
flows, but also enhances consistency and reduces human error. This paper focuses
on developing and evaluating a CNN model tailored for pneumonia detection,
contributing to the advancement of Al-driven diagnostic solutions that can oper-
ate effectively in diverse clinical settings. Our approach addresses the need for scal-
able, reliable, and cost-effective diagnostic tools to improve healthcare outcomes

globally.

2. Related Work

The application of convolutional neural networks (CNNs) to pneumonia diagno-
sis has been extensively studied, demonstrating the potential of deep learning in
medical imaging [15]-[17]. A pivotal contribution by Wang ez al (2017) [18] in-
troduced ChestX-ray8, a large-scale dataset comprising over 100,000 chest X-ray
images annotated with various thoracic diseases, including pneumonia. Their work
underscored the ability of CNNs to perform multilabel classification, laying the
groundwork for future research in automated disease detection. Building on this
foundation, Rajpurkar et a/ (2018) [19] introduced CheXNet, a deep CNN model
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trained on the ChestX-ray14 dataset, an extension of Wang et al’s dataset. CheXNet
achieved state-of-the-art performance, surpassing practicing radiologists in pneu-
monia detection accuracy. This achievement highlighted the viability of deep learn-
ing in critical diagnostic tasks, reinforcing the notion that AI models can comple-
ment and enhance the capabilities of medical professionals. While these studies
demonstrate the efficacy of deep CNNs, they often rely on highly complex archi-
tectures, which can increase computational demands and reduce interpretability.
Our approach seeks to optimize this process by developing a streamlined CNN
architecture designed specifically for binary classification of pneumonia and nor-
mal cases. By incorporating techniques such as data augmentation, dropout regu-
larization, and batch normalization, we enhance model generalization while min-
imizing overfitting. This approach allows for efficient training on limited datasets,
providing a practical and scalable solution that can be readily deployed in diverse

clinical environments.

3. Methodology
3.1. Dataset

This study utilizes a publicly available dataset of chest X-ray images, categorized
into two classes: pneumonia and normal. The dataset serves as a benchmark for
evaluating the effectiveness of convolutional neural networks (CNNs) in automated
pneumonia diagnosis. Figure 1 illustrates the distribution of cases within the
dataset, revealing a noticeable class imbalance where pneumonia cases signifi-
cantly outnumber normal cases. This imbalance reflects real-world scenarios but

poses challenges during model training, potentially leading to biased predictions.

Distribution of Conditions in Training Data
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Figure 1. Distribution of pneumonia and normal conditions in the training data.
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Addressing this imbalance is critical to ensuring the model generalizes well across
both classes and does not disproportionately favor the majority class. While the
dataset used in this study provided an essential benchmark for evaluating our
model, it is derived from a single publicly available source. This limitation reduces
the diversity of imaging conditions, demographics, and equipment used. Future
work will incorporate additional datasets from diverse sources, such as hospitals
in different geographical regions, to address potential biases and enhance gener-
alizability. This step is critical to ensure the model’s applicability across a broad

range of clinical environments.

3.2. Data Preprocessing

We recommend implementing advanced techniques beyond basic data augmen-
tation to mitigate class imbalance. Focal loss, which dynamically scales the loss for
hard-to-classify examples, can increase the model’s focus on minority classes. Ad-
ditionally, cost-sensitive learning can assign higher weights to normal cases, bal-
ancing the loss function. Oversampling techniques like SMOTE (Synthetic Mi-
nority Oversampling Technique) could be applied to generate synthetic data for
underrepresented classes. These approaches aim to enhance the model’s classifi-
cation accuracy and reduce misclassification rates. To standardize input data and
improve model performance, several preprocessing steps were applied. Each chest
X-ray image was resized to 150 x 150 pixels to ensure uniformity and reduce com-
putational overhead. This dimension preserves essential features necessary for
classification while balancing model efficiency. To further enhance generalization
and reduce overfitting, data augmentation techniques were employed [20]-[22].
Augmentation introduces variations into the training data by applying random
transformations, forcing the model to learn invariant features [23]-[25]. The fol-
lowing augmentation strategies were utilized:

Rotation—Random rotations up to 20 degrees to simulate variability in image
orientation.

Zooming—Image zooming within a factor of 0.2 to simulate different scales of
X-rays.

Horizontal Flipping—Random horizontal flips to mirror images, creating ad-
ditional training samples.

Normalization was applied by scaling pixel values to the range (0, 1). This trans-
formation ensures the model converges faster during training by stabilizing gra-
dients and avoiding vanishing or exploding weights [26] [27]. Preprocessing is es-
sential for minimizing discrepancies between training and validation data, thereby

improving the model’s generalization capabilities [28]-[30].

3.3. Model Architecture

The CNN model used for pneumonia classification was carefully designed to bal-
ance complexity, computational efficiency, and performance [31]-[33]. To enhance

the robustness of the proposed model, we propose exploring advanced architectures
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such as ResNet and DenseNet. These architectures offer deeper layers and skip
connections, addressing issues like vanishing gradients and enabling the extrac-
tion of richer hierarchical features. Additionally, attention mechanisms like SE
(Squeeze-and-Excitation) blocks or CBAM (Convolutional Block Attention Mod-
ule) could further improve performance by focusing on critical regions of the
chest X-rays. These techniques, combined with the current architecture, have the
potential to significantly improve sensitivity and reduce false positives. Compar-
ative experiments with this architecture will be conducted in future studies to as-
sess their efficacy. The architecture consists of three convolutional layers, progres-
sively increasing in depth to extract hierarchical features from chest X-ray images.
A summary of the architecture is provided in Figure 2, with key components out-

lined as follows:

Model: "sequential_1"

Layer (type) Output Shape Param #
conv2d_2 (Conv2D) ( , 150, 150, 32) 320
batch_normalization_2 ( , 150, 150, 32) 128
(BatchNormalization)

max_pooling2d_2 (MaxPooling2D) ( , 75, 75, 32) 2]
conv2d_3 (Conv2D) ( , 75, 75, 16) 4,624
dropout_2 (Dropout) ( s> 75, 75, 16) 2]
batch_normalization_3 ( , 75, 75, 16) 64
(BatchNormalization)

max_pooling2d_3 (MaxPooling2D) ( , 37, 37, 16) 2]
flatten_1 (Flatten) ( , 21904) )
dense_2 (Dense) ( , 64) 1,401,920
dropout_3 (Dropout) ( , 64) 2]
dense_3 (Dense) ( , 2) 130

Total params: 4,221,368 (16.10 MB)
Trainable params: 1,407,090 (5.37 MB)
Non-trainable params: 96 (384.00 B)
Optimizer params: 2,814,182 (10.74 MB)

Figure 2. CNN model architecture summary.

Convolutional Layers: Three convolutional layers with filter sizes of 32, 64, and
128, each using 3 x 3 kernels. These layers detect spatial hierarchies, identifying
features such as edges, patterns, and textures that characterize pneumonia. ReLU
(Rectified Linear Unit) activation is applied to introduce non-linearity, allowing
the network to model complex patterns [34]-[36].

Batch Normalization: Each convolutional layer is followed by batch normali-
zation, which standardizes activations within the layer. This step accelerates con-
vergence, stabilizes training, and reduces sensitivity to weight initialization [37]
[38].

Max Pooling Layers: Max pooling (2 x 2) is applied after each convolution to
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down sample feature maps, reducing spatial dimensions while retaining dominant
features. This operation improves computational efficiency and controls overfit-
ting by limiting the model’s capacity [39] [40].

Flattening Layer: The output of the final convolutional block is flattened into
a one-dimensional vector, preparing it for the fully connected dense layers. This
vector encapsulates the learned features, acting as the input for the classification
stage [41] [42].

Fully Connected Dense Layer: A dense layer with 128 units and ReLU activa-
tion integrates the extracted features to form high-level representations [43]-[45].

Dropout Layer: A dropout rate of 0.5 is applied to prevent overfitting by ran-
domly deactivating neurons during training. This regularization technique forces
the network to learn redundant representations, enhancing generalization [46]-
[48].

Output Layer: The final dense layer contains two units with softmax activation,
producing probability distributions for binary classification (pneumonia vs. nor-
mal) [49] [50].

The model was compiled using the Adam optimizer, chosen for its adaptability
and efficient handling of sparse gradients. The initial learning rate was set to 0.001,
ensuring stable convergence. Sparse categorical cross-entropy was selected as the
loss function, aligning with the binary classification task. Model performance was
monitored during training using accuracy and loss metrics, with early stopping
applied to prevent overfitting and improve generalization. This architecture pro-
vides a balance between simplicity and performance, making it suitable for deploy-

ment in clinical environments for rapid pneumonia detection.

4. Training and Evaluation
4.1. Training Setup

The CNN model was trained over 12 epochs using a batch size of 32, which strikes
a balance between computational efficiency and model convergence. A validation
split of 20% was utilized, meaning 20% of the training data was set aside for vali-
dation at each epoch. This split allowed the model to be evaluated on unseen data
during training, providing insight into its ability to generalize and prevent over-
fitting [51]-[53]. Training was conducted using the Adam optimizer, known for
its adaptive learning rate and efficient handling of sparse gradients [54] [55]. The
initial learning rate was set to 0.001, ensuring stable and gradual convergence [56]
[57]. Sparse categorical cross-entropy was employed as the loss function, as it is
well-suited for binary classification tasks where class labels are represented as in-
tegers [58]. Accuracy was used as the primary metric to track model performance
across epochs. During each epoch, the model’s performance on the training and
validation sets was recorded. Accuracy and loss curves were plotted to visualize
the progression of training (Figure 3 and Figure 4). These plots serve as essential
diagnostic tools, revealing whether the model experienced underfitting, overfit-

ting, or achieved a balance between bias and variance.
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Figure 3. Training and validation accuracy over epochs.
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Figure 4. Training and validation loss over epochs.
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The training accuracy curve showed a steady increase, while the validation ac-
curacy exhibited fluctuations, suggesting potential overfitting. The loss curve dis-
played an initial spike in validation loss, stabilizing as training progressed, indi-
cating that the model gradually learned meaningful patterns despite initial insta-
bility.

4.2. Evaluation Metrics

The validation accuracy curve exhibited fluctuations during training, indicating

potential overfitting or instability. To address this, ensemble methods—combin-

ing predictions from multiple models—can reduce variance and enhance stability.

Additionally, techniques like dropout regularization and weight decay can further

prevent overfitting. Upon completing training, the model’s performance was eval-

uated on the test set using a comprehensive set of metrics:

o Accuracy: Measures the overall proportion of correctly classified images.

« Precision: Reflects the proportion of positive predictions that were correct (pneu-
monia cases). This metric is essential to minimize false positives, which could
lead to unnecessary medical intervention.

o Recall (Sensitivity): Measures the proportion of actual pneumonia cases that
were correctly identified. A high recall reduces the risk of false negatives, which
is critical in clinical scenarios to ensure no pneumonia cases are overlooked.

o Fl-score: Represents the harmonic mean of precision and recall, providing a

balanced measure that accounts for both false positives and false negatives.

Confusion Matrix
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Figure 5. Confusion matrix for model predictions on test data.

The confusion matrix (Figure 5) visually represents the distribution of true
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positives, true negatives, false positives, and false negatives. This matrix is crucial
for identifying misclassification patterns. The model achieved a high recall for
pneumonia cases, indicating strong sensitivity in detecting positive cases, while a
slight tendency to misclassify normal cases as pneumonia was observed. In addi-
tion, the receiver operating characteristic (ROC) curve (Figure 6) was plotted to
assess the model’s discriminatory power. The ROC curve illustrates the trade-off
between the true positive rate (sensitivity) and the false positive rate at various clas-
sification thresholds. The area under the curve (AUC) was calculated to be 0.96,
indicating excellent performance and confirming the model’s robustness in distin-

guishing between pneumonia and normal cases.
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Figure 6. Comparative visualization of chest X-ray images.

The left image in Figure 6 displays a pneumonia case characterized by irregular
opacity in the lung regions, while the right image represents a normal chest X-ray
with clear and symmetrical lung fields.

Figure 6 illustrates the visual differences between pneumonia and normal chest
X-ray images. The top image highlights the increased opacity and irregular pat-
terns often observed in pneumonia cases, whereas the bottom image depicts a nor-
mal X-ray with clear lung fields. This visual comparison emphasizes the challenge
of distinguishing between subtle variations, reinforcing the necessity of automated
CNN.

The combination of high accuracy (90.22%) in Figure 7, strong recall, and an
impressive AUC score underscores the model’s potential as a reliable tool for
pneumonia diagnosis. The evaluation metrics collectively reflect the model’s ca-
pacity to assist radiologists by reducing diagnostic errors and ensuring rapid de-

tection of pneumonia in chest X-ray images.
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Figure 7. Receiver operating characteristic (ROC) curve with area under the curve (AUC)
score.

5. Results

The final CNN model demonstrated strong performance during testing, achieving
an overall accuracy of 90.22% on the test set, underscoring its effectiveness in dis-
tinguishing between pneumonia and normal chest X-ray images. This high accu-
racy reflects the model’s ability to generalize across unseen data, validating the
robustness of the training process and the architecture’s capacity to extract mean-
ingful features from the input images. A detailed breakdown of the model’s per-
formance is presented in Figure 8, which highlights key evaluation metrics such
as precision, recall, and F1-score. For pneumonia detection, the model achieved a
precision of 0.89 and a recall of 0.96. The high recall indicates that the model is
highly sensitive, successfully identifying 96% of actual pneumonia cases minimiz-
ing the risk of false negatives. This is particularly crucial in clinical applications,
where missing a pneumonia diagnosis can lead to severe health complications or
delays in treatment. However, while the model excelled in detecting pneumonia,
its performance in identifying normal cases was slightly less favorable. The recall
for normal cases was 0.80, signifying that 20% of normal chest X-rays were mis-
classified as pneumonia. This conservative bias, while increasing false positives, is
generally preferred in medical diagnostics, as it prioritizes capturing potential pneu-
monia cases over inadvertently dismissing them. False negatives (missed pneumo-
nia) pose a greater clinical risk compared to false positives, which can be further
evaluated by a radiologist to confirm the diagnosis. The overall F1-score, which
balances precision and recall, highlights the model’s stable and reliable classifica-

tion performance across both classes. The ROC curve and confusion matrix
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corroborate these findings, demonstrating that the model consistently performs

well across varying classification thresholds.

Accuracy: 90.22%

precision recall fl-score support

Pneumonia 0.89 0.96 0.92 390
Normal 0.93 0.80 0.86 234
accuracy 0.90 624
macro avg 0.91 0.88 0.89 624
weighted avg 0.90 0.90 0.90 624

Figure 8. Classification report—precision, recall, and F1-score for pneumonia diagnosis.

These results reflect the potential of the CNN model to serve as an auxiliary diag-
nostic tool, assisting radiologists in detecting pneumonia cases with high accuracy
and contributing to faster, more efficient patient care. Future improvements may
focus on enhancing the model’s specificity to reduce misclassification of normal
cases, ultimately refining its application for real-world deployment in medical en-

vironments.

6. Discussion

The results of this study underscore the significant potential of convolutional neu-
ral networks (CNNs) as reliable tools for automated pneumonia diagnosis using
chest X-ray images. The model’s high recall of 96% for pneumonia cases indicates
its strong capability to minimize false negatives, which is crucial in clinical settings
where missing a diagnosis could lead to severe patient outcomes, including disease
progression and increased mortality. This sensitivity ensures that the model pri-
oritizes detecting pneumonia cases, aligning with the primary objective of reduc-
ing undiagnosed cases in vulnerable populations. However, while the model excels
at identifying pneumonia, its tendency to misclassify normal cases as pneumo-
nia—as reflected by the lower recall of 0.80% for normal images—highlights areas
for improvement. This bias toward detecting pneumonia, though beneficial in re-
ducing missed cases, may lead to false positives and unnecessary medical inter-
ventions [59] [60]. Although false positives are less dangerous than false negatives,
they can increase patient anxiety, healthcare costs, and unnecessary treatments
[61] [62]. Addressing this challenge by enhancing the model’s specificity without
compromising sensitivity is a priority for future work. The fluctuations observed
in validation accuracy throughout training indicate possible instability or overfit-
ting to the training data. This suggests that while the model generalizes well to
some extent, its performance might degrade when exposed to diverse or more
complex datasets. This variability could stem from factors such as class imbalance,
limited data volume, or insufficient regularization. Implementing techniques like
cross-validation, increasing the size of the dataset, and further hyperparameter

tuning could enhance stability and mitigate overfitting. The confusion matrix
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provides deeper insight into the classification performance, visually representing
the distribution of misclassified and correctly classified cases. The model demon-
strates robust performance in correctly identifying pneumonia, but the misclassi-
fication of normal cases warrants further investigation. One potential solution is
the application of ensemble methods that aggregate the predictions of multiple
models, reducing variance and improving overall accuracy [63] [64]. Alterna-
tively, leveraging transfer learning from pre-trained models such as ResNet or
VGG could improve feature extraction and enhance performance, particularly for
normal cases [65] [66]. Future work will prioritize the expansion of the dataset by
incorporating more diverse chest X-ray images from different sources, ensuring
the model is exposed to a broader range of cases and patient demographics. Ex-
ploring deeper and more complex architectures, or hybrid approaches that inte-
grate attention mechanisms, could also help the model focus on the most relevant
regions of the X-ray, thereby reducing misclassification [67] [68]. Additionally,
techniques like focal loss may be implemented to specifically address the class im-
balance, ensuring the model pays greater attention to minority classes [69] [70].
While the CNN model demonstrates strong performance and promising results
for pneumonia detection, continued refinement and expansion are essential to
ensure its reliability across varying clinical environments. By addressing the limi-
tations identified, this AI-driven diagnostic tool could be deployed as a scalable
solution, aiding radiologists and enhancing the early detection of pneumonia, ul-

timately improving patient care and outcomes.

7. Conclusion

This study highlights the effectiveness of convolutional neural networks (CNNs)
in automating pneumonia diagnosis from chest X-ray images, demonstrating their
potential to transform medical imaging and diagnostic workflows. The proposed
model achieved a test accuracy of 90.22% and an AUC score of 0.96, indicating its
robust capability to distinguish between pneumonia and normal cases. The model’s
high recall rate of 96% for pneumonia detection underscores its strength in mini-
mizing false negatives, which is crucial in clinical environments where early diag-
nosis directly correlates with improved patient outcomes. By automating the de-
tection process, this AI-driven approach alleviates the diagnostic burden on radi-
ologists, enabling faster analysis and more consistent results. This is particularly
valuable in resource-limited settings, where radiology expertise may be scarce.
The model’s performance suggests its suitability as a complementary tool to sup-
port radiologists, reducing variability and enhancing the accuracy of pneumonia
diagnosis. Despite the promising results, the study also identifies areas for improve-
ment. The model exhibited a slight tendency to misclassify normal cases as pneu-
monia, emphasizing the need for further refinement to enhance specificity with-
out compromising sensitivity. Expanding the dataset, integrating more complex
architectures, and leveraging techniques such as transfer learning or ensemble

methods will be key to addressing these limitations. In conclusion, this research
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underscores the viability of CNNs in medical diagnostics and sets the stage for fu-

ture advancements that could lead to the widespread adoption of Al-assisted di-

agnostic tools, ultimately improving healthcare delivery and patient outcomes on

a global scale.
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