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Abstract: Pediatric pneumonia remains a significant global health issue, particularly in
low- and middle-income countries, where it contributes substantially to mortality in chil-
dren under five. This study introduces a deep learning model for pediatric pneumonia
diagnosis from chest X-rays that surpasses the performance of state-of-the-art methods
reported in the recent literature. Using a DenseNet201 architecture with a Mish activa-
tion function and multi-scale convolutions, the model was trained on a dataset of 5856
chest X-ray images, achieving high performance: 0.9642 accuracy, 0.9580 precision, 0.9506
sensitivity, 0.9542 F1 score, and 0.9507 specificity. These results demonstrate a significant
advancement in diagnostic precision and efficiency within this domain. By achieving the
highest accuracy and F1 score compared to other recent work using the same dataset, our
approach offers a tangible improvement for resource-constrained environments where
access to specialists and sophisticated equipment is limited. While the need for high-quality
datasets and adequate computational resources remains a general consideration for deep
learning applications, our model’s demonstrably superior performance establishes a new
benchmark and offers the delivery of more timely and precise diagnoses, with the potential
to significantly enhance patient outcomes.

Keywords: convolutional neural network; deep learning; pediatric pneumonia; Mish
activation function; multi-scale convolution

1. Introduction
Pediatric pneumonia constitutes a significant global health challenge, with a dispro-

portionate impact on low- and middle-income countries (LMICs) [1], where it persists
as a primary cause of mortality in children under five years of age [2]. According to the
World Health Organization (WHO), pneumonia is responsible for approximately 14% of all
fatalities in children under five years old; this translates to an estimated 740,000 deaths each
year [3]. Globally, the disease accounts for 10–20 million hospitalizations and an annual
incidence of 150–156 million cases, with over 80% of pneumonia-related deaths occurring
in LMICs. Regions such as South Asia and West and Central Africa bear the highest burden,
with pneumonia affecting approximately 1 in 71 children annually [4,5]. This infectious
disease, characterized by inflammation of the pulmonary alveoli in one or both lungs,
presents clinically in children with a spectrum of signs and symptoms, including cough,
fever, dyspnea, and chest pain [6]. In severe presentations, the disease can progress to
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hypoxemia (decreased arterial oxygen saturation) and potentially life-threatening com-
plications such as pleural effusion and respiratory failure [7]. The etiology of pediatric
pneumonia is diverse, encompassing bacterial, viral, and fungal pathogens. While the clini-
cal presentation may exhibit variability based on the specific causative agent, the disease
typically manifests with respiratory distress and systemic symptoms, necessitating timely
diagnosis and appropriate therapeutic intervention [8,9]. In high-income countries, the
mortality rates are significantly lower due to better access to vaccines, diagnostic tools, and
antibiotics. However, pneumonia continues to impose a significant burden on healthcare
systems worldwide, accounting for millions of outpatient visits and hospital admissions
annually, as well as substantial healthcare costs. The financial burden of prolonged care
is particularly severe in resource-constrained areas, where limited access to affordable
healthcare exacerbates the issue [10,11]. Addressing this challenge requires not only im-
provements in prevention and treatment but also innovative diagnostic methods to ensure
early and accurate detection [12].

Deep learning has become a pivotal tool in the diagnosis of pediatric pneumonia,
offering advanced capabilities for analyzing large datasets of medical images. These algo-
rithms can identify subtle patterns and anomalies that may elude human interpretation,
providing consistent and objective diagnostic outcomes [13]. By reducing diagnostic errors
and operating with greater efficiency than traditional methods, deep learning addresses
key limitations of conventional approaches. Specifically, conventional methods often rely
on manual interpretation, which can be prone to human error and variability, particularly
when identifying subtle or atypical patterns in medical images. Deep learning overcomes
these challenges by leveraging automated feature extraction and pattern recognition, en-
abling consistent and reproducible results. Additionally, traditional diagnostic methods can
struggle with large volumes of data or complex datasets, whereas deep learning excels at
processing and analyzing such data efficiently [14]. Its utility is particularly pronounced in
resource-constrained settings, where access to skilled radiologists and advanced diagnostic
facilities is limited, thereby promoting equitable healthcare delivery and enabling timely,
accurate diagnoses in underserved populations [15,16]. CNNs, a specialized architecture
within deep learning, have demonstrated remarkable accuracy in medical imaging. They
excel at extracting and analyzing both local and global features from radiographic images,
which are essential for identifying pathologies such as pneumonia [17]. In pediatric applica-
tions, deep learning models trained on extensive radiographic datasets can reliably detect
features indicative of pneumonia, including those associated with early-stage or atypical
presentations. This capability not only enhances diagnostic efficiency; however, it also
serves as a valuable supplementary tool for clinicians—minimizing the risk of missed diag-
noses and contributing to improved patient outcomes [18]. Although these advancements
are significant, they still require ongoing refinement and validation in clinical settings
because the stakes in medical diagnostics are exceptionally high.

Despite the considerable advancements in deep learning applications within the realm
of medical imaging, existing models exhibit numerous limitations. Many of the leading
models—such as Inception, ResNet, and VGG—are computationally demanding, necessi-
tating extensive memory and processing capabilities [19,20]. These prerequisites render
them difficult to implement on edge devices or in settings with limited resources [19].
Furthermore, these models frequently possess a vast number of parameters, which height-
ens the risk of overfitting when trained on small or imbalanced datasets; this scenario is
particularly prevalent in medical imaging [21]. Another significant challenge pertains to
the interpretability of deep learning models. Although these algorithms can achieve high
accuracy, their opaqueness complicates clinicians’ ability to trust and effectively integrate
them into their practice [22,23]. Addressing these limitations is crucial for facilitating the
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widespread adoption of deep learning techniques in pediatric pneumonia diagnostics. This
study intends to tackle the deficiencies of current deep learning models by developing an
enhanced DenseNet201-based model for pediatric pneumonia recognition.

The primary aim of this study is to optimize the architecture of a deep-learning model
for pediatric pneumonia diagnosis. This is accomplished by leveraging a pretrained Dense-
Net201 model and introducing multi-scale convolutional layers. These layers facilitate the
model in capturing features at varying resolutions, thus enhancing its ability to identify
pneumonia across diverse radiographic presentations. The model was evaluated using a
publicly available dataset, which ensures transparency and reproducibility of the results.
Furthermore, the Mish activation function was incorporated to provide smoother gradient
propagation and improved convergence compared to traditional activation functions, such
as ReLU. An essential aspect of the model’s design is its parameter efficiency, achieved by
minimizing the number of parameters in comparison to other pre-trained models. This
design choice makes the model particularly suitable for deployment in resource-constrained
environments where computational resources may be limited. However, by utilizing
transfer learning and a publicly accessible dataset, we demonstrated the model’s robustness
and diagnostic accuracy across a variety of imaging scenarios. Although challenges remain,
this approach significantly contributes to the field of pediatric pneumonia diagnosis.

The primary contributions of this study are as follows:

• This study leveraged a pretrained DenseNet201 model to develop a novel architecture
optimized for pediatric pneumonia diagnosis. By introducing multi-scale convolu-
tional layers, the model effectively captures features at varying resolutions, enhancing
its diagnostic accuracy across diverse radiographic presentations.

• The incorporation of the Mish activation function provides smoother gradient propa-
gation and improved convergence compared to traditional activation functions, such
as ReLU, further enhancing the model’s stability and generalization capabilities.

• An essential focus was placed on parameter efficiency. The model achieves a signifi-
cantly lower parameter count compared to other pretrained architectures, ensuring
computational efficiency and making it ideal for deployment in resource-constrained
settings where advanced hardware is limited.

• By employing transfer learning and a publicly accessible dataset, the study demon-
strates the adaptability of the model for diverse imaging scenarios, addressing the diag-
nostic challenges faced in both high-resource and low-resource clinical environments.

This paper is structured as follows: Section 2 reviews the relevant literature on pedi-
atric pneumonia diagnosis using deep learning techniques. Section 3 provides a detailed
description of the proposed model and methodologies. Section 4 presents the experimental
results, including a comparative analysis of model performance. Finally, Section 5 outlines
the conclusions and directions for future research.

2. Related Works
Although deep learning has made significant progress in advancing automated pneu-

monia diagnosis, achieving higher performance and ensuring the scalability and robustness
of these models in real-world clinical settings remain ongoing challenges. Previous studies
have demonstrated moderate success in refining deep learning techniques for detecting
pneumonia from medical imaging data.

Ha Pham and Tran [24] evaluated the performance of an ensemble model combining
three CNN architectures (InceptionResNetV2, DenseNet201, and VGG16) for binary pneu-
monia classification using 5856 chest X-ray images. Compared to single CNN models, the
ensemble demonstrated superior performance, achieving an accuracy of nearly 0.95 and
improving the average F1 score by 3%. Additionally, the study underscores the potential
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of ensemble methods to outperform individual architectures in medical image analysis
tasks. Kahwachi and Saed [25] emphasized the importance of rapid COVID-19 diagnosis
due to its widespread social and economic impact and the limitations of molecular tests.
Their study utilized six CNN architectures (VGG19, InceptionV3, ResNet50, InceptionRes-
NetV2, and DenseNet121) to classify chest CT images as COVID-19 or non-COVID-19,
comparing the effects of various activation functions. They found that InceptionV3 and
DenseNet121 performed best when paired with non-ReLU activation functions, highlight-
ing their potential to improve diagnostic accuracy in resource-limited areas. Lujan-Garcia
et al. [26] highlighted pneumonia as a leading cause of mortality in children under five
and emphasized the importance of chest X-ray imaging for its diagnosis. In research, they
used transfer learning with the ImageNet pre-trained Xception Network to classify chest
X-rays, distinguishing between 3883 pneumonia cases and 1349 normal images. The model
demonstrated competitive performance compared to state-of-the-art methods, achieving
a precision of 0.84, a recall of 0.99, an F1 score of 0.91, and an AUC of 0.97. Jain et al. [27]
highlighted pneumonia as a leading cause of death among children, with 880,000 deaths
reported in 2016, particularly in South Asia and Sub-Saharan Africa. Using CNNs, the
researchers classified chest X-ray images to classify pneumonia. They experimented with
different parameters, hyperparameters, and the number of convolutional layers within the
CNN architecture. Two custom CNN models achieved validation accuracies of 0.8526 and
0.9231, while pre-trained models like VGG16, VGG19, ResNet50, and InceptionV3 attained
accuracies of 0.8728, 0.8846, 0.7756, and 0.7099, respectively. Kaya [28] emphasized the
importance of rapid pediatric pneumonia detection due to its seasonal association and po-
tentially fatal outcomes. The study utilized deep tuning transfer learning of state-of-the-art
CNN models, specifically DenseNet121, achieving an accuracy of 0.9503 and an F1 score of
0.9603 on a dataset of 5856 chest X-ray images. The results demonstrated the effectiveness
of the approach for accurate and timely pneumonia detection in pediatric cases. Wang
et al. [29] proposed a DenseNet-based method with a Squeeze and Excitation (SE) block
and max-pooling to enhance pneumonia classification by better focusing on lesion regions.
They selected PReLU as the activation function to prevent neuron death during training.
The model outperformed DenseNet, achieving 0.928 accuracy, 0.926 precision, 0.962 recall,
and 0.943 F1 score, with improvements in all metrics.

Previous studies on pediatric pneumonia recognition using CNNs face limitations,
including inadequate feature extraction for detecting subtle patterns in chest X-rays. For
example, while ensemble models combining architectures like DenseNet201, Inception-
ResNetV2, and VGG16 demonstrated superior performance with improved F1 scores [24],
their computational complexity makes them less practical for resource-constrained environ-
ments. Similarly, pre-trained CNNs such as VGG16, ResNet50, and InceptionV3 achieved
validation accuracies between 0.7099 and 0.9231 in pediatric pneumonia recognition, but
their reliance on extensive fine-tuning and higher resource requirements may limit their
scalability in real-world applications [27]. Furthermore, despite promising results from
DenseNet-based approaches incorporating SE blocks and custom activation functions [29],
these methods often involve added architectural complexity, making deployment in clinical
workflows challenging. Notably, many of these studies, including those by Kaya [28],
Lujan-Garcia et al. [26], and Ha Pham and Tran [24], used the same publicly available Chest
X-ray Images dataset as our study, highlighting dataset-specific limitations such as potential
biases, variability in image quality, and limited demographic diversity. To tackle these
deficiencies, this study introduces an innovative CNN model grounded in the DenseNet
architecture. It integrates multi-scale convolution and the Mish activation function to im-
prove feature detection, as well as gradient flow. The model achieves significant accuracy,
sensitivity, and specificity; thus, it demonstrates a well-rounded performance in pneumonia
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recognition, thereby avoiding misdiagnoses. This advancement effectively reduces false
negatives, which can lead to overlooked diagnoses, and minimizes false positives, thus
preventing unnecessary treatments. Although the model enhances scalability, robustness,
and clinical applicability, it ultimately serves as a reliable tool to aid healthcare professionals
in diagnosing pediatric pneumonia, particularly in low-resource settings.

3. Materials and Methods
We introduce a novel approach that leverages the DenseNet architecture, augmented

with the Mish activation function and multi-scale convolutions (see Supplementary Materials).
Through transfer learning, this method aims to enhance the recognition of pediatric pneu-
monia. The proposed methodology comprises three primary stages, as depicted in Figure 1:
(1) preprocessing and preparation of input data, including the categorization of chest X-ray
images into healthy and pneumonia classes; (2) implementation of the designed deep
learning model, incorporating the DenseNet architecture with the Mish activation function
and multi-scale convolutions; and (3) quantitative evaluation of the model’s diagnostic
performance in pneumonia detection, emphasizing metrics such as accuracy, precision, F1
score, sensitivity, and specificity.

Algorithms 2025, 18, x FOR PEER REVIEW  5  of  17 
 

limit their scalability in real-world applications [27]. Furthermore, despite promising re-

sults  from DenseNet-based approaches  incorporating SE blocks and custom activation 

functions [29], these methods often involve added architectural complexity, making de-

ployment  in clinical workflows challenging. Notably, many of  these studies,  including 

those by Kaya [28], Lujan-Garcia et al. [26], and Ha Pham and Tran [24], used the same 

publicly available Chest X-ray Images dataset as our study, highlighting dataset-specific 

limitations such as potential biases, variability in image quality, and limited demographic 

diversity. To tackle  these deficiencies,  this study  introduces an  innovative CNN model 

grounded in the DenseNet architecture. It integrates multi-scale convolution and the Mish 

activation  function  to  improve  feature detection,  as well  as gradient flow. The model 

achieves  significant  accuracy,  sensitivity,  and  specificity;  thus,  it demonstrates  a well-

rounded performance  in pneumonia  recognition,  thereby avoiding misdiagnoses. This 

advancement effectively reduces false negatives, which can lead to overlooked diagnoses, 

and minimizes  false  positives,  thus  preventing  unnecessary  treatments. Although  the 

model enhances scalability, robustness, and clinical applicability, it ultimately serves as a 

reliable tool to aid healthcare professionals in diagnosing pediatric pneumonia, particu-

larly in low-resource settings. 

3. Materials and Methods 

We introduce a novel approach that leverages the DenseNet architecture, augmented 

with the Mish activation function and multi-scale convolutions (see Supplementary Ma-

terials). Through transfer learning, this method aims to enhance the recognition of pedi-

atric pneumonia. The proposed methodology comprises three primary stages, as depicted 

in Figure 1: (1) preprocessing and preparation of input data, including the categorization 

of chest X-ray images into healthy and pneumonia classes; (2) implementation of the de-

signed deep learning model, incorporating the DenseNet architecture with the Mish acti-

vation  function  and multi-scale  convolutions;  and  (3)  quantitative  evaluation  of  the 

model’s diagnostic performance in pneumonia detection, emphasizing metrics such as ac-

curacy, precision, F1 score, sensitivity, and specificity. 

 

Figure 1. The study workflow for pneumonia recognition, utilizing a DenseNet architecture, Mish 

activation function, and multi-scale convolutions, proceeded through the following phases: (1) in-

put data preparation, encompassing both healthy and pneumonia image classes; (2) implementation 

of the proposed deep learning model; and (3) evaluation of the implemented model’s performance 

in pneumonia recognition, including accuracy assessment. 

Figure 1. The study workflow for pneumonia recognition, utilizing a DenseNet architecture, Mish
activation function, and multi-scale convolutions, proceeded through the following phases: (1) input
data preparation, encompassing both healthy and pneumonia image classes; (2) implementation of
the proposed deep learning model; and (3) evaluation of the implemented model’s performance in
pneumonia recognition, including accuracy assessment.

3.1. Data Preparation and Experimental Setup

We used the publicly available Chest X-ray Images (Pneumonia) dataset [30] for our
experiments, which includes X-ray images of pediatric patients aged one to five years from
Guangzhou Women and Children’s Medical Center. The dataset contains 5856 images,
categorized into two groups: pneumonia (4273 images) and healthy (1583 images) [30]. All
chest radiographs were initially screened for quality control, and low-quality or unreadable
scans were removed prior to analysis. Diagnoses for the images were graded by two expert
physicians, with a third expert verifying the evaluation set to minimize grading errors and
ensure the reliability of the dataset [30]. Samples of used images are shown in Figure 2. To
ensure a balanced evaluation, we performed a stratified random split of the dataset into
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training and validation subsets in an 80:20 ratio, preserving the class distribution. Due
to computational resource constraints and the large dataset size, we opted for a single
80:20 split instead of k-fold cross-validation, which would have significantly increased
training time without providing proportional benefits in this context. Although we did
not apply explicit measures such as class weighting or oversampling to address the class
imbalance, the CNN inherently adapts to the data distribution through its training process.
Additionally, data augmentation techniques, including rotation, shifting, zooming, and
horizontal flipping, were applied during preprocessing to increase dataset variability and
improve model generalization. All images were resized to 224 × 224 pixels.
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We developed and trained the deep learning models using Python with the Keras-
GPU [31] and TensorFlow-GPU [32] frameworks on the Google Colab platform. The
platform’s NVIDIA Tesla K80 GPUs with 12 GB of memory enabled efficient training. The
models were trained over 20 epochs with a batch size of 32, utilizing the Adam optimization
algorithm to update model parameters dynamically. The learning rate was automatically
adjusted during training using a reduction mechanism that lowered it when validation
performance plateaued, with a minimum of 0.5 × 10−6 to optimize convergence and
prevent overfitting.

3.2. Model Architecture for Proposed Approach

Multi-scale convolution is a powerful technique in CNNs that enhances feature ex-
traction by capturing information across varying spatial resolutions. Unlike standard
convolutional layers that operate with fixed filter sizes, multi-scale convolution utilizes
filters of different dimensions to simultaneously extract fine-grained and coarse-grained
features [33]. This capability is particularly beneficial for medical image analysis, such as
pediatric pneumonia recognition, where diverse patterns and textures must be identified
across varying spatial scales. By combining outputs from filters of varying sizes, our model
effectively captures both local and global features, making it more robust to variations in im-
age resolution and scale [34,35]. This ability to capture multi-resolution features improves
the model’s generalizability, particularly in clinical datasets with heterogeneous imaging
conditions [36,37]. Additionally, multi-scale convolution reduces the risk of overfitting by
diversifying the spatial patterns used during feature extraction.

In this research, we utilized the pretrained DenseNet201 network as the foundational
framework for feature extraction. DenseNet201, renowned for its intricately connected
structure and effective feature reuse, was pretrained on ImageNet, thus providing a sub-
stantial basis for transfer learning. We chose to freeze the pretrained layers of DenseNet201
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to preserve the learned features; however, we incorporated multi-scale convolutional lay-
ers on top. Specifically, we implemented filters of sizes 3 × 3, 5 × 5, and 7 × 7, which
enabled the model to capture features across various spatial resolutions. These multi-scale
outputs were then concatenated, forming a more comprehensive feature representation,
which improved the model’s capacity to detect pneumonia-related patterns in chest X-ray
images. Additionally, we enhanced the architecture with pooling operations and a fully
connected dense layer for classification because this allows for more accurate predictions.
The convolutional operation in this architecture is expressed in Equation (1):

y(i, j) =
M−1

Σ
m=0

N−1
Σ

n=0
x(i + m, j + n) ∗ w(m, n), (1)

where x(i + m, j + n) represents the input feature map, w(m, n) denotes the convolution
filter of size M× N, and y(i, j) is the resulting output feature [38]. The multi-scale convo-
lutional framework incorporates filters of different dimensions to capture diverse spatial
patterns, thereby enhancing the model’s ability to recognize complex and heterogeneous
radiographic presentations, as demonstrated in Algorithm 1.

Algorithm 1: Multi-Scale Convolution

1. function MultiScaleConvolution (Input_Image, Kernels, Biases)
2. Input:
3. Input_Image: 2D matrix of pixel intensities
4. Kernels: List of 2D filter matrices [Kernel1, Kernel2,. . ., KernelN]
5. Biases: List of corresponding bias terms [Bias1, Bias2,. . ., BiasN]
6. Output: Combined_Feature_Map
7. InitializeFeature_Maps as an empty list
8. for each scale k in range 1, N do
9. Kernel← Kernels[k]
10. Bias← Biases[k]
11. Feature_Mapk ← Convolution (Input_Image, Kernel, Bias)
12. Append Feature_Mapk to Feature_Maps
13. end for
14. Combine all Feature_Mapk into a single representation:
15. Combined_Feature_Map← Concatenate (Feature_Maps)
16. return Combined_Feature_Map
17. end function

To further improve the model’s efficacy, the Mish activation function was utilized in
the multi-scale convolutional layers. Mish, as mathematically defined in Equation (2):

Mish(x) = x ∗ tanh(softplus(x))= x ∗ tanh(ln(1 + ex)) (2)

provides smoother gradient propagation and better convergence compared to traditional
activation functions such as ReLU [39]. Unlike ReLU, which truncates negative values,
Mish retains negative information through a smooth, non-monotonic curve, improving
the model’s capacity to learn subtle patterns and enhancing its generalization capabil-
ities [39,40]. Supporting its adoption in this work, prior studies show Mish’s superior
performance compared to ReLU and Swish in CNN-based tasks, particularly within the
field of medical imaging, including applications for pediatric pneumonia recognition [41].
Moreover, we conducted experiments comparing our model using the Mish activation
function against the same model using ReLU. This comparative analysis allowed us to em-
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pirically evaluate the impact of Mish on performance metrics and validate its effectiveness
in our specific application.

Overall, the proposed approach is demonstrated in Algorithm 2.

Algorithm 2: Multi-Scale Convolution and Mish activation function with Pretrained
DenseNet201

1. Step 1: Define Mish Activation Function
2. Define the Mish activation function:
3. Mish(x) = x * tanh(softplus(x)), where:
4. softplus(x) = log(1 + exp(x)),
5. tanh(x) = (exp(x) – exp(-x))/(exp(x) + exp(-x)).
6. Step 2: Load Pretrained Model
7. Load DenseNet201 pretrained on ImageNet without the top layers.
8. Freeze the pretrained layers for feature extraction.
9. Step 3: Add Multi-Scale Convolutions
10. Extract features from DenseNet201 (base_model.output).
11. Apply multi-scale convolutional layers:
12. conv_small with filter size 2 × 2, activation: mish.
13. conv_medium with filter size 4 × 4, activation: mish.
14. conv_large with filter size 8 × 8, activation: mish.
15. Concatenate multi-scale features.
16. Step 4: Global Pooling and Classification
17. Apply GlobalMaxPooling2D on concatenated features.
18. Add a Dense layer with sigmoid activation for binary classification.
19. Step 5: Compile and Train the Model
20. Compile the model using:
21. Optimizer: Adam.
22. Loss function: binary_crossentropy.
23. Metrics: Accuracy and AUC.
24. Train the model with the training generator.

3.3. Pediatric Pneumonia Performance Evaluation

We assessed the performance of deep learning models for classifying pneumonia in
chest X-ray images using precision, recall, specificity, F1 score, and accuracy, as defined
in Equations (3)–(7). These metrics, calculated from the confusion matrix, provided a
comprehensive evaluation of the models’ diagnostic capabilities:

Precision =
TP

TP + FP
, (3)

Recall =
TP

TP + FN
, (4)

Specificity =
TN

TN + FP
, (5)

F1 score = 2 × Precision × Recall
Precision + Recall

, (6)

Accuracy =
TP + TN

TP + FP + TN + FN
(7)

We defined true positives (TP) as cases where the model correctly identified pneumonia
and true negatives (TN) as cases without pneumonia that were accurately classified. False
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positives (FP) occurred when the model incorrectly classified non-pneumonia cases as
pneumonia, and false negatives (FN) represented missed pneumonia cases. Specificity
measured the model’s ability to correctly identify non-pneumonia cases, complementing
recall, which focused on detecting pneumonia cases. Chest X-ray images with pneumonia
typically showed patterns such as increased lung density, consolidation, or pleural effusion,
while diagnostic errors often resulted from overlapping features with other conditions or
artifacts in the images.

4. Results and Discussion
The proposed model with the Mish activation function achieved notable performance

in the diagnosis of pediatric pneumonia from radiological images, demonstrating an overall
accuracy of 0.9642. A more comprehensive evaluation of accuracy assessment is presented
in Table 1. This high accuracy indicates the model’s effectiveness in correctly classifying
both pneumonia-positive and healthy samples within the dataset, as reflected in the asso-
ciated performance metrics. Furthermore, the table presented the results of the ablation
study, comparing the Mish activation function against ReLU. This comparison provided
the numerical evidence mentioned earlier, quantifying the impact of Mish on performance
metrics and validating its effectiveness in this specific application. The F1 score was em-
ployed as a key evaluation metric due to its ability to provide a harmonic mean of precision
and recall, particularly valuable in datasets characterized by class imbalance. During the
research evaluation, it was concluded that accuracy is the most commonly used metric. We
utilized it to enable an objective comparison with other studies. In addition to accuracy, the
F1 score was also employed, although it was observed that many studies did not include
this metric despite dealing with imbalanced datasets. To encourage future studies to adopt
a fully objective approach to evaluating solutions, we emphasized the following metrics
in our analysis: Accuracy, Precision, Recall (sensitivity), F1 score, and specificity, thereby
ensuring a comprehensive and detailed evaluation. In this study, we employed a dataset
consisting of 4273 chest X-ray images of pneumonia cases and 1583 images of healthy
individuals. Despite the observed class imbalance, the model achieved a high F1 score of
0.9542, indicating a negligible impact of imbalance on the model’s capacity for accurate
classification. We extensively evaluated sensitivity and specificity to ensure accurate diag-
noses, minimizing both missed cases and unnecessary treatments and ultimately improving
patient outcomes. The model demonstrated a sensitivity of 0.9506, reflecting its ability to
correctly identify pediatric patients with pneumonia while reducing the risk of missed
or delayed diagnoses, which can have a serious impact on patient outcomes. Onwards,
the model also demonstrated a high specificity of 0.9507, reflecting its ability to accurately
classify healthy patients and to minimize false positives, thereby reducing unnecessary
treatments such as inappropriate antibiotic use, which can lead to unwanted side effects
and contribute to antibiotic resistance.

Table 1. Accuracy assessment of the proposed approach.

Metric Model with Mish Model with ReLU

Accuracy 0.9642 0.9616

Precision 0.9580 0.9534

Recall (Sensitivity) 0.9506 0.9489

F1 score 0.9542 0.9511

Specificity 0.9507 0.9489
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These findings are corroborated by the confusion matrix, which is shown in
Figure 3. The model correctly identified 838 pneumonia-positive cases (true positives)
and 292 healthy cases (true negatives) while misclassifying 25 healthy cases (false posi-
tives) and 17 pneumonia cases (false negatives). These outcomes align with the reported
performance metrics, underscoring the model’s reliability and effectiveness in pediatric
pneumonia diagnosis. Further analysis of these misclassified instances suggested that some
errors arose from cases exhibiting borderline radiological features or overlapping radiologi-
cal characteristics with other pulmonary conditions, such as bronchitis or atelectasis. The
findings suggest that augmenting the training dataset and implementing region-specific
feature enhancement techniques could lead to a reduction in such misclassifications.
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To further validate the model, enhance interpretability, and facilitate clinical integra-
tion, Gradient-weighted Class Activation Mapping (Grad-CAM) was employed. Grad-
CAM generates visual explanations by producing heatmaps that highlight the image
regions most salient to the model’s classification. In our architecture, this technique was
applied to the last convolutional layer to ensure that the extracted features were both
spatially and semantically rich. This technique is particularly valuable in the context of
pediatric pneumonia diagnosis, as it offers transparency into the model’s decision-making
process, enabling verification of its diagnostic rationale and fostering clinical trust. In
healthy cases, Grad-CAM typically generates diffuse activation patterns across the lung
fields, consistent with the absence of focal pathology. Conversely, in cases of viral pneu-
monia, Grad-CAM heatmaps demonstrate more distributed and heterogeneous activation,
often encompassing perihilar regions and reflecting the characteristic interstitial infiltrates
associated with viral infection. In contrast, bacterial pneumonia exhibits more localized
and intense activation patterns, concentrated over regions of consolidation, aligning with
the typical lobar presentation of bacterial infection. The results are presented in Figure 4.

The proposed approach yielded an accuracy of 0.9642, placing it among the highest
reported accuracies in this domain. A comparative evaluation is provided in Table 2. This
result is slightly higher than the accuracy achieved by Vrbancic and Podgorelec [42], who
reported an accuracy of 0.9626 using their SGDRE method on a similarly sized dataset.
Other studies, such as Jaganathan et al. [43] using the LeNet-5 model on a significantly
larger dataset of 84,484 images, reported an accuracy of 0.9600, which is comparable to ours
despite the larger dataset. Notably, many methods using ensemble architectures, such as
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Ha Pham and Tran [24], who reported an accuracy of 0.9503, and Mabrouk et al. [44], who
reported an accuracy of 0.9391, achieved slightly lower accuracy values despite leveraging
advanced combinations of models. This suggests that our single-model approach provides
state-of-the-art performance without requiring the complexity of ensemble methods. In
terms of the F1 score, our approach achieved 0.9640, outperforming most other methods
that explicitly reported this metric. For example, Wang et al. [29], employing a custom CNN
with a dataset of 5857 images, achieved an F1 score of 0.9430, while Mabrouk et al. [44]
reported an F1 score of 0.9343 with their ensemble method on a dataset of the same
size. Notably, Jaganathan et al. [43] and AlGhamdi [45] also achieved F1 scores of 0.9600
using LeNet-5 and MobileNetV3, respectively, with larger datasets. These comparisons
highlight the efficiency of our approach, which performs competitively with methods
that use significantly more training data. Some studies, such as Mardianto et al. [46], did
not report F1 scores, focusing only on accuracy. This omission is concerning, as accuracy
alone does not provide insight into the balance between false positives and false negatives,
which is particularly important in medical diagnostics where class imbalances are common.
By not reporting F1 scores, these studies risk underestimating the importance of false
negative rates, which can have critical clinical implications. Reporting the F1 score, on the
other hand, ensures a more comprehensive evaluation of a model’s performance in such
sensitive applications.
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Our approach, based on the improved DenseNet201 model with multi-scale convolu-
tions and the Mish activation function, achieved superior metrics compared to both custom
CNNs and hybrid combinations of CNNs with other methods. For instance, our accuracy
of 0.9642 surpasses the performance of Wang et al. [29], who used a custom CNN which
performed an accuracy of 0.9280 and F1 score of 0.9430, and Stephen et al. [22], who also
employed a custom CNN but did not report an F1 score. Similarly, our results outperform
Mardianto et al. [46], who combined a CNN with SVM and achieved an accuracy of 0.9200
without reporting an F1 score. Compared to ensemble methods, such as Ha Pham and
Tran [24], our approach demonstrated a higher accuracy of 0.9642 compared to 0.9503 and
similar F1 scores of 0.9640 compared to 0.9604. This suggests that our model is more stream-
lined while maintaining comparable or better performance than more complex architectures.
Instead of developing custom CNNs, which demand extensive hyperparameter tuning
and large training datasets for effective generalization, our approach leverages transfer
learning with a pre-trained DenseNet201 model. The utilization of features pre-trained on
the extensive ImageNet dataset facilitates efficient training and robust performance, even
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with limited medical data, representing a substantial advantage in medical imaging where
the acquisition of large, annotated datasets is often both challenging and costly. While
custom CNNs trained on limited data are susceptible to overfitting and poor generalization,
transfer learning with DenseNet201 provides a strong inductive bias, promoting better
generalization and faster convergence. The incorporation of multi-scale convolutions and
the Mish activation function further refine feature extraction from chest X-rays, surpass-
ing standard transfer learning performance. This combined strategy of transfer learning
with targeted architectural modifications offers a more efficient and effective alternative to
building custom CNNs from scratch.

A clear progression in performance metrics can be observed over recent years as
models have evolved to leverage larger datasets and more advanced architectures. For
instance, early approaches, such as Manickam et al. [47] using ResNet50 in 2021, achieved
an accuracy of 0.9306 and an F1 score of 0.9271 on 5232 images. Similarly, Mabrouk et al. [44]
in 2022 achieved an accuracy of 0.9391 and an F1 score of 0.9343 using ensemble methods.
However, more recent studies, such as Vrbancic and Podgorelec [42] in 2022, who reported
an accuracy of 0.9626 accuracy and an F1 score of 0.974, and Kaya [28] in 2024, who reported
an accuracy of 0.9503 accuracy and an F1 score of 0.9603, reflect a steady improvement in
results, primarily due to advancements in model architectures and training strategies.

Table 2. Comparison and evaluation of the proposed approach and scientific studies in the last six
years according to the data from the Web of Science Core Collection.

Reference Year CNN Model No. of Images Accuracy F1 Score

Mardianto et al. [46] 2024 CNN+SVM 6140 0.9200 -

AlGhamdi [45] 2024 MobileNetV3 14,000> - 0.9600

Jaganathan et al. [43] 2024 LeNet-5 84,484 0.9600 0.9600

Dzhaynakbaev et al. [48] 2024 VGG16 5228 - -

Ha Pham and Tran [24] 2024
Ensemble

(InceptionResNetV2,
DenseNet201, VGG16)

5856 0.9503 0.9604

Mabrouk et al. [44] 2022
Ensemble (MobileNetV2,

DenseNet169, Vision
Transformer)

5856 0.9391 0.9343

Stephen et al. [22] 2019 Custom CNN 5856 0.9531 -

Lan et al. [49] 2024 DenseNet121 578 0.8100 -

Kaya [28] 2024 DenseNet121 5856 0.9503 0.9603

Manickam et al. [47] 2021 ResNet50 5232 0.9306 0.9271

Wang et al. [29] 2022 Custom CNN 5857 0.9280 0.9430

Vrbancic and Podgorelec [42] 2022 SGDRE method 5858 0.9626 0.9744

Yi et al. [50] 2023 Custom CNN 5856 0.9609 -

Our approach 5856 0.9642 0.9640

Hybrid models, such as the one proposed by Mardianto et al. [46], which integrate
CNN with SVM, leverage the improved classification boundaries provided by SVM. How-
ever, their relatively lower accuracy of 0.9200 and omission of F1 scores raise concerns
about their ability to manage class imbalances effectively. Similarly, ensemble methods
such as those employed by Ha Pham and Tran [24] and Mabrouk et al. [44] leverage the
diversity of models like InceptionResNetV2, DenseNet201, and Vision Transformers to
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achieve competitive F1 scores of 0.9604 and 0.9343, respectively. Despite these advan-
tages, the complexity and resource demands of ensemble architectures pose significant
challenges in terms of interpretability, computational efficiency, and scalability. Custom
CNNs, including those developed by Stephen et al. [22], Wang et al. [29], and Yi et al. [50],
exhibit flexibility and adaptability to specific datasets, yielding accuracy values ranging
from 0.9280 to 0.9609. Their performance highlights the potential of tailored architectures;
however, the omission of F1 scores in some cases and slightly lower performance compared
to pre-trained models suggest limited generalizability and challenges in capturing complex
data patterns. Pre-trained architectures like DenseNet and ResNet demonstrate consistent
performance due to their robust design. For example, Kaya [28] and Manickam et al. [47]
reported accuracy values of 0.9503 and 0.9306, respectively, showcasing the efficacy of
DenseNet121 and ResNet50 in feature propagation and handling gradient-related issues.
However, DenseNet’s performance can vary depending on dataset size and complexity, as
evidenced by the low accuracy of 0.8100 achieved by Lan et al. [49] on a small dataset of
578 images. Among lightweight models, AlGhamdi [45] utilized MobileNetV3 to achieve
an F1 score of 0.9600 on a larger dataset (>14,000 images), demonstrating its efficiency for
resource-constrained environments. However, the absence of accuracy metrics limits a
holistic evaluation of its performance. Similarly, foundational architectures like LeNet-5,
used by Jaganathan et al. [43], achieved competitive accuracy and F1 scores of 0.9600 on a
significantly larger dataset with 84484 images, though their simplicity may constrain their
ability to capture complex features compared to modern architectures. Optimization-based
approaches such as the SGDRE method by Vrbancic and Podgorelec [42] delivered an out-
standing performance, achieving the highest F1 score of 0.9744 and an accuracy of 0.9626.
While this underscores the potential of targeted optimization strategies, such methods
might face limitations in adaptability across diverse datasets. The proposed approach,
leveraging an improved DenseNet201 model enhanced with multi-scale convolutions
and the Mish activation function, outperformed most compared methods, achieving the
highest accuracy of 0.9642 and an F1 score of 0.9640. Its ability to deliver superior perfor-
mance without requiring ensemble complexities highlights its efficiency. However, like
other pre-trained architectures, its reliance on transfer learning may limit domain-specific
interpretability compared to custom CNNs tailored exclusively for the task.

By utilizing a deep convolutional architecture, the model significantly reduces com-
putational demands compared to ensemble-based methodologies, making it suitable for
deployment in resource-constrained environments. This efficiency enables integration
into point-of-care diagnostic tools, such as portable X-ray devices and mobile applications,
thereby broadening access to accurate and timely diagnoses in low-resource and remote
clinical settings. Additionally, the model has the potential to integrate seamlessly into
telemedicine workflows, where portable X-ray systems combined with cloud-based analy-
sis could provide rapid diagnostic support for patients in underserved areas. The model’s
resilience to class imbalance, in conjunction with training on publicly available datasets,
significantly enhances its generalizability across varied patient populations. This model is
also engineered to accommodate cloud-based deployment strategies, which yield several
notable advantages. For instance, it offers scalability to manage substantial volumes of
radiological data originating from multiple healthcare facilities. However, it also enhances
accessibility, allowing clinicians in under-resourced areas to upload and analyze images
in real time. Despite these strengths, limitations include the reliance on publicly available
datasets, which may not fully capture the variability in image quality or geographic and
demographic diversity. Plans for external validation using diverse real-world datasets are
essential to further establish the model’s reliability and applicability. Although it establishes
a framework for continuous model refinement through iterative updates and retraining,
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this ensures alignment with evolving diagnostic standards and expanding datasets. A
possible solution that incorporates cloud-based infrastructure could facilitate centralized
data processing, all while preserving the model’s clinical relevance over time, making it an
adaptable and sustainable solution for medical image analysis.

5. Conclusions and Future Work
In summary, the advanced deep learning model, which employs the DenseNet201

architecture, along with the Mish activation function and multi-scale convolutions, demon-
strates impressive performance in diagnosing pediatric pneumonia from chest X-rays.
Trained on a dataset comprising 5856 images, it achieved an overall accuracy of 96.42%,
thereby securing its position among the top methodologies within this field. However, its
performance not only exceeds that of numerous ensemble-based techniques, but it also
retains a streamlined and computationally efficient design. This architectural efficiency
is particularly advantageous for deployment in resource-constrained environments be-
cause ensemble methods can often be impractical due to their inherent complexity and
computational requirements. The model’s ability to provide timely and accurate diag-
noses offers a scalable solution for addressing diagnostic gaps in low- and middle-income
countries, where pneumonia remains a leading cause of childhood mortality, contribut-
ing to over 740,000 deaths annually. By reducing reliance on radiologists and advanced
diagnostic infrastructure, the model has the potential to enhance healthcare delivery in
under-resourced regions.

Despite its strengths, limitations include dependency on high-quality datasets, po-
tential biases in training data, and challenges in generalizing across diverse populations.
Furthermore, epidemiological and demographic distributions in LMICs may differ sig-
nificantly from the public datasets used in this study. This limitation highlights the need
for further validation using real-world and diverse demographic data to ensure broader
applicability and reliability of the model. Future work could also explore multi-class tasks,
such as distinguishing between bacterial and viral pneumonia, to enhance diagnostic preci-
sion and clinical relevance. To address these limitations, we aim to incorporate additional
imaging modalities and integrate the model into clinical decision support systems. Scal-
ability for other modalities, such as ultrasound, represents an important opportunity for
expanding the model’s utility across different healthcare contexts. Additionally, cloud-
based deployment strategies could enhance scalability, enabling real-time analysis and
continuous model refinement to adapt to evolving clinical needs. This approach represents
a significant step forward in leveraging artificial intelligence for equitable and effective
healthcare delivery.
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