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Abstract

Early diagnosis of pediatric pneumonia is critical for reducing mortality rates, and automated detection based
on chest X-rays is key to improving diagnostic efficiency. While deep learning-based object detection algo-
rithms have shown promise in this task, existing methods often suffer from limited generalization and detec-
tion risks due to model complexity or loss of detail during feature extraction and upsampling processes. In
this paper, we propose an enhanced YOLOv12n model specifically designed for pediatric pneumonia detec-
tion. We introduce the DA2C2f module, which leverages multi-level feature processing and deep convolu-
tion operations to improve the model's ability to capture complex features at different levels, effectively
enhancing classification performance. Additionally, the DySample module utilizes dynamic upsampling to
adaptively adjust the sampling points based on the local content of the input feature map, overcoming the
limitations of traditional fixed upsampling methods and reducing image blurring and detail loss. Experi-
mental results demonstrate that the proposed improved model outperforms competing models across key
metrics, including recall rate, mean average precision (mAP), and model generalization. Specifically, our
model achieves a 1.7% improvement in recall rate (85.4%), a 0.4% improvement in mAP@0.5 (84.4%), and
a 0.4% improvement in mAP@0.5-0.95 (52.9%). Notably, in bacterial pneumonia detection, our model ex-
hibits the highest average precision (AP) of 86.8%, a 2.2% improvement over YOLOv12n. Ablation studies
further validate the critical role of the DA2C2f and DySample modules in enhancing model performance,
particularly in improving recall rate while maintaining high detection accuracy. The improved YOLOv12n
model holds significant potential for automated pediatric pneumonia diagnosis and provides valuable in-
sights for future medical image analysis applications.
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1. Introduction 21, Clinically, chest X-ray remains a crucial diag-

Pediatric pneumonia is one of the leading causes of
child mortality globally, particularly in low-and
middle-income countries, where its high incidence
and rapid progression continue to pose significant
public health challenges [!l. Early diagnosis and
timely treatment are key to reducing mortality rates
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nostic tool for pneumonia. However, due to the
complexity of pediatric imaging features and varia-
tions in the experience and diagnostic standards of
physicians, misdiagnosis and delayed treatment are
common. This issue is even more pronounced in
primary healthcare or resource-limited settings.

With the advancement of artificial intelligence,
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deep learning has increasingly become a focus in
the field of medical image analysis. Deep Convolu-
tional Neural Networks (CNNs) are capable of au-
tomatically extracting high-level features from im-
ages through multi-layer non-linear transformations,
thereby reducing dependence on human expertise
and achieving superior performance in image clas-
sification and detection tasks [31. Applying this ap-
proach to pediatric pneumonia detection can en-
hance diagnostic efficiency and accuracy, alleviate
the burden on healthcare professionals, and contrib-
ute to the development of medical intelligence.
Against this backdrop, object detection algorithms
like YOLO (You Only Look Once) 14 have gar-
nered significant attention. Unlike traditional detec-
tion methods, the YOLO family of algorithms
frames the object detection task as an end-to-end re-
gression problem, enabling real-time detection
while maintaining high accuracy. The advantages of
YOLO include: on one hand, rapid processing of
large-scale chest X-ray images, and on the other, the
ability to directly output lesion locations and cate-
gories, offering more intuitive and reliable support
for pediatric pneumonia diagnosis. With the intro-
duction of improved versions such as YOLOvVS and
YOLOV7, detection speed and accuracy have been
further enhanced, opening new possibilities for
small target recognition and complex scene analysis
in medical imaging.

Despite significant contributions to pediatric
pneumonia detection, existing methods still exhibit
limitations. For example, Chen et al. ['3] proposed a
transfer learning approach, pre-training the Dense-
Netl121 model on a large adult chest X-ray dataset
and fine-tuning it on a pediatric pneumonia dataset
annotated according to WHO standards. However,
the model's performance significantly declines on
images with low annotation consistency. Kundu et
al. '] proposed a deep learning model based on a
weighted average ensemble strategy, combining
pre-trained models such as GoogLeNet, ResNet-18,
and DenseNet-121, and dynamically adjusting
weights based on four evaluation metrics (accuracy,
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recall, F1 score, and AUC) to improve the classifi-
cation performance of pneumonia X-rays. However,
its performance on the RSNA dataset was relatively
low, indicating limited generalization ability across
different data distributions and image qualities. Ra-
docaj et al. ['") proposed using four CNN architec-
tures (InceptionV3, InceptionResNetV2, Dense-
Net201, and MobileNetV2), combined with three
convolution strategies (standard, multi-scale, and
dilated convolution) and the Mish activation func-
tion, to differentiate bacterial, viral, and normal pe-
diatric chest X-rays. However, the model's general-
ization was impacted by reliance on a single public
dataset, potentially introducing image quality and
population distribution biases. Habib et al. ['8! pro-
posed an ensemble method using fine-tuned
CheXNet and VGG-19 CNNs to extract chest X-ray
features, combined with data balancing techniques
like random oversampling (ROS) to address class
imbalance, and a random forest classifier for pneu-
monia classification. However, this method is com-
putationally expensive and depends on multiple
pre-trained networks and subsequent machine
learning classifiers. Yao et al. '] proposed a two-
stage multimodal deep learning model (AMPNet)
using X-ray and blood test data, leveraging a
global-local attention mechanism for enhanced fea-
ture extraction and addressing class imbalance
through a two-stage training strategy. However, the
model's performance in differentiating viral from
bacterial pneumonia was still suboptimal. Kaya et

(201 proposed an ensemble CNN framework

al.
based on feature fusion, using hierarchical template
matching for lung region segmentation, Chi-Square
and mRMR for feature selection, and multiple ma-
chine learning classifiers for pneumonia detection.
However, the model was only validated on a single
public dataset (Kermany) and lacked verification on
multi-source or real clinical data, limiting its gener-
alization. Xin et al. ! trained a deep learning
model based on ResNet-50 using 5232 pediatric
chest X-rays from the Guangzhou Women and Chil-
dren’s Medical Center for pneumonia classification
(pneumonia/normal) but found a significant decline
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in performance on external test datasets. Arun Pra-
kash et al. [?? proposed a stacked ensemble learning
method based on multi-model deep CNNs (Mo-
bileNet, DenseNetl21, DenseNetl69, Dense-
Net201), using CLAHE for image enhancement
and multiple machine learning classifiers for final
classification. However, the model's performance
heavily depended on the choice of base CNN archi-
tectures and classifiers, limiting its generalization
ability. Prakash et al. [>3] proposed a pediatric pneu-
monia diagnosis method based on Xception net-
work feature extraction and stacked ensemble
learning, with Kernel PCA for dimensionality re-
duction and multiple machine learning classifiers
for final classification, using stratified K-fold cross-
validation to prevent overfitting. However, the
model's performance was highly dependent on the
combination of base classifiers, and its generaliza-
tion ability was limited. Bal et al. **] proposed a hy-
brid method for pediatric pneumonia detection
based on deep learning feature extraction, using
pre-trained CNN models combined with traditional
machine learning classifiers. However, due to the
small dataset size and limited test set, the model's
generalization ability and reliability may be com-
promised.

Existing methods often face challenges in feature
extraction and upsampling, leading to insufficient
generalization and detection risks, particularly
when handling complex and variable pediatric chest
X-ray images. To address these issues, we propose
an improved YOLOvVI2n model, specifically opti-
mized for pediatric pneumonia detection. The main

contributions of this paper include:
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We propose an improved YOLOvV12n model, spe-
cifically optimized for pediatric pneumonia detec-
tion, which significantly enhances detection perfor-
mance while maintaining model lightweight.

We introduce the DA2C2f module, which improves
the model's feature representation ability by utiliz-
ing multi-level feature fusion and deep convolution,
effectively enhancing the model's ability to capture
complex pneumonia features.

We introduce the DySample dynamic upsampling
module, replacing traditional fixed upsampling
methods, achieving content-aware feature map re-
construction, and significantly reducing detail loss
and image blurring.

2. Method design

This study proposes an improved YOLOv12n [?3]
model for the automated detection of pediatric
pneumonia. To address the limitations of existing
methods in handling complex image features, we
introduce two key modules: the DA2C2f module
and the DySample module, both of which signifi-
cantly enhance the model's performance. The
DA2C2f module strengthens the model's feature
representation capability through multi-level fea-
ture fusion and deep convolution operations, excel-
ling particularly in capturing complex pneumonia
characteristics. On the other hand, the DySample
module employs dynamic upsampling, adaptively
adjusting the sampling points based on the local
content of the feature map, thereby reducing the
loss of detail and blurring commonly encountered
with traditional upsampling methods. This results in

improved accuracy in image reconstruction.

Figure 1. Schematic diagram of the improved YOLOv12n network architecture.
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2.1 DA2C2f Module

To improve the performance of the YOLOvI12n
model in pediatric pneumonia detection, we intro-
duce the DA2C2f module. Traditional YOLO mod-
els often face challenges when processing medical
images, such as insufficient feature extraction and
loss of details, which can lead to suboptimal detec-
tion accuracy. The DA2C2f module addresses these
issues by enhancing the model's ability to capture
complex pneumonia features through multi-level

feature processing and deep convolution operations.

This approach allows the model to better recognize
fine details within pneumonia images, thereby im-
proving detection accuracy.

As illustrated in Figure 2, the structure of the
DA2C2fmodule is designed to improve the model's
classification performance through multi-level fea-
ture processing. The input feature map first under-
goes an initial feature extraction through a convo-
lutional layer (Conv). This layer captures low-level
features, such as edges and textures, which are cru-
cial for subsequent processing. Next, the processed
feature map passes through a series of Ablock-DYT
modules, which are primarily responsible for fur-
ther feature extraction and information enhance-
ment. The design of the Ablock-DYT module com-
bines deep convolution operations with dynamic
adjustment mechanisms, enabling the model to cap-
ture more complex features at different levels and
optimize them as needed. After passing through the
Ablock-DYT 2l module, the processed data under-
goes refinement through another convolutional
layer, which strengthens the final feature represen-
tation. Finally, the network utilizes an Add opera-
tion to combine the output of the second convolu-
tional layer with the earlier feature maps, resulting
in the generation of a new output feature map.

4 A
Ablock-DYT
Input Output
—» Conv ¢ Conv
Ablock-DYT
N J

Figure 2. DA2C2f Module.
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2.2 DySample Module

The DySample Module [*” is a dynamic upsampling
method designed to enhance the quality of feature
map reconstruction. The core concept of this mod-
ule is to dynamically learn the sampling point coor-
dinates within the input feature map, enabling con-
tent-aware upsampling operations. Unlike tradi-
tional fixed upsampling methods, such as bilinear
interpolation or nearest-neighbor interpolation,
DySample adjusts the sampling point locations
based on the local content of the feature map. This
dynamic adjustment allows the model to better pre-
serve fine details and reduce blurring, ultimately
improving the accuracy and clarity of the recon-
structed feature map.

As illustrated in Figure 3, the input feature map X
with a size of H xWw xC first passes through a linear
layer, producing a new feature map O with a size
of g xwx2gs?. This is followed by a pixel shuffle op-

eration, which rearranges the feature map to yield a
new tensor of size 77 x s x2g , denoted as 0. Con-
currently, the original sampling grid G is element-
wise added to the offset O, generating the final
sampling set S . Finally, the grid sample operation
is applied to the original input S using the ob-
tained sampling grid X , where features are sam-
pled from X according to the respective coordi-
nates, ultimately generating the output feature map
X' with a size of sH xsW xC .

| ! Sampling St P |
| lincar pixel sH i
| — 050 ———— ——— gidsmple ——>|
1 Shuffle 1
[ 2 i
i 2gs W .3 i
| W w

Figure 3. DySample Module

3. Experiment

3.1 Dataset

The pneumonia medical image dataset used in this
study is sourced from the publicly available Chest
X-ray Pneumonia Dataset ?%], curated and released
by Kermany et al. This dataset is widely used in
deep learning research for pneumonia detection and
classification. To ensure the quality of the data and
minimize the impact of low-quality samples on
model training and evaluation, we conducted a rig-

orous selection process, excluding images with low
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resolution, blurring, or missing lesion areas. During
the annotation process, we utilized the X-AnyLa-
beling tool to precisely label the target regions and
categorized the images into two classes based on
pathological types: (a) Bacterial Pneumonia and (b)
Viral Pneumonia. In total, 2611 images were col-
lected, and the data was split into training and test-
ing sets at a 7:3 ratio, with the training set contain-
ing 1827 images and the testing set containing 784
images. Examples of pneumonia sample images are

shown in Figure 4.

| y M‘,J\.
(a) (b)

Figure 4. Examples of pneumonia sample images.
3.2 Experimental Platform

The experiments in this study were conducted in the
following hardware and software environment: For
the deep learning tasks, we utilized the PyTorch
1.10.0 framework with Python 3.8 as the program-
ming language, running on the Ubuntu 20.04 oper-
ating system. GPU acceleration was implemented
through CUDA 11.3. In terms of hardware, the
training process was carried out using a single
NVIDIA RTX 4090 GPU (24GB), paired with an
AMD EPYC 7T83 64-core processor (22 virtual
cores) and 90GB of RAM. This configuration pro-
vided sufficient computational power and storage
resources, enabling efficient model training and
rapid iteration.

3.3 Hyperparameter Settings

During the model training phase, the input image
resolution was standardized to 640x640 to ensure
consistent input dimensions across all samples. The
batch size was set to 64 to maximize the parallel
computing capabilities of the GPU, thereby accel-
erating the training process. A total of 200 epochs
were conducted, with the initial learning rate set to
0.01. To enhance the efficiency of data loading and
preprocessing, 8 worker threads were enabled dur-
ing data loading. For the optimizer configuration,
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the momentum coefficient was set to 0.937, and the
weight decay coefficient was set to 0.0005. This
configuration not only facilitated faster conver-
gence but also helped mitigate the risk of overfitting
by providing regularization.

3.4 Evaluation Indicators

In this study, the evaluation metrics used include F1
score, precision (P), recall (R), average precision
(AP), and mean average precision (mAP) [29]. Ad-
ditionally, the number of parameters (Parameters)
was also considered. The formulas for these metrics
are as follows:

.. T;

Precision = ? , €))
T+ Fp
T

Recall = ———, ©)

Tp + FN

1
AP = jo P(R)dR, 3)
mAP = L > APG), (4)
i=0
Fl 2 x Pre.c?swn x Recall 5)
Precision + Recall

Where 7}, represents the number of correctly de-
tected targets; F, represents the number of falsely
detected targets; Fn represents the number of
missed targets; n denotes the number of categories;
and AP(i) is the average precision of the i-th target
class.
4. Experimental analysis
4.1 Algorithm Comparison Results
To evaluate the advantages of the proposed YOLO-
based improved model over existing technologies,
we conducted comparative experiments against
several mainstream lightweight models, including
YOLOv8n, YOLOv1On, YOLOvlln, and
YOLOV12n. The detailed experimental results are
presented in Table 1.

Table 1. Comparative experimental results of dif-

ferent algorithms.

Algorithms Recall mAP@0.5 mAP@0.5-0.95

YOLOvV8n 82.6 82.3 51.2
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YOLOvVI0n 80.9 82.5 49.7
YOLOvl1n 80.1 83.1 522
YOLOvI2n 83.7 84.0 52.5

Ours 85.4 84.4 52.9

Table 1 presents the comparative experimental re-
sults of different algorithms. The proposed method
(Ours) achieves optimal performance across three
core metrics—Recall, mAP@0.5, and mAP@0.5-
0.95—outperforming all the listed YOLO series al-
gorithms. Specifically, our method leads with a Re-
call of 85.4%, significantly surpassing the other
models, indicating superior performance in reduc-
ing false negatives. Additionally, our model ranks
first in both mAP@0.5, which measures detection
accuracy, and mAP@0.5-0.95, which assesses ro-
bustness across various Intersection over Union
(IoU) thresholds, outperforming the next best
model, YOLOv12n, by 0.4% in both metrics. In
comparison, other algorithms demonstrate varying
strengths and weaknesses: YOLOv12n shows the
second-best overall performance but falls notably
behind in recall rate; YOLOv11n performs reason-
ably well in mAP@0.5-0.95, but suffers from the
lowest recall; and YOLOv10n shows weak perfor-
mance under stricter evaluation metrics. Overall,
the experimental results decisively demonstrate that
the proposed method excels in detection accuracy,
offers comprehensive detection capabilities, and
exhibits robust generalization performance.

Table 2. Comparison of various algorithms based

on Average Precision (AP/%).

Algorithms
YOLO YOLO YOLO YOLO Our
v8n v10n vlln vI2n S
Classes
Bacterial
. 84.3 84.5 83.2 84.6 86.8
Pneumonia
Viral Pneu-

80.3 80.5 83.0 83.5 82.0

monia

As shown in Table 2, the proposed method achieves
an AP of 86.8% for the Bacterial Pneumonia cate-
gory, significantly outperforming all comparison al-
gorithms and demonstrating the highest recognition
accuracy in this category. However, for the Viral
Pneumonia category, our method, while superior to
YOLOv8n and YOLOv10n, slightly lags behind
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YOLOvVI11n and YOLOvVI12n. This comparison in-
dicates that our model has a distinct advantage in
detecting Bacterial Pneumonia but still leaves room
for improvement in recognizing Viral Pneumonia,
reflecting the differences in how various algorithms
learn features for different categories.

Table 3. Comparison of various algorithms based

on Recall (R/%).
Algorithms YO
voro Yo' L0 YOLO Our
v8n vil vI12n S
v10n
Classes n
Bacterial
. 82.3 78.7 82.1 77.6 79.8
Pneumonia
Viral Pneu-

82.9 83.1 78.2 89.8 91.0

monia

As shown in Table 3, the recall comparison results
reveal that our method performs exceptionally well
in the Viral Pneumonia category, achieving a Recall
of 91.0%, significantly outperforming all compari-
son algorithms. This highlights the model's remark-
ably low false negative rate. Combined with the
high Average Precision in Table 2, this demon-
strates that the model's detection of this category is
both comprehensive and reliable. However, for the
Bacterial Pneumonia category, our method achieves
a Recall of 79.8%, which, while outperforming
YOLOV10n and YOLOV12n, is slightly lower than
YOLOv8n and YOLOvIIn. This, in conjunction
with the highest Average Precision for this category
in Table 2, suggests that our model's approach to
Bacterial Pneumonia detection is more conserva-
tive and accurate. Overall, while our model repre-
sents a significant breakthrough in Viral Pneumonia
detection, further optimization is needed to improve
recall for Bacterial Pneumonia, ensuring a more
balanced performance without compromising pre-
cision.

4.2 Result Visualization

To evaluate the performance of different models in
the pneumonia classification task, we compared the
prediction results of YOLOv12n and Ours for Bac-
terial Pneumonia, Viral Pneumonia, and Back-
ground categories. The confusion matrix provides a
clear visualization of each model’s classification
accuracy and misclassification patterns. The matrix
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shown in the figure highlights the performance dif-

ferences between the two models in handling these

Confusion Matrix Normalized

Predicted

background

Bacterial Pneumonia Viral Preumonia background
True

(a)
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categories.

Confusion Matrix Normalized

Predicted

background

Bacterial Pneumonia Viral Pneumonia background
True

(b)

Figure 5. Normalized confusion matrix:(a) YOLOvI2n; (b) Ours.

Figure 5 presents a comparison of the performance
of the two models in the classification task:
YOLOvVI12n (Figure a) and Ours (Figure b). From
the confusion matrices, it is evident that the Ours
model demonstrates significant advantages in sev-
eral aspects. First, for Bacterial Pneumonia, the ac-
curacy of the Ours model is 0.73, which is notably
higher than YOLOv12n's 0.71, with a lower mis-
classification rate for Viral Pneumonia. For Viral
Pneumonia, while the accuracy of Ours is slightly

10 F1-Confidence Curve

—— Bacterial Pneumonia
Viral Pneumonia
= all classes 0.78 at 0.290

08

06

0.4

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Confidence

(a)

lower, the misclassification rate for Bacterial Pneu-
monia is substantially reduced. More importantly,
in Background prediction, the Ours model excels,
with a marked decrease in the misclassification rate
for the background class, indicating superior perfor-
mance in effectively eliminating background inter-
ference. Overall, the Ours model outperforms
YOLOV12n in reducing misclassifications, improv-
ing accuracy, and handling background interference,
showcasing a stronger classification ability.

F1-Confidence Curve

—— Bacterial Pneumonia
Viral Pneumonia
= all classes 0.79 at 0.296

“o0 02 0.4 0.6 08 1.0

Confidence

Figure 6. F1-Confidence curve: (a) YOLOvI2n, (b) Ours.

Figure 6 presents a comparison of the F1-Confi-
dence curves between YOLOv12n (Figure a) and
Ours (Figure b). As observed, at various confidence
thresholds, the F1 score of YOLOvI2n remains
around 0.78, while our model shows an improve-
ment with an overall F1 score of 0.79, demonstrat-
ing more stable performance. Although the F1 score
curves for Bacterial Pneumonia and Viral Pneumo-
nia are similar, with the Bacterial Pneumonia score
slightly higher than Viral Pneumonia, our model

consistently outperforms YOLOv12n at higher con-
fidence levels. This indicates that, when higher con-
fidence is achieved, our model is better at classifi-
cation. Overall, our model outperforms YOLOv12n
in both F1 score and classification accuracy.

To facilitate a better comparison of model perfor-
mance in the pneumonia classification task, we pre-
of YOLOvlln,
YOLOv12n, and Ours on X-ray images. Each

sent the detection results

model was evaluated for Bacterial Pneumonia and

© Frontiers in Preventive Medicine; published by Public Health Young Scholars Alliance (PHYSA)



Viral Pneumonia classification, with confidence
scores provided for each prediction. By comparing
these results, we can clearly observe the differences

T N gy

acterial Pneumonia 0./6

Bacterial Pneumonia 0.77B

acterial Pneumonia 0.79
na B.L

e

5 —- - ’
__(a YOL
(b) YOLOvI2n

(©) Ours o
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in classification accuracy and confidence levels
across the models.

]
\,

\‘
t N

Figure 7. Detection results of different algorithms on the dataset: (a) YOLOvIIn, (b) YOLOvI2n, (c) Ours.

Figure 7 presents the classification results of
YOLOvVI11n (Figure a), YOLOv12n (Figure b), and
Ours (Figure ¢) on X-ray images. YOLOvlIn
shows confidence scores of 0.77 and 0.76 for Bac-
terial Pneumonia and 0.77 and 0.73 for Viral Pneu-
monia, demonstrating reasonable accuracy but rel-
atively low confidence. YOLOv12n shows some
improvement, with confidence scores of 0.79 and
0.79 for Bacterial Pneumonia and 0.74 for Viral
Pneumonia, indicating enhanced classification per-
formance. However, our model significantly out-
performs the previous two, with confidence scores
0f 0.79 and 0.80 for Bacterial Pneumonia and 0.79
and 0.76 for Viral Pneumonia, showing more stable
performance and higher confidence, particularly

excelling in the detection of Bacterial Pneumonia.
Overall, our model demonstrates higher confidence
and stronger classification ability in both Bacterial
Pneumonia and Viral Pneumonia detection.

4.3 Ablation Experiment

To further analyze the improvements of our model,
we conducted ablation experiments, with the results
presented in Table 4 under different experimental
conditions. The experiments primarily compare the
performance of the baseline YOLOvI2n model
with that of the model enhanced by different strate-
gies (DA2C2f and DySample). Through three key
mAP@0.5, and mAP@0.5-

0.95—we assess the impact of each strategy on the

metrics—Recall,

model's performance.
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Table 4. Ablation experiment results.

number Experiments Recall mAP@0.5 mAP@0.5-0.95
1 YOLOvI12n 83.7 84.0 52.5
2 YOLOvI2n+DA2C2f 82.3 84.3 52.6
3 YOLOvI12n+DA2C2f+DySample 85.4 84.4 52.9

Table 4 presents the ablation experiment results un-
der different
YOLOvI2n model, as the baseline, demonstrates
good performance with a Recall of 83.7, mAP@0.5
of 84.0, and mAP@0.5-0.95 of 52.5. After incorpo-
rating the DA2C2f strategy, although the Recall
slightly decreases to 82.3, the mAP@0.5 improves
to 84.3, and the mAP@0.5-0.95 shows a slight in-
crease to 52.6. These results suggest that the
DA2C2f strategy enhances the mAP@0.5, while
also contributing to a modest improvement in mAP
at higher IoU thresholds. Further addition of the
DySample strategy leads to a significant improve-
ment in Recall, rising to 85.4, with mAP@0.5 at
84.4 and mAP@0.5-0.95 at 52.9. This indicates that
the DySample strategy notably boosts Recall, while

experimental conditions. The

also achieving a slight increase in mAP. These find-
ings demonstrate that the DySample strategy effec-
tively enhances Recall while maintaining perfor-
mance on the mAP metrics, particularly in multi-
class detection tasks.

5. Conclusion

This study proposes an improved YOLOvI12n
model for the automation of pediatric pneumonia
detection. The model effectively addresses the is-
sues of insufficient feature extraction and detail loss
during upsampling, which are common in existing
methods, by introducing two key modules: DA2C2f
and DySample. The DA2C2f module enhances the
model's ability to capture and express complex
pneumonia features through multi-level feature fu-
sion and deep convolution operations, while the
DySample module employs a dynamic upsampling
mechanism to adaptively reconstruct the feature
map, significantly reducing detail loss and image
blurring.

Experimental results on a publicly available pediat-
ric chest X-ray dataset demonstrate that the pro-
posed model outperforms the original YOLOv12n

and other mainstream lightweight models in key
metrics, including Recall, mAP@0.5, and
mAP@0.5-0.95. Notably, the model achieved the
highest average precision in detecting Bacterial
Pneumonia. Ablation studies further confirm the ef-
fectiveness of the DA2C2f and DySample modules
in enhancing model performance.

Although the proposed YOLOvI12n-based model
significantly improves pediatric pneumonia detec-
tion, there are several limitations that should be ad-
dressed in future research. Firstly, the model was
primarily tested on a single dataset, and its general-
ization across diverse datasets with varying image
qualities and demographic distributions needs fur-
ther validation. Additionally, while the model per-
forms well for bacterial pneumonia, its perfor-
mance in detecting viral pneumonia could be im-
proved. The model also involves complex modules,
which may increase computational load, so future
work could focus on optimizing it for resource-con-
strained environments. Finally, integrating other di-
agnostic modalities, such as CT scans or clinical bi-
omarkers, could enhance detection accuracy. Ad-
dressing these limitations will be crucial for making
the model more robust, efficient, and applicable in
real-world clinical settings.
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