886

of

2383 = 52 4307 A6Z, 20259 119 (JBE Vol.30, No.6, November 2025)

E33=1 (Special Paper)
U388 =52 4309 465, 20253 119 (JBE Vol.30, No.6, November 2025)

[e}

https://doi.org/10.5909/JBE.2025.30.6.886
ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

g2 7]k E4 & §33 DenseNet RHe] 58 B2 7%

o & AV, & % 7

b

Pneumonia Detection Using DenseNet Integrated with Wavelet
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Abstract

This study presents a dual-domain classification model for pneumonia diagnosis in chest X-ray images, integrating pixel-domain
features from DenseNet-121 and low-frequency components derived through Haar wavelet transform. Conventional deep learning
models often struggle to recognize overlapping anatomical structures and indistinct lesion boundaries due to their reliance on
pixel-domain information alone. To overcome these limitations, the model separately learns the approximation coefficient from
wavelet decomposition via a dedicated convolutional path and fuses it with DenseNet-extracted features. Experimental results on the
ChestXRay2017 dataset reveal significant improvements over baseline DenseNet-121 across all metrics, with notable gains in the
balance between precision and recall for NORMAL cases —demonstrating strengthened generalization. This frequency-based
enhancement allows better detection of subtle or diffuse patterns, increasing diagnostic reliability. The combined pixel-frequency
approach also shows promising potential for extending automated diagnosis to other thoracic diseases beyond pneumonia.
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Table 1. Hardware Environment Used in This Study
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Table 2. Comparison of Accuracy Before and After Applying the
Proposed Method

Baseline Model Proposed Model

Accuracy 0.969 0.987
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Table 3. Comparison of Classification Metrics Before and After Applying
the Proposed Method

Baseline Model Proposed Model

Class Normal Pneumonia Normal Pneumonia
Precision 0.91 0.99 0.98 0.99
Recall 0.97 0.97 0.98 0.99
F1 Score 0.94 0.98 0.97 0.99
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Table 4. Comparison of Classification Metrics Between Low-
Frequency (cA-only) and High-Frequency (cH+cV+cD) Models
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Table 5. Accuracy Comparison Between Previous Studies and the
Proposed Method

Low-Frequency (cA-only) HE:;ES:’;T:S; 4
Class Normal Pneumonia Normal Pneumonia
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Table 6. Comparison of Classification Metrics Between Previous Studies and the Proposed Method

[4] [5] Proposed Model
Class Normal Pneumonia Normal Pneumonia Normal Pneumonia
Precision 0.95 0.97 0.97 0.96 0.98 0.99
Recall 0.95 0.96 0.99 0.98 0.98 0.99
F1 Score 0.96 0.97 0.98 0.97 0.97 0.99
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Table 7. Comparison of model comlexity before and after adding the wavelet feature block

Model Total Parameters Trainable Parameters Non-trainable Parameters Model Size (MB)
Baseline Model 7,176,961 137,409 7,039,552 27.38
Proposed Model 7,182,081 142,465 7,039,616 27.40
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