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Recognition and Classification of Childhood Pneumonia Based on
Improved Inception-ResNet-v2
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College of Intelligence and Information Engineering, Shandong University of Traditional Chinese Medicine,
Jinan 250355, Shandong, China

Abstract To address the issue of difficulty in accurately diagnosing children’s pneumonia images, a classification and
recognition method based on improved Inception-ResNet-v2 is proposed to improve the recognition accuracy of various
types of children’s pneumonia images. A multiscale channel attention module based on Inception-ResNet-v2 is introduced
to promote network recognition and detection of targets under extreme scale changes. The size of the network stem layer’s
convolution kernel and the effective receptive field are increased at the start of the model. To avoid overfitting the model,
the activation function is reduced in size, and the SiLU activation function is used instead of the Rel.U activation function.
To address the issue of less amount of data in the Chest X-ray dataset, the input image is rotated at a specific angle and
flipped horizontally at random to improve the original data. The experimental results show that the proposed method has a
97.9% accuracy in the second classification of children’s pneumonia data and an 85. 8% accuracy in the third classification,
demonstrating that the method can effectively improve the recognition accuracy of children’s pneumonia.
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Fig. 1 Inception-ResNet-v2 model
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Table 2 Classification confusion matrix of fusion iteration
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Category 0 1 2
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Table 3 Comparison of two classification experiments

Method Ry /' %0
Teacher module 94.87
Method of reference [ 10] 96. 39
GIV3 96.77
Proposed method 97.9
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Table 4 Comparison of experimental results

Method Category Ry /' V0 Roecion /' %6 R /% R gecitieny / V0
bacteria 82.1 76.4 85.8
VGG16 normal 79.5 94.2 93.8 97.7
virus 61.0 68.0 83.8
bacteria 79.8 80. 2 81.9
ResNet50 normal 81.3 93.3 94.6 97.3
virus 66. 3 63.4 88.7
bacteria 80.7 86.0 82.7
Inception-v3 normal 82.2 95.1 95.7 98.1
virus 66.6 62.8 91.0
bacteria 76.7 86.0 76.2
Inception-ResNet-v1 normal 78.8 94.3 93.6 98.2
virus 67.7 54.2 89.8
bacteria 77.4 86.0 78.4
Inception-ResNet-v2 normal 79.1 91.9 74.2 97.0
virus 67.2 52.8 90.4
bacteria 84.4 89.3 83.7
Proposed method normal 85.8 96.8 95.6 98.8
virus 75.4 67.2% 93.3%
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Table 5 Comparison of ablation experiment results
Number Method s R eciion / 20 R /% R gectieny / V0
Experiment 1 Inception-ResNet-v2 79.1 78.8 78.4 88.6
Experiment 2 Inception-ResNet-v2+ SiLLU 82.3 81.3 82 90. 4
Experiment 3 Inception-ResNet-v2-+new stem 83.4 83.6 83.3 90.7
Experiment 4 Inception-ResNet-v2+MS_CAM 83.0 82.2 82.2 90.8
Experiment 5 Proposed method 85.8 85.5 84.0 95.2

e K COVID-19 Jili 4B CT #5048 4 Sk 56 31F F $2
7 B R L RIS Tk [ 466 44 R Y 7953 3K
COVID-19 & Ok H 604 44 (4% 19 6893 7K 1E # [#1%
PLIOK H 60 4 5 1 2618 7k CAP B . 7ESLH i 1
KEWZE R COVID-19 py B &, L BR T CAP 45
ZLLARAF A R . B T Hartono 55 A

Aytac 557 B 7 5 5 BT AR 7 BR BEAT XS L, 9250 45 2R dn
HOPR.

LR DL R SIS 2R Al B 9 I A SR s BE 6 A Ak
S AR X L il 4 TR R RO BE T L B o SR T
[ Fsf 75 JH Al fl 748 25 s 4 v A7 B4 O R B SR T 3%
T7 ¥ A2

1410008-6



F605FE 148/2023 F£7 B/BAEXBEFZHE

F 6  COVID-19 ¥ 4 5L 56 4% B %} L

Table 6 Comparison of experimental results of the COVID-19

dataset
Method R ceunaey /' V0
Method of reference [ 31] 93.0
Method of reference [ 30] 97.0
Proposed method 98.9
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