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Assisted Diagnosis of Pneumonia Based on Federated Learning and Improved ResNet

CAO Run-Zhi, HAN Bin, LIU Ga-Qiong
(School of Computer Science, Jiangsu University of Science and Technology, Zhenjiang 212114, China)

Abstract: The current assisted pneumonia diagnosis method using the residual network (ResNet) based on batch
normalization has high dependence on the batch size and a low utilization rate of network channel features, and
pneumonia diagnosis methods using deep neural networks all ignore the problems of medical data pﬁvééy and islands. To
solve these problems, this study proposes an assisted diagnosis method that integrates the federated learning framework,
the squeeze-and-excitation network, and the improved ResNet (FL-SE—ResNet—dN). This method uses FL to protect data
privacy and pays full attention to channel characteristics with the SE network and the group normalization method.
Experimental results on the Chest X-Ray Images dataset show thatthe accuracy, precision, and recall of this method reach
0.952, 0.933, and 0.974, respectively. Compared with other existing methods, this method has significantly improved the
accuracy and recall indicators on the basis of protecting data privacy.
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8 SE-ResNet-BN 0.867 0.966 0.76  0.851
SE-ResNet-GN 0.953 0987 0928 0.957
16 SE-ResNet-BN 0.920 0971 0.868 0.917
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AR AT LR B I HEA & iR S
& 45 771035 ARG R X B, S 56 v Aff 3 AN K A Ak
5 M 6 Fras, Bk bl ZRid R o i) vE R 22 AT %
HAAGS R T H e M.
343 HHETrkmixt

It X Chest X-Ray Images FG £ S 347 U1 25,

Software TechniquesAlgorithm X fFHi A5 231

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20224F #5314 H2 W

SCHR (18] 8 LR 2% ) iE AL | — PP TR FE 22 2
FEZR 2 I TR, SCHER [19] 42t —Fhah & 5% 22 AR
R K 26 AR OV 10 B 26 % 93 287 01, 388 3 Bk 7 X 4% 4
) T, BRAS R % FEE 8 51 e )1 o B2 R A FULA FE AL
e 5, ) FH R K 2 R e fit 4 P18 23 S0 A v R
I, SCHR [21] FIH AlexNet A1 InceptionV3 W 4% 5 784 Jf:
SEEFNRZATR TSR m R I A CT BRI 40 251 RE, 12
H 7 AlexNet_S 775, AT75E Bk 3 By ik @) sess:
SERXTLLINR 4 Fros. SRIe S BRI, AR5k HER
RN [l 2 . AERS FEFR AR B AR SCO7 ¥ EESCHR [19]
JTFHETE 42 A E o R ABIE TR 31" A AlexNet P!
I TTVE RS B4R AR . AR EARSCOTIEE R . ¥
FE L AR T VR, R RS I A I ME SR, £

Py Bl B Al 22 2k 05 T BAT ORI %, IR AR B B

B R SERRE L.
g !
140 v -—‘.N . - . ——
.. ':._____.___..J;_—,—;_'_:. .."t'_':_:_t.: T
" 0.8 by e gm et S A e
g 06, ., - ALexNet
= = VGG
& 04 + ResNet
02 ® SE-ResNet-BN
’ S D iR
O |||||||||||||||||||

2 4 6 8 10 12 14 16 18 20
IERIEL

K5 SRR HERf R K A

2.00
1.75

i 1.50 - ALexNet

g 125 = VGG

= 100 + ResNet

gg 0~75 . SE—Rquet—BN
g;g D
- R AREay

2 4 6 8 10 12 14 16 18#20
R p "

] 6. ZEARIHRT KA R

K4 AOTES BTN

T7i: ACC P Recall
T 0.928 0.985 0.932
SCHR[19]77 1 0.905 0.891 0.967
AlexNet_SP! 0.949 0.990 0.872

A Tg 0.952 0.933 0.974

4 diw5RE
N T BT BE AR 2 W B R ANAE R 1, AR SR

232 AR H 1 Software TechniquesAlgorithm

B ST A BO R ) SE-ResNet-GN A28, i
B 2 1ok MR AR A ZE A B LS USSR 38,
RAIE T B S04 0 WAL M 5 LT B A 5 98
A9 SRS 2 G [ 388 6 9 2, A 3 A
525 0 24 g LAY, TEREIR 2 ST Ao, AN
S 7E AR ST A S 25, Ay T 3 G A R B
R3S I, A SOR A SEROILE Ay U8
BRI — 17 3R, 4R RSB AT 4 4L,
B T B RO E M, RIS 5 R 4 9 4 ek i
S 1D F e 20 S TR RN ZE 9 26 L R i Ay
Bk 2 S HE R LR PS50 s R B SC 4R
L T o %2 4

SE 30k

1 Kosasih K, Abeyratne U. Correction to: Exhaustive
mathematical analysis of simple clinical measurements for
childhood pneumonia diagnosis. World Journal of Pediatrics,
2019, 15(6): 626. [doi: 10.1007/s12519-019-00262-2]

2 Ibrahim DM, Elshennawy NM, Sarhan AM. Deep-chest:
Multi-classification deep learning model for diagnosing
COVID-19, pneumonia, and lung cancer chest diseases.
Computers in Biology and Medicine, 2021, 132: 104348.
[doi: 10.1016/j.compbiomed.2021.104348]

3 Syrjala H, Broas M, Ohtonen P, et al. Chest magnetic
resonance imaging for pneumonia (fiag\fi_()sis in outpatients
with lower respiratory fract infection. European Respiratory
Journal, 2014,‘7, "‘49(1); 1601303. [doi: 10.1183/13993003.
01-\303-20'16]

4 Chouhan V, Singh SK, Khamparia A, ef al. A novel transfer
learning based approach for pneumonia detection in chest X-
ray images. Applied Sciences, 2020, 10(2): 559. [doi: 10.
3390/app10020559]

5 VRIIHE, Yol H TR LA 2T K )L 2 Ml 28 995 J5 2 S T A
)RR rp [ B R 2, 2019, 14(3): 5961, 110. [doi:
10.3969/j.issn.1673-7571.2019.03.017]

6 Al-Antari MA, Hua CH, Bang J, et al. Fast deep learning
computer-aided diagnosis of COVID-19 based on digital
chest X-ray images. Applied Intelligence, 2021, 51(5):
2890-2907. [doi: 10.1007/510489-020-02076-6]

7 T, SRIGEIE. TR R A X 26 1) it 98 BEARR T A A
THEHLN, 2019, 39(6): 1680—1684. [doi: 10.11772/j.issn.
1001-9081.2018102112]

8 JRIR, Bb, BT TR B 2] BB 4 R T SRR
HL{5 B2, 2019, 35(11): 58-74. [doi: 10.11959/j.issn.1000-

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1007/s12519-019-00262-2
http://dx.doi.org/10.1016/j.compbiomed.2021.104348
http://dx.doi.org/10.1183/13993003.01303-2016
http://dx.doi.org/10.1183/13993003.01303-2016
http://dx.doi.org/10.3390/app10020559
http://dx.doi.org/10.3390/app10020559
http://dx.doi.org/10.3969/j.issn.1673-7571.2019.03.017
http://dx.doi.org/10.1007/s10489-020-02076-6
http://dx.doi.org/10.11772/j.issn.1001-9081.2018102112
http://dx.doi.org/10.11772/j.issn.1001-9081.2018102112
http://dx.doi.org/10.11959/j.issn.1000-0801.2019268
http://dx.doi.org/10.1007/s12519-019-00262-2
http://dx.doi.org/10.1016/j.compbiomed.2021.104348
http://dx.doi.org/10.1183/13993003.01303-2016
http://dx.doi.org/10.1183/13993003.01303-2016
http://dx.doi.org/10.3390/app10020559
http://dx.doi.org/10.3390/app10020559
http://dx.doi.org/10.3969/j.issn.1673-7571.2019.03.017
http://dx.doi.org/10.1007/s10489-020-02076-6
http://dx.doi.org/10.11772/j.issn.1001-9081.2018102112
http://dx.doi.org/10.11772/j.issn.1001-9081.2018102112
http://dx.doi.org/10.11959/j.issn.1000-0801.2019268
http://www.c-s-a.org.cn

20224F #5314 21

http://www.c-s-a.org.cn

i H AR SN A

9

10

1

—

12

13

14

0801.2019268]

skimhs, RO, A, . SRR ST I MG B bRk
MR, BAERIEE, 2020, 36(7): 92-106. [doi: 10.11959j.
issn.1000-0801.2020199]

Mao J, Cao CJ, Wang LJ, et al. Research on the security
technology of federated learning privacy preserving. Journal
of Physics: Conference Series, 2021, 1757: 012192. [doi:
10.1088/1742-6596/1757/1/012192]

Kaissis GA, Makowski MR, Riickert D, et al. Secure,
privacy-preserving and federated machine learning in
medical imaging. Nature Machine Intelligence, 2020, 2(6):
305-311. [doi: 10.1038/s42256-020-0186-1]

Li LF, Wang YR. Improved LeNet-5 convolutional neural
network traffic sign recognition. International Core Journal
of Engineering, 2021, 7(4): 114 -121. [doi: 10.6919/ICJE.
202104 7(4).0017]

A, Sutskever I, Hinten GE. «ImageNet
classification with deep convolutional neural networks.
Communications of the ACM, 5017, 60(6): 84-90. [doi: 10.
1145/3065386] “

Simonyan K, Zisserman A. Very deep convolutional

Krizhevsky

networks  for arXiv:

1409.1556, 2014.

large-scale image recognition.

15

18

21

He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR). Las Vegas: IEEE, 2016. 770-778.

Hu J, Shen L, Sun G. Squeeze-and-excitation networks.
arXiv: 1709.01507, 2018.

Wu YX, He KM. Group normalization. arXiv: 1803.08494,
2018.

Kermany DS, Goldbaum M, Cai WIJ, et al. Identifying
medical diagnoses and treatable diseages by image-based
deep learning. Cell, 2018, 172(5): 115271'131. [doi: 10.1016/
j.cell.2018.02.010] -

Liang GB, Zher;g LX&A transfer learning method with deep

image recognition. Proceedings

residual network for pediatric pneumonia diagnosis.
Computer Methods and Programs in Biomedicine, 2020, 187:
104964. [doi: 10.1016/j.cmpb.2019.06.023]

Geng L, Zhang SQ, Tong J, ef al. Lung segmentation method
with dilated convolution based on VGG-16 network.
Computer Assisted Surgery, 2019, 24(S2): 27-33. [doi: 10.
1080/24699322.2019.1649071]

XSHE, BRENA, W F T MR 7 BRI B A e 42
2877 AHEALR L, 2020, 40(1): 71-76. [doi: 10.11772/;.
issn.1001-9081.2019061039]

Software TechniquesAlgorithm FXPFH AR 5% 233

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.11959/j.issn.1000-0801.2019268
http://dx.doi.org/10.11959/j.issn.1000-0801.2020199
http://dx.doi.org/10.11959/j.issn.1000-0801.2020199
http://dx.doi.org/10.1088/1742-6596/1757/1/012192
http://dx.doi.org/10.1038/s42256-020-0186-1
http://dx.doi.org/10.6919/ICJE.202104_7(4).0017
http://dx.doi.org/10.6919/ICJE.202104_7(4).0017
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1016/j.cell.2018.02.010
http://dx.doi.org/10.1016/j.cell.2018.02.010
http://dx.doi.org/10.1016/j.cmpb.2019.06.023
http://dx.doi.org/10.1080/24699322.2019.1649071
http://dx.doi.org/10.1080/24699322.2019.1649071
http://dx.doi.org/10.11772/j.issn.1001-9081.2019061039
http://dx.doi.org/10.11772/j.issn.1001-9081.2019061039
http://dx.doi.org/10.11959/j.issn.1000-0801.2019268
http://dx.doi.org/10.11959/j.issn.1000-0801.2020199
http://dx.doi.org/10.11959/j.issn.1000-0801.2020199
http://dx.doi.org/10.1088/1742-6596/1757/1/012192
http://dx.doi.org/10.1038/s42256-020-0186-1
http://dx.doi.org/10.6919/ICJE.202104_7(4).0017
http://dx.doi.org/10.6919/ICJE.202104_7(4).0017
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1016/j.cell.2018.02.010
http://dx.doi.org/10.1016/j.cell.2018.02.010
http://dx.doi.org/10.1016/j.cmpb.2019.06.023
http://dx.doi.org/10.1080/24699322.2019.1649071
http://dx.doi.org/10.1080/24699322.2019.1649071
http://dx.doi.org/10.11772/j.issn.1001-9081.2019061039
http://dx.doi.org/10.11772/j.issn.1001-9081.2019061039
http://dx.doi.org/10.11959/j.issn.1000-0801.2019268
http://dx.doi.org/10.11959/j.issn.1000-0801.2020199
http://dx.doi.org/10.11959/j.issn.1000-0801.2020199
http://dx.doi.org/10.1088/1742-6596/1757/1/012192
http://dx.doi.org/10.1038/s42256-020-0186-1
http://dx.doi.org/10.6919/ICJE.202104_7(4).0017
http://dx.doi.org/10.6919/ICJE.202104_7(4).0017
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1016/j.cell.2018.02.010
http://dx.doi.org/10.1016/j.cell.2018.02.010
http://dx.doi.org/10.1016/j.cmpb.2019.06.023
http://dx.doi.org/10.1080/24699322.2019.1649071
http://dx.doi.org/10.1080/24699322.2019.1649071
http://dx.doi.org/10.11772/j.issn.1001-9081.2019061039
http://dx.doi.org/10.11772/j.issn.1001-9081.2019061039
http://www.c-s-a.org.cn

	1 相关理论
	1.1 残差网络
	1.2 压缩激励网络
	1.3 联邦学习

	2 基于联邦学习与改进ResNet的肺炎辅助诊断方法
	2.1 改进ResNet网络
	2.2 FL-SE-ResNet-GN 学习框架

	3 仿真实验与理论分析
	3.1 实验环境
	3.2 数据集与数据增强
	3.3 实验评估指标
	3.4 实验过程和结果分析
	3.4.1 Batch size对融合BN和GN网络的影响
	3.4.2 本文方法与经典深度神经网络模型对比
	3.4.3 与其它方法的对比


	4 结论与展望

