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Intelligent Diagnosis System for COVID-19 Based on Deep Learning
JIA Nan', Li Yan®’, GUO Jingxia', XU Li', BAI Jinniu'

(1. Baotou Medical College, Inner Mongolia University of Science and Technology, Baotou
2. Baotou Central Hospital, Baotou 014040, China)
Abstract: Aimed at the global outbreak of COVID-19 in December 2019, traditional RT-PCR tests are prone to the questions of
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false negative, weak positive results and long detection, A deep learning-based method for assisting in the diagnosis of COVID-19 on
chest X-ray was proposed. The UNet segmentation model is used to accomplish the automatic segmentation of the lung ROI area, the
segmented image is enhanced by the Trivial Augment data enhancement strategy, and the X-ray images of the chest are classified into
three categories (normal, COVID-19, and other pneumonia). The model adds coordinate attention mechanism (CA) to MobileNetV2
as the backbone network; the open-source software such as Hugging Face and Flask is adopted to construct the COVID-19 intelligent
diagnosis system; The experimental results show that the MBCA-COVIDNET model reaches the accuracy of 97. 98% on the COVID-
QU-Ex Dataset test set, even though the model’s parameters and MACs are 2. 23 M and 0. 33 G respectively. The intelligent diagnos-
tic system can help doctors diagnose COVID-19 based on the chest X Ray (CXR), and improve the accuracy and efficiency of the diag-
nosis.
Keywords: CXR; COVID-19; deep learning; classification model; CA
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2 140 Normal JUia{ 524 i IE 8 S0 2 050 ], 7 5] B
COVID-19 251, 83 il Ty Non-COVID 23], T iF 4
Kl 95.30% ., REE KN 95.79%. ¥R CH 97.83%,
F1Score 2i 95.54% , S IE B % 4% B % COVID-19 8% 4y
RIEFET R THE 2 M2, MET 2 MRG0
ERfRR R R A, EZERBEAL IS Non-COVID K54
Ty Normal 2851, #4#8 53 Normal 28 | 524 5 24 Non-
COVID 2 5l 3 ) 1Y
3.3 HEhzIe

J T EAF NG — AR R AR B, AP T R 3
A TH RS 5

D Bx CA e A MO R %L, XL T RELU,
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RELU6, SiLU, LeakyRelLU, Mish 5 N4 VE R 5. 2503+
W] RELUG #0175 RACR TE 4 — 2k, BAKERLIEILE 3.
F 3 CA B A W BOE o6 B0 VEREXT 1L

i W B AL E#i% /%
1 RELUS6 97.02
2 Mish 96. 94
3 RELU 96. 83
4 LeakyReLU 96. 70
) SiLU 96. 69

2) AT HEIEFE COVID-QU-Ex ¥4 4 I CA EE I #
b FHREEE I, L MobileNetV2 Sy IERE, X T
JIWA SE #£He, CBAM Bl Ll K CA B G M sUR, 45 R %
B MobileNetV2 + CA f IE #f & 2 . T+ MobileNetV2 +
CBAM F1 MobileNetV2 + SE, T H & %} i% 54 4 Mobile-
NetV2-+CBAM Hl MobileNetV2 (1 1E B % 22 M A K, H ik

TN 4 FiR .
# 4 MobileNetV2 Ht il AAS ] 7 & 7 A2 e i) o BE X L
Y5 HET TR/ %
1 MobileNetV2 96. 55
2 MobileNetV2-+SE 96. 83
3 MobileNetV2 -+ CBAM 96. 54
4 MobileNetV2+CA 97.02
3) AW T AR A B R R e, S —FP
#| T Albumentations™ JE #1 RandomGamma. Random-
BrightnessContrast, CLAHE, Blur., MotionBlur, Median-

Blur, HorizontalFlip, ShiftScaleRotate £ #ff ¥ 5% 75 1 i) 4
G M AR Trivial Augment, [R] Bl 25458 Y Y 2%
UM Z T 30 YR INE] T 50 ¥k, 45 B 8 58 47 1 i

S, FYRER R Trivial Augment XU 3T 3R A9 HOR AL, T
WS,
F 5 AT B e K 09 L RE XS b
HT HOH 48 50k SR E#H/ %
1 Albumentations H1 2 Fh 7 B B9 4H & 97.44
2 Trivial Augment 97.98

3.4 FHEETHN

HY P 22 P 45 455 0 5 B R A A SR DI s R DA
oK) 7 A, Rl R A g R — A R
&7, HAHH R 2 Z ol g R . O T X MBCA- (ovn}
NET #7453 2 P 5 i 15 i Bg o ARBIE 58 Rl Grad-CAM™
AR, MR LA T RGBT ik, E 8 Bram. M
B n] LA R B S M R B o & 8, e T

TR DX, RE S B S A R B k. A B T R AR X R E
2 W HR T .
4 HXRIF

ARICH I MobileNet W45 258 315 CA FE & I AR 45

(a) ~ (o) B H 4& vhor o B 4% 58 35 AL s W3 X ol Jr A% ]
(D ~ (D AHEMmRBEM LR (0 ~ (D K
56 il 48 HE A ST

# 8 MBCA-COVIDNET #7 & 5% 1% 24 805 K

A BET —ANERXT I F i COVID-19 £ I 455 % MBCA-
COVIDNET, #%#i#7E COVID-QU-Ex Dataset $t#i 4 I
SRS . R T Trivial Augment EE B, T/
S P e — RN GRE TS . A A 4 F S T 97. 98%
BIERG 3R, 1B b 2 /T 4 S8 9 9 COVIDLite BRI F+ T
0. 8 AN 43 i [ IR Y (1 2 I AN 5 A 2 40 F 54K
KV, G TSR BT

T AR %A AL R ] Hugging Face ™ JF I %K
PEIF K T —4> COVID-19 & e 4l B 2 Wi il R 4. %1 R

AR AT LLAE B 25 50 K I 25 47 A B HE 48 31 Hugging Face
Spaces ', R 4E —4> app. py 30, k0] DAAR 77 (6 it
BT R R . ROE R TAE 9 FiR .

Medical deeplearning platform

[

% 9 Hugging Face &% A

I, Sk T I 25 47 A 55 280 8 6% 20 0F M N I K 52
B, MARFEAEZHENE, FIA Flask £ T —4 CO-
VID-19 ) web i Fi#& %, Flask J&—AM#i F Python %5 9
BEH Web N IMES ., ZRGRWHI) S B TS, R
HEFIW CXR ARG, BEBELTRNT: D &
BERESC AR HE A, IR — IR FE AW 0 R 2) ol I

. RGN BIR, X% AR B AT B0 #H
25 T O 25 A O I R . 28 S BRI R R AR

19 28 1A L i B L AT LT B O HLRE W I s AT Eﬁﬂﬂf
M P AR . RS I 10 BiR

ABETE R BRE 1) YISl (R T R R AE B 22 19 B
B B A, R R 2 T AT T 2SR, B
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[ 10 COVID-19 ¥ 2 > 6 I R 48 4 Wi

SR A S J R e B AR IR XOB R, BB 3z AL
NAEFFIE—LRAE; 2) YIZRBE R Kot ok P — ., XA
N Z bt 3) I ZRBERLSE MO8 T I3 X Ot R REESE &
RBHE I RAR SR s ) AR R IR & D) ik R S B i X
St AT HOE M 4 . B A IR W = AR5, RAESR
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