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Abstract

A considerable part of the traditional medical treatment process is spent queuing up to get pic-
tures and finding doctors for diagnosis, which brings great challenges to the shortage of medical
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resources and urgent patient conditions. Rapid diagnosis and early intervention have become a
trend. In this context, this project designs an independent CT virus recognition platform based on
artificial intelligence, and uses the deep residual network which is more mature in artificial intel-
ligence to carry out CT recognition. Convolutional neural network has strong self-adaptability,
learning and global optimization, and shows good performance in CT recognition. The user upl-
oads lung CT images to the cloud server by scanning two-dimensional code of mobile phone. The
trained CT virus model estimates the uploaded images according to three aspects: normal, bac-
terial pneumonia and viral pneumonia, and returns the estimated values to the user in the form of
pictures, so that doctors can quickly diagnose patients with the assistance of the model, which can
further reduce the workload of doctors in the diagnosis of suspected cases of COVID-19.
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1. 518

R DUAE 9973 R 2 E A B A VO T il 2 2 W i) = S e . BEE RIS R A E, bR ¢
MEAR 2 K BAR R A B WM, CT AR 124 ARG M E 2. fEH K PAMERER RS A iSsT
7R TR R, IRRIZWE T HAZ RIS I 45 5, CT S80I A2 Wik S mT 1 ki e it 2 99 151) 340 7 1)
Fritko BT 2 BE I CT R (AR AR R I BB B0 22 2 B0 A PR BB ek S i g % o 5 &
ARG — OB AT 2890 A CT 845 KMETE 300 3K A2, IXAEAIRIRZII RE KE S, EA
XA CT SR AR T AERS KL 5~15 438 . R LT CT BURIRAIMET 7T, H3hiR5l
CT B, SRl o] 589 kb, B8 55 Bh 2= A= DR 0 5 SE ABL AR 28 R N, AT 3 i 12 I o2 S A2 I e

AT, s X 28 X G2 is i i B2 T By, % B IR 7 Rges R & B o> 2 L.
X SRR A — PR B PR B AR, X BRI e 2 G AR BEKSPAR- H T B m Rk . TN Bhiz
(Computer-Aided Diagnosis, CAD) &t JLAF ik &t K (1) —Flof = 2= Br . fEMLEEAL b, Z5a 1)
LW, SHEEEIR SRR, WORSMRE, e TSR A EEE L.

BEE EG AR, B, B R AT SE SR R R, EIBR BRI 5 G EAT T ORE I
R T K 2 2 P SR FH PG A B A AR M ¢ B S i — X (Local Binary Pattern, LBP) [2]4F1iE(5
BAE N RRAE, AR5 IS4 1 & HL(Support Vector Machine, SVM)ELVEREAT il 4 &R0 . BEAR SVM
ST A . ARZR T ) A BRI S, (R MG RCRR, T RS RO K, SEUE
R 22 B RCR AR [3]. ISR, DABARHRZE 9 2% (Convolutional Neural Network, CNN) [4] A4 VR FE 2
>](Deep Learning) HyAETHEN AN SUE I B RH,  CNN 7E RS EUG AL BE AT ¥ B 2558 1 Ao
KIAAESE[STF BRIP4 W 28 S B T il R AR A . SEaR g AR, Je T B AR N 48 IR RHIE SR S
F TAREUFIFHEAR LG, HAFERIARE S a8, SR, H AT K ZHNAMH RS E W 4% 2 1B —,
FORHIES ST Re 0855, Bk, HRIDEEOVA fifgm. Hl, ERGIRRBGUL, 2 R TIREGR M
22 2% (ImageNet) (1927 31 777, AHIRFERIEE N 48 A7 0 ISR P RS . TR, X OV 19 I 2 S5 A AT
AR L.
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2. RIS 4T
2.1. AIERe5ERMEME

2.1.1. BRMEMENA

TENLES 22 UK, A — AT R R M4 S SRR i R B 4, B4, (s
S PP LA 2 R He A, BRI T I — R . TS RS A AR U R, R A
LSS IREET RA 1284 )2, HMSWRRGEIIZEIRG . FERE T E BRI WS K DR
AR ISRIG, GPU [ my g FAT 1 LS i S 5 (1 R I, (A5 RS A 28 0 2 F Il 2578 45 TIN5 55

2006 4, JE%F GeoffreyHinton S5 9 KA H | —Fpdk T2 EHOZI 2 JE M A SRR, IFAE
MNIST FEAKEG F3RAS T HSC R mENUE s s R, JHal 7“3 =N TR ’AR. 7E13L[6]
1, Geoffrey Hinton 1 /kX$2H T Deep Learning FIMES, X A& (R)Z) 1R I 25 9l M AR TR BE 2% S R R
2011 4E, Xavier Glorot £ N B k2 H T —Fh3E T ReLLU FRIMiI B8 50, ‘& & B RS FH % 22 (1 — Rl BUih Th g .
2012 4, Alex Krizhevsky #2H T 8 E MR EMZE ML AlexNet [7], BKH T ReLU k%, H1#H
Dropout FAKF; I WE, RIS 7FZHlZem 77X, BERAERR NVIDIA GTX580GPU )il 25K/
%%, 1f ILSVRC-2012 FEUZIRAITE3eH, AlexNet #5128 —, HAFREN 10.9%, B -4 N T 10.9%.

H M AlexNet BRI LI, CEAEREMTEPRAMA TR, @ VGG R4, GooglLeNet &4,
ResNet #7%1;: DenseNet &, 1% %411 ResNet BLAECRUEAH [F] 1)1 REBCEF 5 S T, K — NI Z
Y REJLEAD, HE L TAZER iz B, @R, SRR, 2 s RERENE
2 1 )5

2.1.2. ERMEIER

KR 7> KR — DR AFAER [0 f. 2P 2% DLRIR BORME VN, L& 0 28 b S REAR IR 701
E R . FESERR N Y, — ROk #E R BORPTRENER 70 k017 7028 UG IR 2 4 il e B R 2
207 ikis BN By 8 i — A in) i, HRARR 45 VGG #7%1, DenseNet %41, ResNet 575155
AT =2 I Z R T 1] 1~3 Prw.

VGG 1M VGG AL —Fhfai S 2%, R AR B AR AZ R /N3 % 3), FF R FH B R AL K/
(2x2). 535k, VGG FIEHEHARMIRK, FAEHHKIZERZ, MAAFRERBR G, XESH0h
(R 24 R 23 O RVE T B A 8 I )=

DenseNet f57%. FR M5 M 4 (DenseNet). ‘& 51 N T A M AL B K /NFAE R AN E 2 1A
(I ELHEERL . DenseNet 7J L H A9 R BNHH =, [RIN B AT R . Se3eiiial, BEE 22805 n,
Densenet & [r] T 7EAERPE I — S0k m, TR IERE T RSO ILE FE S . 4t BT VGG
B, Densenet 75 25 /DS HOAN D )iH 5, H BA ek rvERE .

Resnet (IR 7% 2 M £%): AlexNet. VGG. GoogleNet 25 [ £ R 7 (1) H HLE A 28 I 45 1R R N T )L
TZB B, BN SR 24 1R SR BOERIR, B AT RE RIS S iUz A Re 0. (R SRR IR LSS, W)
2R ARG 25, 3K B0 TR B R BSOS AR E IR SAE RH o  T RERIR S AR 22 I 2% (R B2 R
BOMBEERAEILGL, 2015 4F, GO IMBT FE B (LB &8 N &3 13T Skip Connection FRJVAR R 22 W 2%
(Residual Neural Network, f&##x ResNet)57%[8], H-#&H 1 18 /.34 JZ.50 J£.101 JZ.152 =1 ResNet-18.
ResNet-34. ResNet-50. ResNet-101 I ResNet-152 Z545 %4, ResNet 7E ILSVRC 2015 #k/% 2§ ImageNet £
PR IR, RS SS IR 1 i arvEne, BULHAT, ResNet A5 Sz WGl i FimE A . AL
LA ResNet-34 B AR T R
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ConNet Configuration
A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input(224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128
maxpool
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
convl-256 conv3-256 conv3-256
conv3-256
maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
convl-512 conv3-512 conv3-512
conv3-512
maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
convl-512 conv3-512 conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max
Figure 1. VGG model structure diagram
& 1. VGG tRBILEHE
Layers Output size DenseNet-121 | DenseNet-169 | DenseNet-201 | DenseNet-264
Convolution | 112x112 7x7 conv,stride 2
Polling 56x56 3x3 max pool,stride 2
Dense Block 56%56 [1 X 1c0nv] [1 X 1c0nv] [1 X lconv] 1x 1conv]
) 3 X 3conv. 3 X 3conv 3 X 3conv 3 X 3conv
Transition Layer| 56x56 1x1 conv
8 28%28 2x2 average pool,stride 2
Dense Block 1 X 1conv 1 X 1conv 1 X 1conv 1 X 1conv
?2) 2828 3 X 3conv] x 12 3 X 3conv] 12 3 X 3c0nv] x 12 3 X 3conv] 12
Transition Layer| 28x28 1x1 conv
) 14x14 2x2 average pool,stride 2
Dense Block 14x14 1x 1conv] [1 X 1conv] 1x 1c0nv] 1x 1c0nv]
3) 3 X 3conv. 3 X 3conv 3 X 3conv. 3 X 3conv.
Transition Layer| 14x14 1x1 conv
3) 77 2x2 average pool,stride 2
1 X 1conv 1 X 1conv 1 X 1conv 1 X 1conv
Den5(64])31001( 7 3x 3conv] 16 [3 X 3conv] X3z [3 X 3conv] 32 3x 3conv] 48
Classification 1x1 7x7 global average pool
Layer 1000D fully-connected,softmax
Figure 2. DenseNet model structure diagram
2. DenseNet 188U 45 [E]
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layer name | Outupt size 18-layer |  34-layer | 50-layer | 10l-layer [ 152-layer
convl | 112x112 7x7,64,stride 2
3x3 max pool ,stride 2
— - 1x1,64 1x1,64 1x1,64
convz_x | 56x56 3x3,64 y 3x3,64 y {3x3,64 }m 3x3,64 }xz 3x3,64 }d
|3x3,64 [3x3,64 1x 1,256 |1x1,256 |1x1,256
_ - - 1x1,128 [1x1,128 [1x1,128
conv3 x | 28x28 3x3,128 % 3x3,128 w4l [3x3.128 [x4 3% 3,128 |x 4 3x3,128 |x8
a [3x3,128 [3x3,128] 1x 1,512 [1x1,512 [1x1,512
_ C . 1x1,256 [1x1,256 [1x1,256
conv4d x 14x14 3x3,256 x 3x3,256 x6| [3%3:25 |x6 3x3,256 [x23| [3x3,256 |x36
- 3%3,256 [3x3,256 | 1x1,1024 11,1024 11,1024
_ - _ 1x1,512 1x1,512 [1x1,512
conv5_x 77 3x3,512 x 3x3,512 %3 {3”,512 }x3 3x3,512 |x3 | [3x3,512 }m
B [3x3,512 |3x3,512 1x1,2048 1x1,2048 | 1x1,2048
1x]1 average pool,1000-d fc,softmax
FLOPs 1.8x10° [ 3.6x10° [ 38x10° [ 7.6x10° | 11.3x10°

Figure 3. Structure diagram of the Resnet model
3. Resnet 1 RILE#[E]

2.1.3. ResNet [ R 3E

ResNet # Bt R Z 0% N . Sy, JF3d A Skip Connection JE B ZE %%, SRV ZERE, X
4 R, SN x 3 2GR, SRIFRFERE I 5 gt F (), PR PS5 x BT B 1 iniZs 5,
PAF G I H(X):

H (x)=x+F(x) (1)

Residual mapping fi FJ2“ 2 7, it 4t H)-4A x, BT LR ZE SR FOOER 7. F(Xx)=H (X)-x
B ZE WL, FARAR L HOO)BE 8 5, BT DU FH 3 22 X 285 1 24 2% 21 1) B AR AN 2 S AR g H() R A S g X,
AT 2.

R T AEEIAN x Sl FORES AT I E, FFEHIA x [1) shape 5%t F(X)[1) shape 5848 —%. 4
i\ % shape AS—S, 38 H 5 R 7E Skip Connection i A x #E{T 5 FRAE, {#3L shape S
i F() 11 shape K/h—2, W R & 4w identity(x) B8 2057, HoA identity(X) 48 K 2502 1 x 1 G IEH,
FEAE height A1 width ANAERIESL T, TR IEIEEL

Fo
& g
H)=F()+

% E) W=FG0+x
" , & ReLU= §=3 /" ReLU

N N

a S

(98] (98]

> >

(98] (98]

N— N—

identity(y)

Figure 4. Residuals module
& 4. RERIR

K5 XTEL T 34 IR Z M 2% . 34 R mIR BEM 2% LA & 19 R 1) VGG M4t nf LAE H,
ResNet JE Il Fi R E AT NTE IR ZE L%, IER] T BRI ZE, Rk T IR Z AR 22 0 2% AR 2 SR UM
FERRIEBLG
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Figure 5. Comparison of network structures
5. MBLEHELER

22. BT REZFIWEE CT 27

BHRRDIRE: WERPHRBENIER], £ T WA B AR Z it CT S48, I e FL A i
(RIFLER, BB ER ITiAD i mT S il 8 90 N o

2.2.1. BIBEKRIE
AT5 H R Kaggle J 800 i 4cd A, 3£ 6000 4] CT EI%, 3200 338, BIIEH . i F i & A
PEM 28, B—2KZ) 2000 .

2.2.2. BiBGELE

AL LM ResNet #1:0, 7£ Windows 10 x64, hAs] tensorflow2.0 ffj2EA 337 7 —4~LL ResNet
D BER ) UG AR 9 2% . tensorflow J2& H 73 8N L2 e 1 BA 45 3K i (Google Brain)FF & AN AL 1 T e B2
BIFFURIA B it T R R R B 22 S M HTHESE . 155 CT 3945 R 2 DICOM #53X, Mzl 3
TG JPEG JE4E, J HAF— kIR I A0 58 B 02 [ e 1, e E /3 200 CT ALK 6.

Figure 6. CT sample after processing

6. LIBEH CT # A

2.2.3. BBIFEE IS
AT H LATH 3R B 52 21 1) python 35 5 &R, Bl tensorflow 42 47 #0228 2K HESE , FFICE GPU ¥4
5%, 15 HFTEH ) GPU A NVIDIA RTX3070, B YIZHSHEE WL 1 Fix.
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Table 1. Model training hyperparameter configuration
%= 1 EENIGESHEE

ZH WEE
It & K /> (batch size) 64
2% 3] % (learning rate) 0.01
AR K (epochs) 1000
Pt %% (optimizer) Adagrad
195 B % (1oss) e
dropout 0.3
IR IR EL 4 KRR F %

3. CT EM&IR B B 48 M fs
3.1. CT B&iRA&ERHE

AT H 1%k % kaggle e b B A RS B VRN CT SUARRIR AR IO FEA . CT A2 — /N S 2 bl 2 22
W B 5 IEW AKX, — B R, BHREEX @ el 5 8 & A i Pl 48 o SEBRIGIE ) 45
SR YIRSy H it 28 FE 5 (R HERR 2205 31 99.98%, i & S bR H 7 3K (14 7).

batch-accuracy Verification accuracy

virus

3
(=}
1

bacteria

accuracy(%)
2

w
(=]
1

I
=)
1

normal

B normal
Bl bacteria
304

I virus
T T T T T T T T T T I
10 20 30 40 50 60 70 80 90 100 0 2 20 0 0 100
batch classification(%)
Figure 7. Image recognition model accuracy

7. ERIRAMRE TR

3.2. CT B4k

Xf CT SR HBATHRRG, BORHAE BRI . DL CT BGOSR, RN & IEH . Re L 40
SRR TG, FEER A S AT WoR, FLVRAIREAS ILIA 8.

ME 8 ATLLE Y, CT ERIRAIRE A8 =, 70 & (@) 15 B AAE Ay (b) 2 i ¢
SRRER S (YR EENT A S RIRE Fr . ARG P TKAE A . (@) AT DA, IR IKFEASHR R IEH K
filiel CT 5248, eSS E#SE 0.99, MANRE(JLR)AHEE(LH)HAZ 0.01, 47— EIRZTE N
T EANRIESR S ISCARTT . ()T AR, R PIKEEAHR R AR R ) CT B, BRI
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T E A 0.01, AMEAIMEZRHAZ 0.99, MHAFMMERZ 0.01, £ —EREMEL T, SRR
SO ) RTAE 1, XA EM 10 CT EE, e 1RSI TS E AR 2 L 0.01 K
FRE(HEZE). 0.01. 0.38 MIAHE(MER). LLAURTF(MER)EZ 0.99, fEA —ERENELT, EIrm
SRS — W,

JIti ¢ 973 B A0 5 R IiTi 9 95 B A &5 R

B (B -
0.99

i A -
0.01

iR (%) -
0.01

A (%D -
0.01

(a) IEH HHt 4 BE A
TS 9 95 TR AT 45 R

E% (B : s EH (%) -
0. 01 0.01

s R } i (B
0.01 0.04

M B - ‘ Al (B -
0.99 0.99

(b) £ i 58 S
fis 78 99 15 A5 01 45 2R

ER ()
0.01

R (R . g : JREE (%D -
0. 01 \ 0.04

0.99 0.99

(c) JREENT 2 IR AR A

Figure 8. CT identification detection prediction
8. CT IR AT gk
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4. #hig

ARSOR TN T8 e UM A RIR BE T 22 W 2%, R TR A HERE L RN 3T 58 70 TR B 22 S i,
P —BRTRE AN CT W AR 6. BARGRINERNTE, F1%, SRRIERE, £ CT
WU PR B BT B PR RE R P G CT M EAT KL, AR il [ R 12 i FE ) 3 i 1E JPEG 14,
PPN R FROUR LBk 22 P AR AR R AR R R ¥ CT FE AT BBAR B 22K, HIWTRE R I Se Pt e, g i
HIEWNX AR, FF HIEREX 73 2R 15 R il 28 2 i g Va2 o X — N RARREISAE 20 A 2 4 At R
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