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DL-CTNet Modédl for CT Images Recognition of Pneumonia

Wang Wei, Huang Wendi, Wang Xin", and Wang Longrun
(School of Computer and Communication Engineering, Changsha University of Science and Technology, Changsha 410114)

Abstract: Pneumonia often lacks obvious respiratory symptoms, symptoms are more atypical, easy to occur
missed diagnosis, misdiagnosis. Deep |earning methods can assist medical personnel in diagnosing COVID-19
safely and efficiently. According to the characteristics of ground-glass opacity, crazy paving sign and vaso-
dilatation in CT images of COVID-19 patients, a light weight network DL-CTNet is designed to effectively
extract the local and global features in CT images. Firstly, after inputting the pre-processed CT images, the
shallow features are extracted by two branches of cavity convolution and dynamic dual-path multi-scale
feature fusion(D-DMFF). Then, the D-DMFF module in local and global feature concatenation module
(LGFC) is used to extract local features, and Swin Transformer is used to extract global features, and the
deep features are obtained by the above two branches in LGFC. Finally, the classification label is output by
the fully connected layers. The low complexity and effectiveness of CTNet are verified on two CT image
datasets. The experimental results show that the classification accuracy of DL-CTNet is as high as 98.613%,
and compared with other methods, DL-CTNet can more accurately detect pneumonia CT images.
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2019 4 A J5: A 1) 7 5 PR 5 B (2019-nCoV) 2
WA 4R, Hg| & HY T4 (coronavirus disease 2019,
COVID-19) L ™ H s i 1t A 2 5 1 & J LU e A
R4 1%, 2 COVID-19 5 HI I )7 e e 5L T30
ek SR Tl B8 5 W 2V (reverse transcri ption-polymer-
ase chain reaction, RT-PCR)™M #6101 75 . RT-PCR
I 75 vk HLAT B R S, R A R BN R
VE 2 — WM i 30 B PR, AR I 7 £ I ]
K. FERTESAZKEIN 78, e PR32 8 %) B 2 1
184 11545 ALK 2 4948 (computed  tomography, CT),
X P2k L R G IR 15 55 COVID-19 f 5 | —
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e %5 N\ 51zl COVID-19.

R BB L LML 7R SO . B i
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TR B 2 3 B8 f ——Transformer™ | %248k 55 L1 FH
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Jo7 3 A0 52 45 3 45 HE R B e 4% (vision: Trans-
former, ViT), A A A & 1AL CHGR K&
MEAMME R, LA RRRE IR EL. P28
Transformer ZEF4 (4 1 5 FH T BE 22542 1 51, 3k
18T REESCE. Gheflati 25 A VIT 25
D B A ER A eA T 55 v, I AN [R) A 5080 14 O
VISR, Chen 2Rt —Fhgl & Transformer 5
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S N BUS T R A RO

AR, P25 B TN CT EE K
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PEAN/3HT COVID-19 78 CT EMGH B ERE,
H ResNet™, InceptionV 321 X ception™ i 3 Filifi
AP COVID-19 i) CT EIM%, 3k45 T Bl iR Bk
. Alshazly 212342 1 CovidResNet Fl CovidDenseNet
X 2 Flt CNN B, AT TS A [l 48 2 ) (g A% o
3, AT EXT COVID-19 1 CT BUZ RS Wik fiE;
Fan 253 —FP LT Transformer B fl CNN #5
He iy 147 Ao 2B Trans-CNNNet, 525485 S 32
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LT B 4 CNN A1 Transformer #5271, 411 ResNet!?,
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He ZRUOE RIS iz Fl— i 25 10 i Bk R 52 42,
S TR ResNet A5 : Huang 2518145 1 3t
TR DenseNet A7, 3 i fRAF 5 kD
SR ST R, BB SO G R T 2K Y ],

SR, T CNN AYEAZBF A RR, AR
PEURRAE Z [ BE B AR ¢ &R . L 4F oK, Trans
former 444 ok o) bl oz A 2 H S P v 4R, 3
FhEET B B L A 2R FE R 53 AT S5 v B
WS T5 CNN ARYRYZE R 5651 CNN
ANIA), Transformer 19 F 22 S AL AT LASE BE G 1)
A FEEER I, L, MOk Z TR A RO T
BT Transformer BUARRL, LIPSEH Tz, &
SR B HLALBE AT 5. Liu Z B AHE )
Transformer FY3E FHPE, 20 —F0 R FH T B HLALE
S TS, I 24 i B A
(shifted windows Transformer, Swin Transformer).
Swin Transformer 7E4f s | A% H 2k HITEE
JIHLH (windows multi-head self-attention, W-MSA)
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COVID-19 TEfli#R CT FAZ H B & 2= HRAF Ry Ji
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M B A E s AR B 0 A i e I 4 P
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Fofr 4780 8y ek AR IE 2 PR 21 (S b
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b. A1k c. MY 5K

MAFAES 3 ) fE R, COVID-19 fY CT K%
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W, ik, BT CT #41 COVID-19 4r2K4T15%
A5 7 BRI ) JR RN 4 R RRAE AR B i

X UL LR, ASCEEIA R CNN 5
Transformer 22442 2 Fidh: ZhBRUEKHEZ R
FEHRAE A4 (dynamic dual-path multi-scale feature
fusion, D-DMFR)fiHk, Rk 4 R FRfiE DF 2 (local
and global feature concatenation, LGFC)#Ht; FE I,
Feah b, 32— A8 G R OR 4 R REAE 1 iR
IR DL-CTNet, 5K 2R, Hr, i
WPRIE Y CT BIRE e4id DL-CTNet 55 1 )2,
Rizsi 2ol 2 2GR, LI m sz B . £
HRHEE R, SRE40T 24> D-DMFFEH, DUfi42
BIFAE B MSE R, H& 3 ES LGFC 4
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SEHE L mAmEEc 144
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iﬁ/\ﬁiﬁﬁm ...................
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BATHRWSH xSy, HESH ] UEsih
T IE BRI, AP RIS S RSy
A BCE R P R EE AR AP, LAJR TR SRAE.

@;élﬂ—ﬁémﬁ—~lizg

SRR A
f=c/2+xl, k1=1><1 f=c/2+x, k=1x1
s=1x s=1x1
I3 —1k, ReLU6 #itJ53—4k, ReLU6

(h, w, % +x]

AR EAR WEBH
f=c/2+x, k=3%3, f=c/2+x, k=3%3,
s =yxy, ZS N2 s =yxy, ZSAZ N2

HIH—4k, ReLU6 HtIF—4k, ReLU6
AL g wl iy Sy
y y 2
y
f=cl2+x, k=3x3 f=c/2+x, k=1x1
s=1x1 s=1x1
#tIH—1k, ReLU6 fitIH—1k, ReLU6

L—» BEBLEEs o7 «J

h-1 +1’w—1 +1,% 4x h1 +1,W1 +1,E 4
y y 2 y y 2

Piﬂﬁiﬂﬁ%
y y y
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—ZAEHZE, E B ERTHEREE g, F
BRI S, JEE BER G EE R E . ERk
iy A RRAE P AT R AT — UGE B TR PR, Al GE 7S 4l
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DL-CTNet () F#itk,

2.2 LGFC &k
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SEE YIS (. d)
(h,w,c—a) T
D-DMFF Swin Transformer
x=0, y=1 R
\_>€> (h, w, c—a) i
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hxwxa, LA TAELZE Swin Trans
former A3k, FIFH % 1 H 2 1 HLH 56 B4 R R
fEFEHG RIE & — D A EHZEEERIEE S,
e Ja &ad — MR 20 22K 2 B2
)2 R 46 25 [ RRAE, B2 S RRAE PR IR, 1 S
2 HFIEEI TR hoowx (c—a), 23 4 3IA
BRERE T D-DMFF Bidk, DIgk 2522 > 58 iR
FRIESEBOF R4S ME . (2) ¥ bk 2 AL FHE
PEHCE 0 R AE B SE AT 0GB PR, S EIE AR
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ZAT, XPRRIEE AT IR R, PR FFRRAE ] P 4538
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23 BRBESHESH
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g 1, WA S H U Py FITTHER I Fyq 205000
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FUOERUES 1, W= A S50 By, FITA R Ry,

H

>
E;E

Py =d xk? 3

Faw = Ny x W, x d. x k? 4

B i N CREAE RN LD R AR TR B R N 18

hxwxd , ic JARFE R G FE R AR 2. 2ok H

Swin Transformer #EHe5¢ e 2, Hi, W-MSA

R HOR/N R, 22 FIHL (multi-layer per-

ceptron, MLP)H 43542 2 I N EZEFE Ry 4xd , W
PELE SRR Py FITHE A By 23010

PSNm:12><d2+2><r2><d (5)
Fauin= 12xhxwxd? + 2xhxwxr?xd (6)

B ARFIEE B RN A hxwxd , Fi it REAE E
a@jvJ\jangEVx(dﬂs), R T B I 2 2
# 3. #RA LGFC B g i 3, ik 1
FEIB R R a, Swin Transformer #3504 n,

U )~k @) T A1, H i 1 7 fy 2 Hcht
Plor, - AT Flope, » WBHERE 2 PrE 058

L Rerc, A FLere, iyl
Rore, = nx(le aZ+2xr?x a)+a2 +16xa (7)
Florg, = n><(12><h><W><az+2><th><r2><a)+
hxwxax(a+16) (8)
Rlorc, = 4x(d-a)” +36x(d-a) (9)
Florc, =4xhxwx(d —a)2+¥x hxwx(d —a) (10)
H2(7)~20 (10) AT 411, LGFC ML 52 jiU AR e 3 7
P B BRI R gee AL FLgre 20514
Plerc = (12xn+5)xa® +(2xnxr? - 20)xa-
8xaxd+4xd?+36xd (11)
Flere = (2)( nxr2—-8xd _sTij hxwxa+

(12><n+5)><h><w><a2+4><h><W><d2+

%xthxd (12)

AR 4R 3xBhRUEEFSE L 3, it 4

PR R OB (d +16), 55 1 2B
kN 2, Hid 3 BAKRA 1, MR,
e B BHRE Py, T HE Fogng, 43310

P

Co

va, =36x d? +1008x d + 6912 (13)

F —(9><d2+252xd +1728)>< hxw  (14)

conv3, —
IR QD) ~X 14T 5, AXF TR 4)2 3x3
PREBFYZ, R LGFC M 5E i A8 e 3 iS50,
Wi Ay (B Pynys, 5 Rore MIZEMH), LARCT 30

Dt A (D Foonys, 5 Fuarc FI221H) 52581
4y =32xd?+972xd - (12xn+5)xa’ -
(2xnxr2—-20)xa+8xaxd+6912,

A =[5xd2+ 8% 41728 |x hxw-
FLGFC 4

(ZX nx r2—8xd—%3j>< hxwxa—

(12>< n+5)>< hxwxa? .

B T FH AW st 0 K/ e ¥ 7, B4
LGFC #iedhiy h,w, d, n, a ¥k & aAs &, Hka]
RAGEBRASHORA 1 4 SR 40,
WERME 1 Pis. ATLIEH, DL-CTNet H1#Y 3
A LGFC BEHRXTRIf Ay FlAe _ $9KT 0, $iW]
L GFC i n] 5 R0 b P AR AR 1) 52 A 3

#1 B LGFCRRMWSHHLESHERDENL

{EE . %
LGFC-96 0.40M 230.96
LGFC-112 0.51M 64.70
LGFC-128 0.63M 16.80

Y 3 At DL-CTNet RS 52 % i, A S ik
SEYGINR T A AL S — BE R 2 S B AE CT 4328
TIPS HCR 5iTE R, RmE 28R, Hh,
Wk A B RSF ol 224x224 4 % . ol LB
DL-CTNet 15 5 14 53 % B e {IG T~ — 26 28 3 1) Y% 122
CNN %1, 411 VGGNet19 , ResNet50, DenseNet121
&, WK B i se it AL B AR AL,
Swin Transformer-Tiny, ConvNext-Tiny; 5% &%
FERIAIH, DL-CTNet f93H5 & & ShuffleNetV2 [
269%, MobileNetV2 [ 127%, ifij ShuffleNetV2 F
MobileNetV2 ()24t 53 %l & DL-CTNet [ 605%
5 1062%. A, DL-CTNet #5751 B AT 845 1) 52 2%
B, JUHRAESH R 7 T A R
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%2 DL-CTNet 5—&REFIERPE L ENTLE

el THEE 316
VGGNet19 19646.97M 139.59M
ResNet50! 4119.88M 23.51M
DenseNet1211*% 2881.60M 6.62M
ShuffleNety 2] 147.79M 1.26M
MobileNetV 2" 312.85M 2.23M
Inceptionv 31?2 5729.24M 21.79M
Swin Transformer-Tiny!® 4495.90M 27.47TM
ConvNext-Tiny! 4466.01M 27.82M
DL-CTNet 398.19M 0.21M

3 SWERDH

31 HIEEKE

AL ] 24T VR CT B4 (1) HE
&8 CT K14 3% #r B¢ ¥ (China consortium of chest CT
image investigation, CC-CCIN%iE 413, F T DL-
CTNet #5578 ) 31 fil 55 56 FA Z0H: 30 00E 52 555 (2)
COVIDXCT #5412, 1T DL-CTNet B (1A 3L

PRI IR FESL . R 3 Fnh bk 2 M EEER
CT BURHEA S i TE L.
#*3 ZRHBEBEEHANFHER
IEIE S s REAR S
25 B
COVID-19 638
cc-cclitd 3 i 1392 4658
EH 2628
COVID-19 94548
COVIDXCT® 33 i 4¢ 40291 194922
¥ 60083

M CC-CCIl %% 9z 4 b Fifi #L 3% HC 531 0E
COVID-19 FH¥ERG . 1147 13X 3 fifi 4 151 1% Fn
2212 W IE# EGAE IR 4, AR 107 iR
COVID-19 FHPEEIE . 245 3 fiti 4 K% F 416
i 1 5 PR R AE . A SCHE IR Gunra) 451214
HERY T ZE, X COVIDXCT a4 i Il 2 A
8 o A5 30 4, A5 2 MU0 44 L & 88 530 iR
COVID-19 FHEEG . 32896 i i fili 4 &1 45 Al
473838 17 %, HAYH 6018 iiF COVID-19 FH
PEEIMG . 7395 i3 fili 42 5 R 12 245 1 1F 5 E
A RIS . 52 50 B 4R 1938 s Bl il 5 e
. TTLLE ), COVID-19 5358 fifi % 1) CT E525%
E]FR AL 4 v

=) By g
\_)'

.:..‘
E‘iis
ﬁag;’

L&

DI

HL‘::JJ

b. 3 fili % c. IEW
Bl 5 SC s SR A G R

a COVID 19

ARICRFHAMET R A, FEEP, REE S, F¢
S HE S, P 43 By VA A B A e A A 1
MR AR ALY T 1E A %) 1EAE AR (ture positive, TP), i
M5 1Y 1F BEAS (false negative, FN), T 1F & 1
1 £ A (ture negative, TN) 1T I 48 35 1 £ AE A
(false positive, FP), M| 5 M PEAL 8RR AN
TP+TN
T TP+TN+FP+FN’
TP
C TP+FP’
TP
RN
TN
S INT P’
2xTP
32 MAESSHEE
REC 4 25T I 2R AR AT R G R (D)
¥ CT EIMRAE [-60°, 60°) HEATRENLIE . ; (2) ¥ 53H¢
[ E Jy 256x 256 ) 3R ; (3) #EATHILIEY, [FH
YRR Ny 224x 22418 3%, (4) FLIRIMEONT L BEHG 5
2 JFRM 140%.
ST R KRB RL B 4R 2 2] %k 0.001,
Sy ¥ R ST, A I AR Y B ) 4R A 2] R T A
. fin, InceptionV3 4] 4R 2 ) K %k 0.005;
VGGNet19, Swin Transformer-Tiny, ConvNext-Tiny,
MobileNetV2, ShuffleNetV2 25571 3] ik 2 > 281k
}y 0.00001. A SCHR U B REA Sl PR R AT 1) 1)
R, XIT CC-CCI $dmtE, RRLH iz [Ty 150 ¥k
BRsE: WXt T COVIDXCT $dide, 4R I
30 REWEAE. RINPAERISOHR R, SRR R
FH Adam Efb#%. SE5F-F5 8 Ubuntu 20.04.4 LTS 4
£ & 4, Inted(R) Xeon(R) Silver 4214 CPU @
2.20GHz, GeForce RTX 2080Ti, CUDA 11.1.74,
CUDNN JiASH 8.0.05, HRIFAHAHELL S Pytorch,
JIT A AR AL N 25 a7 ] — P B PR T AT
33 EREBFUMMIESERS
DL-CTNet #5581 i 4= o) S5 A 42 HURE 1 15 25 T
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LGFC #iHerh ) Swin Transformer 3, 1fii Swin
Transformer 58k (4~ %23 52 i A5 AU (1) Ve 5 &2 4%
BE. b THiE 34~ LGFCALH I # 1 Swin Trans-
former BEHR A4, A SO T 9 MBI (RS 1~
BEAL Q)R Ry BRA, 1Z 40 1 45 S BEALBR Swin
Transformer HIH AN KA R LLAN, HAth i B 5
DL-CTNet #H[F]. i LGFC-96, LGFC-112, LGFC-128
X 3 MY Swin Transformer BN
X, X FlXg, SRR SERE . B
CC-CCII FHi4E M UHER R ik 4 k.

Z* 4 Swin Transformer fRiRSCIG£E R 3FEE

B XX X R S ERE%
1 1 1 1 368.33M 0.17M 92.057
2 1 1 2 37467M 0.20M 91.016
3 1 2 1 380.42M 0.18M 91.536
DL-CTNet 1 2 2 398.19M 0.21M 93.880
4 1 2 3 399.12M 0.24M 92.708
5 1 2 4 400.03M 0.26M 91.927
6 2 1 1 416.70M 0.18M 93.480
7 2 1 2 423.04M 0.21M 91.536
8 2 2 1 428.79M 0.19M 92.708
9 2 2 2 43513M 0.22M 91.146

MR ATFTLIE 1, TEEAFET71H, 10 AL
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10 1 90.625
11 2 92.969
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13 5 93.750
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ShuffleNetv 212 92.448 92.258 86.318 97.062 92.315
Swin Transformer-Tiny!® 93.099 93.349 85.595 96.317 92.690
ConvNext-Tiny!*! 88.542 87.877 77.499 95.617 87.860
DL-CTNet 93.880 93.764 88.341 97.679 93.750
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Net121 i 7 HEff 28, HASIKT DL-CTNet 2y
1.562%, H&EZ2EHim T DL-CTNet, HS%&E
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Transformer-Tiny 2545 A1) .
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255 B
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CovidDenseNet!?® %3 fili % 1247  82.87 1.44M
EH 758
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CovidResNet!®! 98.079 98.104 97.905 99.130 98.079
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Sohan 2420 94.376 94.694 94.431 97.489 94.451
Cohen 4[24 98.273 98.294 98.364 99.239 98.278
AL 98.613 98.614 98.507 99.261 98.612
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