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Pneumonia Medical Image Classification Based on Fusion of Local and Global Features

SONG Jia-Hang, LIU Jing, WANG Qing-Song, LI Ming

(College of Intelligence and Information Engineering, Shandong University of Traditional Chinese Medicine, Jinan 250355, China)

Abstract: In view of the problem of incomplete feature extraction and large model size caused by ignoring global features
in shallow networks in existing pneumonia medical image recognition research, a lightweight model based on
convolutional neural network (CNN) and attention mechanism is proposed to improve the recofgnifion efficiency of
pneumonia types. A lightweight model structure is used to reduce the number :)f model parameteré. By increasing the
convolution kernel, efficient channel attention and self-attention mechanisms are‘introduced to solve the problem of loss
of important network information and the inability to extract underlyipg global information. Local and global information
is extracted in parallel through dual branches, and multi-seale channel attention is utilized to improve the fusion quality of
the two. The CLAHE algorithm is employed to optimize the original data. The experimental results show that the
accuracy, sensitivity, and specificity of the model are increased by 2.59%, 3.1%, and 1.38% respectively compared with
those of the original modeliwhile ensuring lightness, and the proposed model outperforms other current excellent
classification models aﬂd has stronger practicability.

Key words: image processing; pneumonia; convolutional neural network (CNN); attention mechanism; feature fusion
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EL BT 95 243 £ A2 3 2 B IR HE T2 32 A58 ) 15 & 4 (1 OB
B 255 TH0mi AR B W — Al F A o i,
It 5 = 2 Bl X A O, R B 5 3] BORAE s il B2 i
S5 RNz, Bl 2RI 2 I R E A T A
IR RTTVE, Li 2 R T —Fh 2 R IERR & 10 %%, 7]
LA AR i 98 AR S99 22 1 P9 AE RRAR S A A H Ay B ik
B3R IR OB AR H A, JF BT AR AR B R A
[Fi 308 T Y 2 S A IE SR 9 R B B R, FE T R o RAT 55
HREAS T B R . Hussain 555 52 7 — R
CNN #=% CoroDet F 2 Fftfifi 42 (111151, BEAT 23R AL
BB EEEE, £ =0 KL IAT T 94.2% K
B RE. TS P B AN AL (1 L, AT T 735 S th A RS
A 51 (9 75 VSR YD AL S B K, Tkechukwu 250

7E ResNet50 1 VGG19 Tl A B4 i) FEfthh b i2E 477k

WA, FEAE FH HOHE 1 iR el B [ A, AR i 8 SR
ORI % 74 B A 51 7, 92%. 53 b, BT 55 2]
TR L e 0% 355 Bl X 2% A R b ) L EE R X
TR U A 17 i 9 Rk X SIS Ok, LR ek AR B S5 1 i
HEEHY), 285 7F ResNet #1 DenseNet (1) 5l
BN 3 AN [FE R AL, AR AN N I 45 2 B0 1
LT R ELFE I 28 LE N IR 14 BI85 003 14T IR, <135
AUC JEF] T 0.818 5. R 55 %% 7E ResNeXt FEAL [y 4
fild 0 N TV R ) R A 2 R R A il 2 KA
A PR AT SR B0 TR AE R B AL B 96%. T AT FAE R A
VT O A 3 3 R A K, o AR B R R g, IR L2
BE T CNN [ 28 FEAIRJZ R = 4 Joy JBs2 BT 11 v i, 5048 0]
ZAEARZ 5 2] B A 5 B E L ok =, i
il 98 o5 SRS AT 22 R, IR DRV R BRI 34 b 4 3
B AR B TR, PR A A HEAf .

B B bR, ASSOR P AR R AR A, & 5 CNN

R E TR ATHUR (VB0 551, B e T4 e 0 50
9 BRIkt B 4 30 47 T, 95
O\ FEVERE ML, DRI U 4 15 0 5 4 R
AESR A0[RI, Y/ 5 2 7 7 WL 5 0 e, 27
I 248 2 (e RS B, IR - S BT 2, (AT
PR 0 i

1 AR

AT A R R A A3 AR R i
P, A SRR i 26 51 10 S0 46 5 0 0 R 45 A ) Tl
AT T RAE AR (downsample) A1 TR HLE
HAFE S BB RUREL (conv block), 1838 X ST
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SRAF AN RO 8 2 BL it Y 28 458, SR 51N
% 3L HVER SIHLH] (multi-head self attention, MSA)™® %
TH 4 R R AR SR OB ER SR I 4 R R RS R, F BT HHRAE
RE RS RS 2 RRHEE B, 55 R Sk
N B L itk 4 4% vh 58 RS 4 . JS SO B 4 R
P Bt el dE AR Y () B A S 1
1.1 EARMEIEH

AR A 2% B0 5 T SRAF AR SR S B iy A
oy, BRI BT HE ] 5)%%%'1‘@ \(inverted residual
block) fIFERH 4T Bk, VL5 MR R T 5 53
i (depthwise segarable“convoluﬁon)[w] FHF 2030 PR AE
SEHL, W PAgR A K& 24, S m i R i a1, R
RFEUEN (residual block)!", 13 T 2 8] 15 B 438,
HVRFE] 4y BB R A AL £ bR T RE M SH, N
Mk 7 — S8 B RRHE(E S, 25 8 2 80E £ B 7
PR, B FRETT Z RN, BRSO IR BEERNGERX
M 3x3 PR HERy 5x5 RIG ISR IR A UK 2 B, $i i IR
24 R R BARIEE ), JFERE B IG, NN & 208
1B VE B /7 (efficient channel attention, ECA) k!
SIS 0 W TE S B A L, R FHIE B A UE R
IE. WE 1 PR, YRS 4 )R AL (GAP)
PAFREFFE, BHHAT RN b B — 4B R A i iE
TERCE, HA O N FRE, ks EE 4 C s
I S 4%1‘15%@5%&@@%@*5%, SEHL
P B A A, 45 B R .

-

K1 ECA #itheimE

B DA b ook Ah, AR SR SRR R K A JE 42 2 (fully
connected, FC) % [&, /518 2240, H 15 &5 5 [ B
JZJE¥ 1T BN (batch normalization)"! 2 R B %L,
T G I S A o RV SR D [ I I AR 2R WA S, 38 R AR AR
AEZE R ILRE /). I3k ZE B 5 Ut B iy an 18] 2
F7.

Ty Ah, AR STAR Y I A 38 i AR TR R s AR I A R R
KB RAER B, BN OP i R BT 5 B X
2, SR B (R ANE B, JF HLR SRPE I 25 B8 5 22 4 s
UGS JE T RFAEAE B AL 38, B DUAS SCAS FH Sl

© TEREBIK R

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



2023 4F #5324 S 113

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

i H AR SN A
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HBRUZ KN A 3x3, FEH TS RAELERE, 38 IR AE
ZRENE, A KAl 2 TR E BT B0 [ 46, 2 BRTT R A5
S AR ST FE A I 45 o B A BRI R SR A A
P X HES 4 IRAF 3, 5 AR T HE B AN HONT L it ] 2%
ZEry & 3 B, 1R W 2% B S NN 4 R S 8 Ak =
(GAP) H 52 LS B i) —HEAFAE L 0 Oy — 4k A B I
B G R AT 0 R PR A S5 R,

Cony 1x1

y
Depthwise Conv

MNe——
=

(a) Inverted residual block (b) Conv block

B2 EPRZEBHANG B

4484483
= FC
| *

MCOnv block 'Downsample Global avg
pooling

B3 B 2R
12 ZLEEED

XTI 5 PR A R BOR UL, KAy X s Gl

-

B 2 T G 1 (X, T GV
X B . O L 5 N, T %3k [
7 TNV £ 4 R 57 3 B B0 R 750 B A A [X 3,
PREL S R HE 5 RN A RS R R 23k
VE R I WL TE B R AU R R R ki, —
FEHWE 4 FR, HPoREE W (query), KRE
Bt (key), VACRAE (value), HIE R W EH Lo 5K .
V2058 SRS B A& R4, BRNT 51
z € RV, fHiff) 3 AMEHEBURERE Yo (W, WE, W)
WNFIIRR RO K VI 3 MR, BIFH 05
Kffaa@%%uigurgfx;a;a_wﬁf%uﬁ@, HHBAS Vi
ﬁb[\ﬂ%%ﬂﬁi%%% BV WU S R R

< Prasd
[0.K, V] =z Ugty, Uty € RZ 0
A= SOﬁmax(QKT/ \/d_h)s Ae Rh'dth (2)
R GRAT RN

LI HIER S RAHEA QMK . VI K ER
L B 2 A E R RIS
Sk 0 AT B AT /N T2 3] WS TR
R R R

MSA(z) = Concat(SA1(2),SA2(2), - ,SA2)) - Upmsa  (4)
Horbt, NN R A, dFR ra%z&k,\dm/r &
1S 4 P R 1 R Sk B, SO A
BB B 4, Upare RSS2 5 (005 GE AT S

R ERE, ZSkAEEIE Q5K VI Z RS HARIGA

Al AR 2R, 5 S BTN 2 BE ARSI
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1.3 £ EfFERBURIR

R T2 3k BVER AN 2 RO OC R 2% 2
RE T HHE R, AR SCPAH AL DT 1 4 SR R AIE i BB
P (global block). HI T HER JIHITHE & 55N 751
A BT T R &R, 2 MR R VB E A P FIN,
e A BORVHRCEL, T H A 1A U0 Vision Transformer
(VIT)! Kt B ) 43 B 22 /N B, 4R 5 P 2 ek
S RN B B — 4 m) AR DN B R TR N,
LA ) B R A B A B, SR S 4= K
SRINAE, BT LN T B, AR SCE I SR o i A
[TV e B, 42 T 47 B AR 28, 952 MobileViT!!
(R JE R 3 4 R R AR SR R B, Refg ik 2 Sk Bk E )

5 ) B 2 6] VA 20 O L 1) 4 JRRRALE, AR AR ] 5

PR,

Input -

5 AR HUBLER

Kl 5 1 Unfold B2 P AL RE, %N\ — My
fiF Ek B X e RIWXC Unfold Bt 22K E XI5
il 5 K/INFIER (patch), FKAE S patch X N B IR R
L, BRI Xy € RPNVXCHE Sy B & I N T

b, FRiE Lt 2 Sk B R I (MSA4) 3RELE RS B

B Xg € RPNXC (R FE W f s v
XG(p) = MSAXy(p)), 1< p<P (%)

e, Ho W B EE IR RIS, P9 patch I/,
N2 patch I3 H, CR4ERE, pe(l,---, P}, Lt FEAE 4
Jafg BRI A S EREB RS MAERE R,
IR EN B 4> Ji 5 B X6 J5 183 Fold AEEL44T Unfold
W EAE R T B Xy € RFPWXC (§ 4545 F 37 B ] JFURRE
K, R E 6 Frw, A 2 RE RN HSHA
HE o IE A G B AT P, W ORIR 2 S B R, Ed
LR 2 B 4 S I8 TE 7] 145 2 A8 L, ak B OGS
BEP.
1.4 $HERL SRR

i1 conv block 1 global block & B E A~ [7] Jik 57 B
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HIRHEAS R, A SCRETHFAERA B 2R (fusion block)
FA T R B AN & R RRAE F i, P 7 . Sl A
B EAS B 1015 JEE I 4 R R AT PR, % IR F S
TP T RS AE 15 B AR A R R RBE R B,
AR S B A [ SURHE 1] ) 25 5, 5 = ) 2 22538
FRAE RS TIRE T, TREFHER I T £ KM
VE B B (MSCAM)!®, %45 B fe FH AN AN ) RS 1)
G332 Sf H B A R A SR SR I BB VE R S, U A
BAGEH 4 o A1 B A R 5 N 4 A 3
it Sigmoid & iﬂlﬁiﬁﬁﬁiﬁﬁ}%‘?ﬁﬁ/f B IERES
iﬁﬁ%%ﬁﬁﬁﬁ&%?%ﬁ

2(X) = B(P(S(B(P(G(X))))) 6)
. L(X) = B(P(5(B(P(X))))) (7)
X' = X o (LX) + (X)) )

Hrp B3R BatchNorm, PR 45, 678 ReLU
BoE AL, GRoR 2 R Bk, gORLX) 73 73 37w
AR AR AR IBIETE R T, XFR M ARHIE, oK Sigmoid
BREL, X7 VR AR MSCAM AR B A3 — 25 o Pt 43
RRAEREAT B L, o (5 B B TE PR AE (S S, AR
fusion block A& i it 2 [ Rl & A 7] Jk 2 B O AE 1S 2
o AR 138 380 5 S X 245

[TTTTITI 1
-
g

L LITTTTTT

Feature map -

Feature map

6 Unfold 5 Fold ifE &l

1.5 1RAIZEH

A LA BB, AR SRR K] 8 FITR, B A
TSR FH AT 25 400 0 4 TR BB DR AE A5 B AR T I I R 25 2K,
TE 3R SE RS AR 5 K NN T 4 JR RS AT B OB B AN 4R
fERNA RS, FE T RFESE . BRI, & R%
TUE R EUBE SRR A il 25 455 Bl 2 4 o 5 T A, L AR 4544
W 1 PR, 4 RFE R IR H o 2 3k | & 15
N FETRAN CNN 7E 1 J2 X 48 K A2 85 /N TE VL SR AS Ja
SRR, T A RS R 58 B B T IR SR 4 SR R
KR T B R EE, 5 300 SRR A Y e 8L A
W BAREUS BIM 4 )R 5 R AE B, 1 L BkERIE R, Be
I KRR FE R /D {5 BB IO A FE R 2 K 1 il 8, A
BCHRE AT My 28 TR VR A 2R
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| | : | Point-wise | Point-wise :
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| | I BN v C/rx1x1 BNV Clr<HxW |
| [ReLU | [ ReLU | i
| . =
: | Point-wise | Point-wise |
| | | Conv Conv :
| |
| |
| | !
! |
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| [ Global block |
| [ Global block
| [Global block
| [ Global block

Downsample

2
(=¥
g
3
:
)

(=]

Fusion block
Downsample
Fusion block
GlobalAvg

Downsample

Fusion block
Fusion block

5 5 %5 5
! = = = | =
E z o 2
: S S S | S
L I I S S I O T
K8 AL
F1 BRI AR COVID-19 F& Bk % (https://cxr—covid(‘9.grand—challenge.
Layer Layer structure Output size Org/) F‘ﬁ 1%)5‘% E,:] i{&ﬁ%, -‘L‘Zﬁﬁ%@% 3{ /I\ﬁ'ﬁi%'é%”, ﬁj\
Downsample,  Conv block x2 ) o e, . 2%, e .
Layer 1 Global block,  Fusion block 112°x48 AR IR R a2 T R R A e, s
Downsample,  Conv block X2 ) ﬁ%ﬁ'[‘%%ﬁﬂﬁ\z /7?,*#;:'\: 21390 FKMHR X 2k lgH%a
Layer 2 Global block,  Fusion block 3696
*%it\:b JPG Fl PNG.
Downsample,  Conv block x3 ) ! .
Layer 3 { Global block,  Fusion block } ¥ A
Lt | ooy Fusion bk b e BRAE W Wk Behk il
— Ve S 7151 4273 6534 17958
KR Gigbal avetggeifool 1%3 MR 1000 1000 1432 3432
g Fl connected Bt 8151 5273 7966 21390
2SI R LR BT DR B Kt /N AN —, D 1 3 BE AR AR [ i g b
21 SRR TR, KA G IE 512x512 (8K, B 0

K82 E Windows 10 B /E 540 F HEAF, 16 BETE G 448x448 1§ & K/ Il FHBEHL KT

PyTorch ¥ B %% =1 HE 28 $4 2 X 4% A % 7 B A 0 e o 0 A PR 0 9, B X i A A e X3
1.11.0, GPU f# f§ GTX 1080 Ti, W7 N 11 GB, fi [ XFEERE 22, o JE AR R 1 0, 188 B CLAHE SR £

PyCharm JT % .1, Python 44 3.8. BEATOLA, HE SRR AE B AR, B B b BT Ja X b
2.2 HIRERHIRETAALIE W& 9 Frow, Bt BB AT 5 — A b B 58 Rl K 4 b

ASCAT 8 HE 46 /2 Grand Challenge b [/ i ISR
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(a) AbBEHT
Ko K ALFERT & EL I
2.3 BHORE SIEKER
SR FH A [ I8 R R 2 ) ) AdamW LA 8%,
AdamW AL B4 T Adam FUEE ZEUR P ELRG, %22 5]
TR, 7] LI T S S IARAN . 532K R AU FH 22 X
R BRI, 2 30 R S5 R B R B 25 2] 3R YUR2E )
FN0.00015, £Flll %k 8 FoJa S R TN AR 0.8 £F,

(b) &F )5

B A HER IS 20 35 B R 2R E

60 %, I B4 1L T 4R B IE (carlystopping),
MR ELL 10 e RURERECR IR LIS, JEOR
2RI A B,
2.4 TEMNIBERR

ASAF A (accuracy, ACC), RIFE (sensitivity,
SEN) R34, (specificity, SPE) iX 3 FiiFAN Fi& br 5 B
RYFEAT VPG . AEERA 224 (1) 2 155 2 TR A R ) it 6 2R AL ()
FEARK S BT A FEARBON B 0 b, REUZ SR 2 A [,
FH S A 2 43t 1 0 2 1) 1 T A5 A 2o B A IR 2R LA,
RS PR B2 R R () B AN B BT R L
i, ‘eI A= (920 (11) Fras:

TP+TN

ACC = )

TP+TN+FP+FN

TP ")
EN= ——©w— 1
SEN TP+FN (19)

¥ B

TN

SPE = ———— 11)
IN+FP

Horh, TP FoR SR, Jy 1503 4 I 51 1
TN o= BB, A IEFR 7 R 5l R, FP R R
FHAE, AR ARG B, FN 2R BIE, v
X o S AR RO AR SEER B 3L 3 AN,
XF =4y RS, AR THE A R A B IR SR T
(macro averaging) ] /7 VR LAY, Jeit A
IPEAT B R, SR F A1 B 0 25 SR A H P
P, ~ns (12)-0 (14) Fror, HHACC; SEN;.
SPE; 7y MR R SEIN RAHER R . R R 51,
IVSESIsE 8
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n

-1

ACC=- Z;ACC,- (12)

1<

SEN = ZZSENI- (13)
i=1

1<

SPE = ~ Z SPE; (14)

i=1

25 LWHERSHH

R T VAR RS A U, AR SR AT R AR B S
SLAR 75 5 5 B0 RO TRIOROR AT = 40 21 L,
M6 (AR f 35 - ResNet50."VGG16!'"), Efficient-
Net!"". DenseNet!"”'¥" MobileViT, FH [FIFE ) 525 7 i
Xﬁi‘%*ﬁﬂiﬁﬁi%ﬁ, SEAG gk R R 3 o, MR
AT DUE Y, AR R . REUE . fRRMEX
3NN FE AR EIOE T DL AR BhAbh, 5 HARRE RN
ROHE TR R AT BB, b Mohan 2P0 2T
Siamese Network #7Y, # FiEF52% > (transfer learning)
F— R P22 2] (one shot learning) 5 2245 & R R4 2k
BR HIONT it 98 JHEAT 4328, DRI S IR AR AR FH o i 3 R0 R
PEAE PP T bR, B DA SO R B IX — Fa b 5 %45
RUHEAT HLAL, 45 AR T %M. Zhan S50 R 1 T —Ff
Z WA TG X 4%, G A P R 5 HE AR A 1 2 (R Rl 4
FIRFAEAR 2., 1% AN F HER R A R PEIN FR AR, N 3
ot EE AT S0 A S I AE R R W AR T %7 . Azeem 251
16 FELEE R 2 57 107 Ve T 50 MBI S 53847 B30
W il 98 34T 49 28 RS VAR 3 AN Fabr B T %
7. A Y R A v A S ST S

A1) AR
K3 BB = REE R (%)

Network ACC SEN SPE
ResNet50 93.47 92.89 96.86
VGG16 92.68 92.27 96.48
EfficientNet 93.96 93.60 97.10
DenseNet 94.84 9436 97.50
MobileViT 94.72 94.28 97.49

MohanZi2" — 95.00 —

ZhanZ1 95.48 — —
Azeem& 94.00 94.00 94.20
Ours 96.21 95.79 98.20

FAh, R T SAERE R R R, AN SCEE R SR
RS HARBI AT 5 SR, 45 Rk 4 FioR, IR
T LLE H, VGG16 AL S 50 fh 5 & K, 1M
MobileViT ZHHTHE BB/, B 73 FRR — M, A3
PEH IR A B S AL B A LEAME SR E AT &
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B, By RRCR MR A A, IR T A SO e AE 4
Jifi 58 VR B 2 14 [R] I CRAIEASE AL P 42 e
£ 4 BBASHAHE LR

Network Params (M) FLOPs (G)
ResNet50 23.5 16.5
VGGI16 442.5 61.8
EfficientNet 10.7 4.0
DenseNet 6.9 11.5
MobileViT 4.9 5.8
Ours 3.6 3.7

5 I, SR FH I il S 56 S 565 E 5033k (1) S it [ 245 A
A, MSCAM. MSA A &1, JF 1 5 40 e sEi,
S SE R 5 Fios.
F S5 THALSZIRXT L (%)

Number Network ACC SEN SPE
® MobileNetV2 93.65 9273 96.84
@ Basicnetwork . 94.63 94,05 97.40
® Basic networktMSCAM | 195.60 95.06 97.89
@ Basic network fMSA 95.68 95.21 97.95
® Basic networktMSCAM+MSA ~ 96.24 95.83 98.22

TSR AR L) LA W 2 15 28 2 7E MobileNetV2 [ {5
B ZEEERE AT Bevh ek, BT RASEER O A MobileNetV2
HEAT 43 R 5258, 15 S0 @ ek i il o 286 450 8 33 A7 5%
L. 5258 @S I @ 73 il 75 JL At ] 28 455 80 i N RRAE

Normal COVID

Pneumonia

(a) Original

Fil 2 R 4 5 R 4R R B R 36 4 P AN B 5 2
e, SEI @ MR NN BT R M R AR S H RS, I
F 5 R T DU Y, 5 5B A H Bk (B R Y 4
3 AMEBRIA ST, TERERIFILE b2 B0 GE Rl A
A R SR I BT 3 MR bRt B B AR T, Y
IINFTA SR R, R U, R 5 M B SR ) 31
PET 2.59%, 3.1%, 1.38%, Ak, AL f# ] Grad-CAM
R T 5 LS8 PR AT AR ) A 2 A
ke — 45 4R e B A A, B 10 R,
PR R SR AP TS, 1 10
T 1, i ) 24 A T P Bl 3047 it
I XI5 SR O 5 1 5 i, AR5 -
VRIMSCAM HIHLE, P46 15 i B AR B, S6i:

U TR BT 4 VR MSA BEUS . 5

MSCAM HEHFH LY, IR 28 X I8 8 1 [X 358 5 o7 B8 n 44
ER . R B S — B R A ST AR i AR ) #4017
O R 2 B[RS0 T MSCAM B Al MSA
RIS, MR [ G X SANE T, T L 5 7 58 v A,
IS AE J 558 () S X 3, MSA BERR B T MSCAM #idi
JETE B ) SR IR B v 1 DX, X 0 4% 53 X gk AT
TR, e R R fit % o v TG PR N AR R, BT
SRR T AR A R

(b) MobileNetV2 (c) Basic network (d) Basic network (e) Basic network (f) Basic network

+MSCAM +MSA +MSCAM+MSA

10 JHFR SR 2R R IR L

3 iS5 RE

AR SCAE A B 22 0 4 FNE = AL el B it
TR G Ay SR AR i R R
HZ W, B A St R R AR R SR ik, i
B RGBT RS2 B, A R P R 00 8
BRURORER R B B B A%, NN BN 2 I B3 i 8L,

I TN e RO 1 R i 3 2 (A A5 S L
S EELEIE N B RIERE . AN, SIANZ KB
BAIIRAN T BRI W AR Z B 2 4= RS2 B f) ik
m JFBETHRHIE RS B R RS AR AR R,
CLAHE 5Lt e dhAT Ak, o S kLR AL SR 45
SRR, ML T A TTVE, A ST IRAE N 98 73 FAT 55
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