2024 65 8 . .
F435 FELH B 5 H &

DOI:10. 19652/j. cnki. femt. 2405922

ETWNEEENVEH R EFRIERBS S HE CT
BgaRTE"

R R KL KEF BEE
(O.ZHA¥EEF¥KR B 650500; 2. EHER A¥E —WEER BYW 650032)

o OE TR S BTG AR T — R TR A T A R R4 e 23k A R I PLEI B DenseNet-121 45
B AT REAS [ I G TE 2 AT XA, AR5 SR AT A BRI 2 0 A5 B 92 BT R 280 1 AR AIE 4 R B I % 414 2 T R A ) L A
TSR P68 . IR o VR N S8R 199 25 [ 6 S 5 vl A J2 o8 AN ) RUBE 149 R AIE BT BF 4 de ok DA AR TE = i Zs R B . Bb A EE AT
i a3 HER C BEMRBR B2 28 AR R 5 3] L, 51 A Focal Loss 41 2% bR, 18 75 455 B 78 I 25 1 58 % 3 700 43 28 i R A<, AT 35— 25
BB R 43 2868 T . TR ITVAAE R SN 2 i B B L AT 3R B T 88, 28 Yo i AR . AH AR TR AR DenseNet-121 7EHE
% A [ SR F1 4080/ Kappa 2BRE T 4. 65%.5.08%.5. 82% 5. 45 % F1 6. 38% . SCUR 45 MR 1% ik HoA 4%
AIE B2 TAE 7 55 F 53 2 vHE A 3 i A AR

KGR ¢ 0] MR I 5 TR 25 ) 5 3 B ML DenseNet-121; 5 43 % CT B4

RESES: TP391 M ARIRED A ERREFERSERD: 520. 6040

High resolution CT image classification method for interstitial
lung disease based on dual attention mechanism
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Abstract: In order to classify interstitial diseases more accurately, this paper proposes a classification network based on
deep learning Xi, which first combines the multi-head self-attention mechanism module with DenseNet-121, so that the
model can focus on multiple key regions at the same time. Then, the convolutional attention module is used to achieve
more efficient feature extraction and spatial perception capabilities, so as to improve the classification ability of the
network. Finally, an improved spatial pyramid pooling layer is added to stitch together the feature maps of different
scales to capture richer spatial information. In addition, aiming at the problem of category imbalance of high-resolution
CT image datasets, the Focal Loss function is introduced, which makes the model focus more on the difficult samples
during training, so as to further improve the classification ability of the model. The proposed method is tested on the
untrained dataset in this paper, and the accuracy rate reaches 88.28%. Compared with the original DenseNet-121, the
accuracy, recall, precision, F1 score and Kappa coefficient are increased by 4.65%, 5.08%, 5.82%, 5.45% and
6.38%. Experimental results show that the proposed method has the characteristics of strong feature extraction ability
and high classification accuracy.
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Network structure of DA-DenseNet
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Table 1 The specific network structure of DA-DenseNet
%t DM-DenseNet 45K DM-DenseNet
Input layer 7X 7 Conv o 1 X1 Conv
Transition Block3
Pooling layer 3 X3 pool 2 X2 pool
1 X1 Conv 1 X1 Conv
Dense Blockl 3X3 Conv| X6 Dense Block4 3xX3 Conv| X 16
MHSA MHSA
1 X1 Conv
Transition Blockl CBAM —
2 X2 pool
1 X1 Conv
) . 5X5,9X9,13 X 13pool,stride = 1
Dense Block2 3X3 Conv| X 12 it SPP i
2 X 2pool, stride = 2
MHSA
. 1 X1 Conv - 7 X7 pool
Transition Block2 Classifier
2 X2 pool SoftMax
1 X1 Conv
Dense Block3 3X 3 Conv| X 24
MHSA
CRNEER SR 2 Rl EAbBFEHE AR — 3 —
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Fig. 2 Structure of self-attention
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Structure of multi-head self-attention

Fig. 3
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Fig.4 Structure of convolutional block attention module
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Fig. 5 The structure of the channel attention module

and the spatial attention module
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Improved spatial pyramid pooling structure

Fig. 6

FARRAE Ry i 5 — 2 45 T2 R4 3% 42 2 w0 A B0H
) SPP 4544, %t il i &% )5 — B B0 £ 2 R E E #1738
TE K R R R RS R AR I 2 5<5.,9 X9 LB 13X13
AN TR NI 53 S AS TR RS 1 A, 9K I o 41> P A% 2 AT 0
RUMACIRAE AT B S5 R BEAT PR . B 1 DR 405 10 ¢
HE P 1 — AN B K MaxPool 2 #F 17 1t 16 38 4F, X 4~
MaxPool JZ W K/NK 2, 25K 2, AT i 45 455 70 e 6%
7] A Ak 2L A FH AN [ RBE ) R AR S
1.2 HEE

AR SCHUHE B 8 T R WY R B R 2 4R 1k 1 HRCT B8
e Gl T RIER RS —WRER . s E % — A
RERE . RIS — N REE B H 2 B Be Fi B B 1 4 22 B2 e
ELZREBEWEID 2R E ALK 3 FhA R B 1Y A
M—ZIEH XA, A 4 A5, 35 B[R] 5Pk i 48
(usual interstitial pneumonia, UIP) | 3 45 55 M [a] 53 14 il 46
(nonspecific interstitial pneumonia, NSIP) | #l b ¥4 fifi %
(organizing pneumonia, OP) Fl1E % X # 4] (Normal) . %
BOE SR AL AR 180 45 FAE B9 26 918 sRTAREIE .

AR R E R 62 2 2 R BIE4E . 80% I Tl
RN AUE - 20 %6 FH T3, [ i o 4 25 09 B0 1 500 A7 6
DIPRIE R U] B Y HL B 6 ¢ 2+ 2, Bl 4 80 o B A A
g ME 2 PR,

Hh BB O T



20244 6 B
F438 FHH

®2 BEEUS(MR/EE)

Table 2 Data set division and distribution (slices/patients)

UIP NSIP OP Total
I Z4E 2 680/23 3 655/30 3 424/26 6 324/30 16 083/109

Normal

UF4E 954/8 1251/10 1 142/9 2 107/10 5 454/37
mak4E 907/7  1226/9 1140/8 2 108/10 5 381/34

Total 4 541/38 6 132/49 5 706/43 10 539/50 26 918/180

1.3 Focal Loss if #{

BEXT 2243 AT 55 v TR 26 Tl R A B0 O 2 8 G A B
R B8 T B A 0] 2T, A SCE i Focal Loss fE A2 iSOk
Jib BRI 8] B, T PR SR R oA A AR 4R ok Y
B AU REUARUE: 5 7 28 SO 2% pRBCRY Btk . 7 B An ke
I3 ML SE AT 55 7 o B T 1F S0 RE AR RSP 167 114 0] 3, 1%
G510 32 SR A0 2R R BOTE 1 TG TR A 280 X 85 B AT I 2
MM Focal Loss M iH# R g & N TP x — R 8, i
Ik PR R (BT A5 A5 AR TR AE I 2 ek A R A8 T Jn OC
TR E LA 43 R I AEAS N8R TR Iz kR F7 . ot
BN

Lee(p,) = —log(p,) 9
K. p, ATMAEZR KN, Focal Loss 7E 38 X 1 5% o6 %L
FEERE EBIA T BE RE o, B AL T4 1F FUREA AL E
TSN F (1 — p,)7 (y=>0) P8 5 4 BB A R 432
AR HE, 285 LR A S T focal loss, Hil 5
LU

L,=—all—p)7log(p) (10)
Kbep, RN T 5HN N EITTRE ;s p, BB /3 28 B
Mo IOPRBEANBET AL LFIETIE
TREA I IR, PRI AR SR AT 5 W SR il DR A AR 73 2R
83457 1) i)

2 KBEREHHN

2.1 EMIER

BT AR Z 4R E S5 R BET R AE N 16 bR
25553 F 5 —, R L %k BUME B R Caccuracy) | i B 3R
(precision) . A 3 (recall) \F1 43 %0 . IR V& H % (confusion
matrix) Ml Kappa R HAE AN fEbr i & AR A Mg, Hop
Kappa £ ¥ FI T 7 5 008 7 2 45 1045 B0 T 45 30 174 i o)
P . Kappa F 5088 K AC F A58 70 9% 701 I 2% SR b 28 1) — B0
8 e o R ) 1) P A SRR o T AR L
XanF.

TR 8 0 T 45 78 1 S 08 4 L 2 2 A% IE T 23 2K 1
FEARE BREABZ I,

Accuracy = P +”II:§71’£§+F7\7 1D

R % 48 23 ST B 19 TE R AR AN 40 K 4 ) 8 E
FEA B REA A BB LL ]

Hh B O T

g 9 D&

L TP
Precision = TP L FP (12)
BRI 43 2 0E A 19 1 R AR A B D OE 9 1E AR

A EE B
TP

Recall = TP L FN (13)

F1-Score {ELAE /2 K5 ) 2 A1 49 0] 32 B 8 7P 24 (.

2 X Precision X Recall
F1 Score = 14
—eore Precision + Recall C16)

Kappa Z 80— T — B 5 A 45 45, o] LU
TR R RCR
po—Db.
1—p.

2 (E?u X Efk.f)
p“ _ k=1 r*]l, - i=1
(2 21‘4)2

. TP (true pésitive)?@i‘fﬂﬁ‘%E?ﬁmﬂﬂ?ﬂf s FP (false
positive) HHRZE G FIM A 1E 3 TN (true negative) N FRZE 1
T A 41 FN (false negative) /R {UARZ IE T A 75 0,
AR AR A s AR5 p, ARIRVE FERE
PR 28001 3 SR L 04 52 s 5 00 6 A SR AR 1 SR 5 B DA
FEA BB T 2, RoARIRIBEHEBETHITE.

2.2 XBRTFAREER%

AR IS K TE Windows10 & G2 Fl Spyder 4 i % T
B, Intel(R) Core(TM) i9-9900K CPU.NVIDIA Ge-
Force RTX2080Ti GPU Ml 32 G WAF Y- & #E A7 s 14
{fi il Pytorchl. 12. 1 #5 3 W 45 £ &Y J7 4% #2115 5 Python
3.8 WH, AT Adam LA, FIF 158 A
ALK B 25 1) ) 4% 2 50, O 22 S 2 5 22 ) R
(learning rate decay) & & 0.001, B 7 49 it & K /)
(batch size) BB M 16,5 AEME R Hi BN 224 X224, —
AN 50 MR
2.3 EfME&FREIIL

Oh S I B AL R 4 AR SCRE RegNet, Efficient-
NetV2.ConvNet, Shufflenet 1 DenseNet121 F.Ff 3£ fill %]
AT HRCT B4 28 S0 JF 30 SR = PF M 46 4%, B AT
W& PERE ISR 3 iR .

Kappa =

(16)

®3 B

Table 3 Performance of the baseline network (%)

PR Accuracy Recall Precision Fl Kappa
RegNet 83.59 72.09 79.55 75.64 76.67
EfficientNetV2 82.50 77.54 80.36 78.92 75.58
ConvNet 82.13 78.49 78.23 78.36 75.23
Shufflenet 80.99  64.75  79.43 71.34 72.59
DenseNet121  83.63 80. 67 79.62 80.14 77.38

XT3 3 255 AT A, DenseNet121 W 45 78 9) i 450 1

HAARFMEEAR — 7 —
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HIZEE PP AR R BB . RegNet 7 5 W 4515 31 19 B0
PR f WS M, B R BE fE RRAE O 7 M BT
DenseNet121, EfficientNetV2 i 3R & 2 A9 1 GE F1 5% I F
& BT E AT 55 LT B A0 DenseNet121 3 o PE 3% .
ConvNet fEy 28 M1y 0 25 25 1y, FoMERE AR @ (H T e Bk =
DenseNet121 ARSI R PE . Shulflenet W& 3 TR 5
GRS g B S AT RE AE TR BE VR A2 BR A A0 T B AR
POMHAEPERE L AT RE TG L DenseNet121 AHULEL . [H ph ik
B DenseNet121 F fy 5 22 R 2% ,
2.4 ERASEIN SR MBI L0

AT 5 E A SC BT 2 DA-DenseNet A R4, 4 3C X
ILD ) HRCT {87328 Hh it 2545 e 11T 2 38 w30 47
il 552 38 6T B 5 T % T 1) 3 3 0 WL 5 A S 2 s i) L
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R S AL R AT X B I R R R AN 2 O e G
(gradient-weighted class activation mapping, Grad-CAM)
2R AR T 18] 3 — 25 IR A SOy B A R

1) 7 il 52 5

DA-DenseNet i 22 [ £ . MHSA 2 3t , CBAM., i
HE SPP 2 FEF XA A 53 28 O 24 45 (14 I 45 5K g 10 A8 43 41
. BT SIS R T DenseNet121 1 0B 22 R 4%, % HAth
2 AN A EAT I Rl S 38 X Bl . LA B UE T £ O vk A A RhE .
T 52 36 Jr (1 P 540 140 e 17 AR 1) 100 50 Ak AR A DA AR
UESEH A IEME, 25 RNk 4 B, Hha s TR0 2%
PR RE (9 PR bR . A0 v B L A [ ORE A R L 43 BRI
Kappa ZE0, %248 b5 AR (9 M B PEAl T BR800 M g
A BT A P AR A AR B T BE A ST

x4 HEIBHER

Table 4 Results of ablation experiments %)
ET MHSA CBAM  i# SPP 2 R Accuracy Recall Precision F1 Kappa
NG 83.63 80. 67 79. 62 80. 14 77. 38
J J 85. 93 83.19 82. 87 83.03 80. 51
NG NG NG 86. 32 83. 46 83. 64 83.55 81.06
NG NG NG N/ 87.12 84. 19 84. 45 84. 32 82.15
NG NG NG N N 88. 28 85.75 85. 44 85.59 83.76

MFE 4 7T LLFE K MHSA Bl A DenseNet121
WY PR AR SRR T 2. 3%, Tl J5 % CBAM il
AWML PR T 0.39% . SR J5 i A B SPP 2, Hofk g R
BT 0.8%, & J5 5l A Focal Loss ik R, 25 T
1.16% ., S5 FW, A SCH 7 B 7 HEB R . 7 R R

R F1 80 Kappa 50 EAVEAS T B (45

2) R B H

R T RGAEA SCWF 5E A ) MHSA i il CBAM 1)
B, A SCHE B SE I ECA L JE 4% B T Bl A W 45 3847 52
¥ EERANEE 5 FR,

£S5 FREBHNGHMEEE

Table 5 Performance of different attention mechanisms %)
Backbone Attention Accuracy Recall Precision F1 Kappa
Densenetl121 None 84. 34 80. 32 80. 95 80. 63 78.23
SE 84. 95 81. 18 81. 75 81. 46 79. 10
ECA 85. 84 83. 14 82.97 83.05 80. 41
AR SR 88.28 85.75 85. 44 85.59 83.76

W XoF L S 56 4 VR VA R R T L 7 TR L AT DL L B
XTI AR (Y 23 45 R Hoh AT 02 L IEhR 45 91 0 T A 25
TR VA I E 0 W b WL 5 ) R0 J 1 4 AN T] ) 2K 010 TR 9
—il,

A Grad-CAM £ 1] A6 A0 78 e 58 /9 $4 ) [
PEAT 9 2% g AT BLAL , LT i HRCT 41 F 4 WF 26 [X 3 ik
RRERIAE SR, BTy K 8 B . A 8 AT LLA
JF 4 DenseNet-121 3¢ i3 1 fifi #8119 & 43 9 28 X 4k, X
AT ¥ B O TE N FE 43 5 AR A SE BB 9 19 4% 1 ¢
il A8 DX I i) I 2 ST B b O R O E O3 A A 4R
Th R AR R ECA B8 06 1 2 1 95 78 X 4l LG 8240, 3%k

— 8 — HARTMEHLA

BT T8l a T MHSA fi3t5 CBAM 2
Ja o HE A 45 6 T 4R TP T il S 04 s kb DX e, T AR A G i
HAHER 4 e A A MHSA # 5 CBAM J&5 i) M 4% T8
e HRCT I R 09 56 S0 kL X3, & 0 RRAE B 43
TR RI .
2.5 EHMILD BB EFEXE

F 6 AR SR DL K — S A B ST Y TLD 43 2
PEXT H . MRS B SOk, 6 F HRCT B 2098 4 1 Jc i
Sy ISUERR R A 85. 00% , CT EMZ AR 44 88.0% . TEM
HRCT S04 4E fraR 1) ILD i, AR 3207 3 78 038 v 5 1k 5
T8O T LA i AR 5T . A5 53 R 88. 28 %6,

Hh BB O T
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Fig. 7 Confusion matrix for different attention

mechanisms at the slice level

Original
Image DenseNet-121 SE ECA  MHSA+CBAM
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Fig. 8 Heatmap of different attention mechanisms

x6 ARFAEIL

Table 6 Comparison of different methods

AR Image Model Accuracy/ %
k9] HRCT CNN 76. 40
SCiik[13] HRCT CNN 81.70
SCHk[14] HRCT CNN 84.12
cHkl10] HRCT CNN 85. 00
SCHkLS] CT CNN 88. 00

7 3'g HRCT CNN 88.28

35 ®

AR SCHY BT H bR IR IT K — P 24 ) B,
AURE S 1 3 T HRCT BE B 43 M SEELXT TLD 2 51 /) i
Waar2e, XEMATE A WX T ILD i HRCT Y1 5 42K

Hh B O T

g 9 D&

e A T 5 B 8 R AR DenseNet-121 78 fE i % . 3
KW E,FL 4 8H Kappa 2B T 4.65%.
5.08% .5.82%.5.45% F1 6. 38% , 45 RFeW ,XF 1L H At )y
T 7R SCHE A B T U T R LA 1 [ J5 M RS v G
R CT BMEZIrE T 32 BT V)R s kLR A . 72 R &
IR B0 B980T 88. 28 %6 Y I 3k vfE A 2, 7F A 4R
A L I BRA Rz e, KRR T 4R,
T8 AN AL IO 2 5 TR 1 R 1) 1% O T 9 20 55 18 5 B0 O )
JETFWEFT o i — 25 48 T 0 24 B 11 25 45 1 B
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