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Attention and multiscale feature fusion for chest disease classification
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2. College of Information Engineering, Inner Mongolia University of Technology, Hohhot 010051, China;
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Abstract: Chest diseases are important in early diagnosis, and the existing X-ray image classification methods have
poor classification results due to the problems of insufficient information interaction in feature extraction and difficulty
in recognizing small lesions. To this end. a chest X-ray image disease classification network FFA-Net based on
attention mechanism and multi-scale feature fusion is proposed. First, the network effectively captures the global
context information in horizontal and vertical directions through task crossing attention module to enhance the
interaction between features; second, the network fuses the feature information at different scales by constructing a
multi-branch extraction module so that its deeper features can focus on the subtle pathology regions identified in the
shallow features; finally, a multi-frequency semantic attention module. Comprehensive experiments on the proposed
method were performed on the CheX-rayl4 dataset, which showed a mean AUC value of 0. 856 4 and an AUC value of
0. 973 4 for hernias; and generalization experiments were performed by ablation experiments as well as on the two
datasets, CheXpert and COVID-19 Radiography Database. The data show that the average AUC value on the CheXpert
dataset is 0. 811; the average Accuracy on the COVID-19 Radiography Database dataset is 0. 956 0. Compared with the
current popular classification networks, FFA-Net has better feature extraction ability and classification effect.

Keywords: medical image processing;chest X-ray; multi-label image classification;attention mechanism;feature fusion
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Task cross attention module structure
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ik XOCRPREET 14 Fhw LB 8 % 995 th 1) — Fh el 22 R 26
A, teAh, A 880 5K X Ot Fr. 984 AN i FUAE I Ak %
SEAL

CheXpert B8 4 : CheXpert ™ % 47 4 2 i 7 3H 48 K
BRI — A KRB A T X WL BiEE. mE&ka
65 240 44 A A 224 316 7K CXR K. £3K CXR &
BAE CheXpert Udln G A bR I T 14 OSSR,

COVID-19 Radiography Database (¥ & : COVID-19
Radiography Database™ $fg 4 th 35 /R K F ik K K2
MRS N DL B RS . 2 AR 9T 51 R B A — R A 1Y
CXR LA 30 4 A2 53 51028 : COVID-19 B Ccovid) |
Jiti#R IR it (lung opacity) . IE % (normal) Fl % 7 1 Jilf %
(viral pneumonia) .
2.3 MBI

1%} ChestX-rayl4 A1 CheXpert B~ 8H64E . R H %
RE TAERRAE i & T 9 M L Carea under ROC curve,
AUCE AT M 38 A o 18 80 K 780K 25 70 28 14 BE 847 5 & X
COVID-19 Radiography Database % 3 5. % H # # X
(Accuracy) . #f B % (Precision) , £ [f] 3R (Recall) , ¥F 5 M
(Specificity) fil F1-50 %t (F1-score) /F JJy 832 14 B8 09 PE A 38
bro BRI AR08 -

TP

TPR = s (22)
FPR — FPI—TO—% (23)
Precision = % (25)
Recall = TPZ% (26)
Specificity = H)iiww 27
Fl-Score — 2 X Precision X Recall (28)

Precision + Recall

2.4 FEESRESHT

AT B UE FFA-Net M2 094 84 M. 78 ChestX-rayl4
B v 5 A A 9 S 2 AT X L R SR

%% 2 N1 ChestX-rayl4 B4 FIK AUC S5 H
bR B X L, v A o B Y R ORI R LS
PCSANet P25 B[ #28 Transformer % B2 Wi 5177,
CheXNet M 2577, CheXNet-FPN ¥ """, TransDD M
25150 DualAttentionNet M %5 #1 Hydravit [ 457, H
F1,PCSANet %52 L)L ResNet50 1E bR AF 32 B, B b i
TR0 4 -3 AR, R 2 IR T A 4 031 ) ) i R S
PR ABAL AR 0 2R A5 BB 2 {5 B Z R I 22 L, 3 8003 283K
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JAAE ; TransDD il CheXNet W 25 55 J& 35 4% 1iF 55 953 % b
BEAEAT I I, DA 3 8 47 AE 5 4R 28 TR 1 S T RE T . B 5 3%
| Bl |51 S T 97 N T DS G O e A Kl =
Hydravit W45 AR A W2 S M 4%, B A EZ A0 [
T8 RO b 5 AT 55 G R X S, (H B B B 2 X R R
B R RRR S FE SR R L RS AN AR IR AR LR e — B R
AT L% B, FFA-Net MZETE 14 BgR EIYSFEH AUC (B R
0.856 4. #8 i H 7 Fp B HXF 14 Fhgmar 2R a8 R H R
[F] F2 B 42 T, Howp % Hernia B9 70 2 0 K i 5, EBFEAS
B/ BN AUC k8] T 0.973 4, B Hernia 4},
AUC 1H & K1~ Edema . Effusion.Mass 2%, 435125 0. 900 6,
0. 891 2.0. 881 0, W] [ L5 BT A 48L& 1 3% JL 922 93 119 ¢

fiE . BeAh 6 FEA E A% B R AE . W0 Infiltration, BEAR
iR 2 (L B A R BN il B 9 R RO A 52, 1 RN
B RMEACIRE AT, A MR AR B A kA, B
AUC {Hik %] 0. 725 1; 41 Pneumonia, H 955 ¥ i fR 4 K, H
KI5 2 B AN 3557, RT B AR A 308 78 A 5023 T T8 530 o
KA AIRIKF 0. 774 2, FEF o B LW AR 19 R
n] G842 1 F i Cardiomegaly. Nodule. Fibrosis £¢ ¥ % £ 5
1% £ 5 Effusion Ml Pneumonia %5 %% %k 7 76 — & 5 B
AR M, Hax s 25 R H A T BN R L 7R IR B — 8
05 24 P R AE AL M AR AT 1 8 5 1), AT L 8 A 1 40 i e

25 L T ik, FEA-Net ™ 4% X} 14 B Ji &5 5 905 40 25 19 °F- 35
AUC At —F T, Bk I8 1A Frdfse .
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Table 2 Comparative experiments of different algorithms on the ChestX-ray 14 dataset

AUC 14
ks PCSANet*  3CHk[25] CheXNet™ #k[27] TransDD™ Dual™ Hydravit™  FFA-Net
Atelectasis 0.801 8 0.820 1 0.742 4 0. 803 0.791 0. 794 0. 810 0.8318
Cardiomegaly 0.901 8 0.9115 0.917 6 0. 922 0. 885 0. 907 0. 904 0.898 1
Effusion 0.8815 0.890 2 0.819 6 0. 857 0. 842 0. 853 0.878 0.891 2
Infiltration 0.708 4 0.714 4 0.684 1 0.718 0.715 0.712 0.712 0.725 2
Mass 0.837 8 0.864 9 0.762 9 0. 875 0. 837 0. 824 0. 874 0.881 0
Nodual 0.744 4 0.772'5 0.697 1 0. 789 0.803 0.779 0.783 0.799 8
Pneumonia 0.749 5 0.762 1 0.596 1 0.752 0. 745 0.716 0. 759 0.774 2
Pneumothrax 0.874 0 0.903 3 0.819 6 0.914 0. 885 0. 847 0. 894 0.912 2
Consolidation 0.804 7 0.810 0 0.716 9 0. 788 0.753 0.727 0. 822 0.822 1
Edema 0.890 3 0.895 8 0.837 6 0.877 0. 859 0.877 0. 882 0. 900 6
Emphysema 0.899 7 0.914 2 0.810 9 0.935 0. 944 0.925 0. 908 0. 941 4
Fibrosis 0.791 0 0. 808 2 0.782 7 0. 862 0. 849 0. 826 0. 824 0.826 5
Pleural Thickening ~ 0.782 9 0.814 6 0.673 9 0.814 0. 803 0.757 0.797 0.812 1
Hernia 0.839 2 0.875 7 0. 890 4 0.936 0.924 0. 821 0. 887 0.973 4
¥y AUC {4 0.821 9 0.839 8 0.768 0 0. 846 0. 831 0.819 0. 838 0.856 4

2.5 HBhEIE

2T VAl FFA-Net M 4% (14 2500 DL K 9 4% 4 4 4
W TR 7E ChestX-rayld ¥4 4 Lik4T T 4 4 alse
56,539 o« Baseline 3 #E M 4% 5 B B TCAM 455 B 5 5% B
MBEM #53 ; B B MESM B, 5 3 fil 552 560 0 75 45 Fh e
UL B -1 AUC {8 55 FFA-Net #E47 H 4, 45 Rk 3
B,

i 2% 3 098 AT 40 L 38 38 76 Baseline | 38 A8 He , 45078 (1
AUC I — & RE MR T NEIRRUR KR E 2 3 MR
Hed A48 L AUC M 0. 829 6 42 FHZ 0. 856 4,42 T+
2. 68% . $E T+ 3 L i L A R R A0 R B R Mg R
FE U6 FFA-Net 4% 76 52 Tt i 35 005 4 JK5 BE 7 10 A '

R, B AR H AT Rl S AR T L BB R TCAM AR,
RS2 AUC fE M 0.856 4 FFEZR 0.852 2, FF&4
0. 43% .9 PR IE R AUC A BT T [ . R B TCAM #LHGE
A A R bR SO AL 7E KT R0 3 EONCAE B g s
15 FE BRI F (R 3 530 8 5 B 38 B S5 Al i
SRR RIS RE ) IR 43 SRS BE s B B MBEM B3, 73
AUC fHM 0. 856 4 FREZE 0.849 9, FREZ 0. 66% , 30 T
11 A B9 AUC . % B MBEM #4585 R FH 2243 32 28 4 i
Al ROBERRAE L I 45 4 P13 1 18 5 AL ) X 56 B R A 0 A7
TEUE A A iR I 4% XoF /0 o UL DX ) SR AR BB T, o T 4
TR (A ) 24 114 R AR $ BRUBE 77 s BB BR MEFSM B, -3 AUC
AN 0.856 4 TIEZE 0.851 1, TFEZ 0.53% ., [AAER0 T

+ 209 -



49 & L L I S

*3 HEXRER
Table 3 Results of ablation experiments

5 I Baseline w/o TCAM w/0o MBEM w/o MFSM FFA-Net
Atelectasis 0.808 6 0.830 2 0.830 5 0.8323 0.831 8
Cardiomegaly 0.892 2 0.902 1 0.902 0 0.898 1 0.898 1
Effusion 0.8819 0.8913 0.887 3 0.890 8 0.891 2
Infiltration 0.715 3 0.724 4 0.718 8 0.724 8 0.7251
Mass 0. 840 4 0.880 2 0.875 8 0.884 6 0.880 9
Nodual 0.756 1 0.795 8 0.783 9 0.792 4 0.799 8
Pneumonia 0.7517 0.765 0 0.768 4 0.769 2 0.774 2
Pneumothorax 0.893 5 0.910 2 0.906 3 0. 906 3 0.912 2
Consolidation 0.810 4 0.822 3 0.8213 0.824 1 0.8221
Edema 0.894 8 0. 896 6 0.901 2 0.895 6 0. 900 6
Emphysema 0.922 2 0.936 8 0.938 7 0.934 6 0.941 4
Fibrosis 0.798 0 0.836 5 0.8331 0.8312 0.826 5
Pleural Thickening 0.781 3 0.8133 0.808 9 0.809 9 0.812 1
Hernia 0.867 5 0.9257 0.9217 0.922 1 0.973 4
AUC 0.829 6 0.852 2 0.849 9 0.8511 0. 856 4

9 iRk 19 AUC 18, 22 B MFSM #5838 5o 384 5 755 45 12 % [FALALAE T .

FRAE IO 2 5 AR A SRR A 1 355 40 Bt 22 L, 76 A8 80 2.6 FRIMIBETHZAIR

5 M R Y ] B AR AR AT 2% 38 DT B2 % 32 S5 A YT 1 i T VA FEFA-Net W % B93Z 1L fg 01, A S5 5 % A
Hrae s, Wt A, F B FFA-Net W45 % #) 3 M H CheXpert #1 COVID-19 Radiography Database ${ 5 & 47
AR PR TH 1k AR 1 R ¢ R0 265 1) A 57 3R I AE R R T A L B Bk, S I A5 R AR 4.5 P .

x4 AEHEEE CheXpert HIBE FHZHER

Table 4 Experiments on generalization of different algorithms on CheXpert dataset

AUC {8
i I 0 1
GLMLL™ LCFL™'  ClassNet™ A  GLMLL™ LCFL™ ClassNet™' FFA-Net

No Finding 0. 863 0. 862 0. 881 0.887  0.861 0. 867 0. 882 0. 888
Cardiomegaly 0. 835 0. 850 0. 846 0.862  0.838 0. 839 0. 838 0. 850
Lung Opacity 0.712 0.716 0. 732 0.744  0.713 0.715 0.728 0.740
Lung Lesion 0. 731 0.718 0.770 0.796  0.733 0.735 0.777 0.799
Edema 0. 834 0. 829 0. 849 0.856  0.837 0. 835 0. 857 0. 864
Consolidation 0. 680 0.713 0. 730 0.743  0.678 0. 680 0. 695 0.701
Pneumonia 0.710 0.717 0.758 0.768  0.711 0.709 0.742 0.760
Atelectasis 0. 698 0. 667 0.701 0.711  0.695 0. 700 0.717 0.729
Pneumothorax 0.794 0. 810 0. 870 0.895  0.793 0.793 0. 840 0. 864
Pleural Effusion 0. 858 0. 862 0. 876 0.885  0.855 0. 857 0. 869 0. 879
Pleural Other 0.772 0. 769 0. 802 0.821  0.775 0.785 0. 808 0. 820
Fracture 0.726 0.714 0.761 0.803  0.726 0.732 0.765 0. 803
Support Devices 0. 846 0. 829 0.877 0.901  0.849 0. 834 0. 879 0. 902
Enlarged Cardiomediastinum 0. 629 0. 644 0. 656 0.677  0.628 0. 627 0. 626 0. 654
AUC 0.763 0.764 0.793 0.811  0.764 0.765 0.787 0. 804
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Table 5 Generalization experiments of different algorithms on the COVID-19 Radiography Database dataset

KA Ty ik T R iR PEREIR: 5 F1-43 %4
Transformer-'™ 0.945 1 0.945 9 0.945 1 0.959 3 0.944 9

Classic .
Network MobileNet V2™ 0.946 5 0.947 0 0.946 5 0.963 4 0.946 2
EfficientNet™" 0.947 2 0.947 5 0.947 2 0.963 1 0.947 0
ChexNet™™ 0.952 0 0.952 3 0.952 0 0. 966 0 0.9518
GLCM™ 0.922 2 0.791 1 0.889 5 — 0.903 0
Popular PCSANet™" 0.946 5 0.946 7 0.946 5 0.964 2 0.946 3
Network PPDL™ 0.942 0 0.951 0 0.907 0 — 0. 926 0
ClassNet™ 0.9511 0.951 2 0.9511 0.969 1 0.951 1
FFA-Net 0.956 0 0.956 1 0.956 0 0.974 2 0.956 0

# 4 NTE CheXpert BE 4 T 0972 13256 45 5 5 HiAfth
FERL ) H g5, Hoop, 5 A 38 AR 10 B R (L UL R . 7R Ik
B B AR R IR A TE B AR 12 R B PE (OO LB (D BOR

i€ (Uncertain) , A~ WF 583495 GL-MLLPY 1 77 1, % W
TR T AS ] 18 S M o A 8 M b 28 1E AT S 56 . O 3R K AN T

SIER 051 5K WK R A 2
,iB A 1. ¥ FFA-Net 4
\LCFL M5 #1 ClassificationNet [

FE M (Uncertain) b5 % 90y £ 47 %
£ (Uncertain) 5 2 814 1E 45 %
S35l GL-MLL 2"
HETAT X L
MEERRR A % F GL-MLL.LCFL 1 ClassificationNet
3R  FE BRSNS T AUC {E¥ 58] T Hefl, 45 35
R 0. 811 F1 0. 8045 4T X 43 MR F - 0 Mg, 78
Cardiomegaly ( 0. 846vs0. 862) ., LLung Lesion (0. 770vs0. 796 ) .
Pneumothorax (0. 870vs0. 895) , Pleural Other (0. 802vs0. 821) .
Support Devices(0. 877vs0. 901) #1 Enlarged Cardiomediastinum
(0. 656vs0. 677) 6 B4 45 M 5 7 . FFA-Net % 2% Lt L
& i B % ClassificationNet ) AUC & 2 2%; 1
Fracture ( 0.761vs0.803) ¥ 5. H H & & it & &
ClassificationNet [} AUC 1H & %4 4% ; £ Lung Lesion,
Pneumonia,Pleural Other, Fracture, Support Devices iX 5
i 6z I J7 T, FFA-Net 9 4% 1 GL-MLL I LCFL
i AUC fH 4y 5% 1 Mg T, 548 W R, /£ Lung
€ 0.777vs0.799 ). (0. 742vs0. 760 ).
Pneumothorax (0. 840vs0. 864 ), Other
(0. 808vs0. 820) #1 Support Devices (0. 879vs0. 902) 5 F ¥
i K W J5 T, FFA-Net [ %5 [ Hoob g (5 ¥
ClassificationNet ) AUC {H & %4 2%; f£ Enlarged
Cardiomediastinum (0. 626vs0. 654) % % K I 4 1 » b H
AL B B ClassificationNet B AUC H & 2 3%, 1M
Fracture ( 0.765vs0.803) ¥ 5. b H o & I & &

Lesion Pneumonia

Pleural

ClassificationNet ) AUC 1H & %) 4% ; £ Lung Lesion,
Pneumonia, Pleural Other, Fracture, Support Devices X
5 B G I T T L BT 4 19 2% [ GL-MLL il LCFL ¥ 2%
AUCH 21 5% . & BT, FFA-Net # It T GL-MLL,
LCFL #1 ClassificationNet 3 P [ % 54 A [a] 2 B 19 $2 7,
FWIZ MK AE CheXpert UHE4E b HE A7 i #8520 43 2611 55
BABIF Iz AR I a1k,

% 5 4 FFA-Net W % & COVID-19 Radiography
Database $(H 45 117 16 9235 45 R 5 F AR BY 1t e, Hor
BEFP AR 0 B DA R, B WK AUR R E
FFA-Net 28 {EXT L6 5250 i 5 T A7 1 e A, 4% 48
WL PR Transformer™™ . MobileNet V25" | EfficientNet"
M GLCM ] %5 PCSANet [ %" PPDL [ £
ChexNet M4 Fl ClassificationNet™ gt it B 4% . H ik M ST
Ho P46 5k i FFA-Net W 28 A8 %8 T H P S A 57 8 ChexNet
TE Accuracy . Precision, Recall, Specificity il Fl-score I & F}
T 0.4%,0.38%,0.4%,0.82%,0.42% , % B FFA-Net
A U R REOCR 5z b RE
2.7 TS

TE S BRI PRIZ e o ARG 00 285 2R 0 W LE BE TE O
Mo DRI K 25 R EAT T AT AAR AR B, SR AR
I T B BT (gradient-weighted class activation mapping.,
Grad-CAMD J5 3677 A5 B kb 5 O #4181 5 3 5k 2% ol 300 At
A, BV IEAlT T 0 45 A 58 A 9 kb 057 T8 1 2% 20 958 0 R ALE 7 T
BIRE ST . &5 JRIR T 8 il M A 95 v 1) o At DX 88 PT A Ak 2
SRR EE A X CXR BRI AR 5 4 B AR
FRRCR AT T X, 45 R R, Frig M4 iy mom 25 28 5
PR B N TR i BE W) & 0 — A2 U 1 92 4 4% 1) 4 A 1
AR, 3K — B R IR B 2% ) R AL 1297
e R R X
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