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Attention steered trapezoid pyramid fusion network for COVID-19
X-ray image recognition

GE Bin" , PENG Xichen, SUN Qiangian, YUAN Zheng
(School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan, Anhui
232000, China)

Abstract: The corona virus disease 2019 (COVID-19) is severely affects the development of society and
economy ,and threatens human health. In order to solve the problem that how to identify patients infected
with the virus more accurately and quickly, convolutional neutral network (CNN) methods are used to i-
dentify COVID-19 chest X-ray images. However,due to the low recognition accuracy of CNN,it is diffi-
cult to accurately determine whether a patient is infected with COVID-19. In order to improve the recog-
nition performance of the network for COVID-19 chest X-ray images., firstly, the attention steered trape-
zoid pyramid fusion network (ASTPNet) is proposed. The ASTPNet can be attached to different CNNs.
The characteristics of deep and shallow networks in the model are effectively utilized. Secondly, the at-
tention steered block (AS Block) is proposed to aggregate the weighted information more efficiently to
emphasize effective semantic information in channels and spaces,and weaken ineffective interference in-
formation through channel and spatial attention. The results show that the accuracy is significantly im-
proved after attaching the ASTPNet to VGG16/19, ResNet34/50 and ResNeXt. When applied to the
self-built COVID-19 dataset, and compared with other CNN methods, ASTP-ResNet34 has the better
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performance. The accuracy reaches 98. 40% (two classes) and 97.10% (three classes). It can accurately

determine whether the infection of COVID-19.

Key words: corona virus disease 2019(COVID-19) ; convolutional neutral network (CNN); chest X-ray

image; attention; fusion network
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(a)

B3 MER X HEF%G: (a) BF COVID-19;
(b) REI; () TWAR
Fig.3 Chest X-ray image: (a) Infection with COVID-19;

(b) No finding; (¢) Common pneumonia
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Tab.1 Comparison results of improvement models in

CIFAR10/100 dataset

CIFAR10 CIFAR100

Model Top-1/% Top-1/% Top-5/%
VGG16 92.64 74.26 91.75
ASTPNet-VGG16 93.72 74.57 92.32
VGG19 92.31 72.14 89. 47
ASTPNet-VGG19 93. 38 74.07 91. 62
ResNet34 94. 21 77.79 93. 36
ASTPNet-ResNet34 95.13 78. 05 94.19
ResNet50 94. 09 77.62 94. 30
ASTPNet-ResNet50 94.29 79. 44 95.15
ResNeXt 94. 82 78. 84 94. 85
ASTPNet-ResNeXt 95.56 80. 44 95.32
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2
= i
0 L ' L ' L Mk
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(b

E 4 ASTPNet-ResNet34 I R IRK A f 2k : (a) HBEE; (b) HK
Fig.4 ASTPNet-ResNet34 training and testing iterative curve: (a) Accuracy; (b) Loss
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M AE = 20 2S5 4R 48 1 2 ofE B R A 22 1. 4500 . ik

W Accuracy B Recall B Precision 1 Specificity _1F I-score
100
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O
(o)}
)
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Performance metrics

88

86 1.

4k, ASTPNet-ResNet50 5 ASTPNet-ResNet34 #f
b 78 40 2R = 43 25 b oE B R AH 2% 0. 80 X6 Al
3.26% I ZEAH2E 16 |2, LR ERM . D 5,
25 M2 TG A YU B X ST % 2) BEGT IR

W Accuracy Bl Recall B Precision ] Specificity[_F1-score
100

98

O
(o)}

94

92

90

Performance metrics

88

86 18

B 5 COVID-19 HIEEFLWLE R (a) COVID-19-625 HIEE LWL R ; (b) COVID-19-1383 HIFBEIWHER
Fig. 5 The experimental results in COVID-19: (a) The experimental results in COVID-19-625;
(b) The experimental results in COVID-19-1383
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Fig. 6 Confusion matrix: (a) Confusion matrix of the ASTPNet-ResNet34; (b) Confusion matrix of the ASTPNet-ResNeXt
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Fig.7 Chest X-ray image of infected with COVID-19
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Fig. 8 Grad-Cam visual images: (a) Output of the Feature2;
(b) Output of the Feature3; (c) Output of the Featured;
(d) Output of the Feature5; (e) Output of the AS Block-1;
(f) Output of the AS Block-2; (g) Output of the AS Block-3; (h) Output of the AS Block-4
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Tab.2 Comparison of recognition accuracy with other methods
Study Model used Number of cases Accuracy/ %

GAYATHRI et al, [ FENN 504COVID-19(+)542No Finding(—) 95.78
ISMAEL et al. 1'% ResNet50+SVM 180COVID-19(+)200No Finding(—) 95.79
i . 224COVID-19(+)504No Finding(—) 96. 00

a1 0171
PANDIT et al. VGGG 224COVID-19(+)504No Finding(—)700Pneumonia 92, 53
. 231COVID-19(+)1583No Finding(—) 97. 23

[18]

Ll et al. EfficientNet 541 cOVID 19(+ )1 583No Finding(—)4 007Pneumonia 93, 49
: L 125COVID-19(+)500No Finding(—) 98. 08

[7]
OZTURK et al. DarkCovidNet 19560yID19(+)500 No Finding(—)500Pneumonia 87, 02
‘ . 125COVID-19(+) 500No Finding(—) 98. 40
Proposed ASTPNet-ResNet34 5040y 19(+)500No Finding(—)500Pneumonia 97, 10
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FE M X SRR % EIRB] COVID-19 3% 38 fili 48 F1
RIRIR 3 AL UE T ASTPNet #3335 ¥
FMSEHEE, fe e S BF L A sh i B i Wi, EZ)E
B TAE R ¥ 4k 22 % COVID-19 M3 X 5 2% 19 ik 5t
PESCARBEAT IS . O B 2 10 IR A — 7 19 DTk s afF —
A0 Ak I 245 1) S5 A8 5 T T 2% A5 TR (12 TR 2
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