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Detection method in submucosal tumor based on multi-scale feature
and subspace attention fusion
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Abstract: Computer-aided detection tools can help doctors reduce the situations of missed and false
detections in clinical examinations to improve diagnostic accuracy and reduce the labor intensity of
doctors. Aiming at the problem of the localization and identification of submucosal tumors in ultrasound
gastroscopy, a submucosal tumor detection algorithm combined with multi-scale feature and subspace
attention (MFSA-YOLOV7t) was proposed. Firstly, the small target prediction head was removed to
make the network lightweight while maintaining accuracy. Secondly, A multi-scale feature fusion
module was proposed based on shallow features to aggregate details. Then, the algorithm improved the
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up-sampling structure to retain the upper layer information to the greatest extent and enhance the feature

perception field. Finally, the coordinate subspace attention module was introduced to capture tumor

location and boundary features to improve the detection performance of submucosal tumors.
Experiments show that the mAP, sensitivity, and accuracy of MFSA-YOLOV7t reach 97.32%, 96.99%,
and 96.24%, respectively, compared with YOLOv7-tiny, MFSA-YOLOvV7t has a great improvement in
detection performance, which is improved by 2.39%, 2.75%, and 2.59%, respectively. MFSA-YOLOv7t
provides a more reliable reference of tumor type for doctors in clinical examination of the auxiliary

diagnosis and also provides a new idea and a research direction for detecting submucosal tumors.

Keywords: submucosal tumor; computer-aided detection; multi-scale feature; up sample; subspace

attention
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Fig.1 Network architecture
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Tab.1 Anchor information for prediction head
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Tab.2 Anchor information for removing small prediction
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Fig.2 Flow chart of STC
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Fig.3 Multi-scale feature fusion module
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Fig.5 Coordinate subspace attention module
F = Concat(Fy,F,,F3, -+ ,Fy) (1) Jin = o{Conv[split(fx)]} (3)
f=CBS [Concat(XAngool(}:"g), Jw = AConvLsplit(fy)l} (4)
P[YAvgPool(F))) (2) Fo = FofouP(f) (5)
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Fig. 6 Comparison of images before and after preprocessing
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Fig.7 Confusion matrix
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SIHEHATIAS B . S8 (Params) A HfE 3 32

FPS(frames per second). XTH 1, 2 PR AGKGIN &5

KB, mAP, Recall FIUHERGZE 5426 T 0.25%,
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K 4t 5% B, mAP, Recall £ BE 43 51 32 =
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2, SPHRIKEIEE R LB, mAP, Recall ARG
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5 T AE B 3 B, TR EE G R R 0 i SRR IR
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Tab.3 Ablation studies

THELTT

FL 2 SEEPRTERIE % ARR%  WEREE%  SEGE/MB HEEE
SERIFZE XIS MFFM Fup  CSAMI  CSAM2

1 V 94.93 94.24 93.65 6.02 72

2 x/ v 95.18 94.40 93.88 5.68 82

3 x/ v \ 95.67 95.20 94.59 5.77 78

4 x/ v v 95.25 94.83 94.35 5.72 78

5 x/ v \ 95.99 95.52 95.06 5.71 63

6 x/ v \ v 96.19 95.78 95.06 5.80 76

7 x/ v \ v v 96.97 96.63 95.53 5.99 60
8(A30) V V J V \ 97.32 96.99 96.24 5.83 62
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Tab.4 Comparison of detection performance for different targets in the dataset K0
» TR FETEE S ‘
SRS SFRRERESE HRR R
a b © d a b c
YOLOvV7-tiny 94.46 94.70 95.42 95.14 94.35 92.86 95.02 94.64 94.93 94.22 93.65

MFSA-YOLOvV7t 96.10 96.85 97.72 98.63 96.02

96.48 97.22 98.21 97.32 96.99 96.24
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Tab.5 Comparison of different algorithm in the dataset with

mAP and speed
S I EERIE % I B
Faster-rcnn 91.20 33
SSD 90.83 36
RetinaNet 90.01 35
VFNet 93.92 31
YOLOF 93.61 53
YOLOVS5s 94.49 63
YOLOvV7-tiny 94.93 72
MFSA-YOLOvVT7t 97.32 62

(VA= |3 B Ol A R = B 7B =N | W5 ig Rt R Rl B
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() B AE B, I ELR DU 30 55 o im0 5 kb X3
[F] Fof 0, i i ey I A ) U0 T AR BE o % EU R 7 988
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Jif9gg . i MESA-YOLOv7t B 9K 46 1 i & 15 1 i
S (E 15 G i 8 = 1= R =14 AN Q=R IV SR S R VA
B, HAE LA U IR TR o i i T Ak kT
H, #E—E B MFSA-YOLOv7t 76 3547 K6 i iy
PEWCR R BTN ERG . 55 ok, 38 3k X sk
1) AT A0 Ak B AT 205 b 4 Bl B A6 A I DR v iR A7 PR 1
o9 A ) R 175 12 T

LR

Jig 59

9 AEEEHKMLERITLE

Fig.9 Comparison of detection results for different algorithms
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