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rov‘ SSD (Single Shot MultiBox Detector) algorithm to address the problem of
stric endoscope images. First of all, the max pooling Dropout is designed in the
out the neurons. Then, a regularization technique based on weight decay is introduced
when calculating the gradient of the loss function by back-propagating. Finally, feature

ake full use of image features and solve the problem of insufficient detection of small and

medium-sized objects in endoscope images. The experimental results show that the proposed solution has a good detection

effect on gastric polyps. Compared with the traditional SSD algorithm, it improves the mean average precision (mAP) of

gastric polyp detection by 5%.
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Fig.2 Schematic diagram of receptive field on the feature map
3 Hi#AYSSD(The improved SSD)
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Fig.4 Diagram of SSD+MDWS network model

38X38X 1636

‘ Convé4_3 } } MDFS } ‘ At

o mam [ Bt

19X19% 1536

Qs B SERR AR 3E

ig.5 Feature fusion module

#T(Analysis of experimental results)
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Fig.6 Contents of partial dataset
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Tab.1 Test results comparison of different algorithms in

Hyper—Kvasir experiment

itk R /%  FHW/% Fl-Score/%  mAP/%
YOLOV3 87.44 81.90 85.00 87.44
Conventional SSD 82.06 85.81 84.00 88.47
Faster R—CNN 66.32 89.25 76.00 88.19
SSD—gpnet 84.30 87.85 86.00 90.12
SSD+MDWS 88.68 87.85 88.00 92.23

4.42 CVC-ClincDB#}E&EE

[ “4.27 AN ARER, RECEARPIFBLAL(SSD,
YoLoV3, Faster R—CNN#FISSD—gpnet), F%l4H 41zt
SRR BINGHFRM L P, SRS RME2HIR, 7
Mr#2 P EdE R B, SSD—gpnetfymAP. Fl—Score. 1]
R 51096.26%. 94.00%%15%, b Al AR e TR
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H.SSD+MDWS i B Y22 H14.66%, 4 b Frik,
SSD+MDWS%;;@%%E&%%° 7R T AR
HEN P
ClincDBL % R & 5K M iR 25 R X b

Ta#. W Tes®Wresults comparison of different algorithms in

< C—ClincDB

Hif%/%  HME/% Fl-Score/% mAP/%

YOLOvV3 95.56 66.67 83.60 93.34

¥ Conventional SSD 91.51 75.19 83.00 91.89

Faster R—CNN 97.14 79.07 87.00 94.71

SSD—gpnet 95.61 84.50 90.00 95.13

SSD+MDWS 92.48 95.35 94.00 96.27

B7 s R A

Fig.7 Detection rendering

#5182 (Conclusion)
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