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Detection of stacked medical devices using improved YOLOVSs

TIAN Changrui', LIAO Wei', XU Zhen?

1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China; 2. School of

Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract: A medical device detection method based on improved YOLOv5s was proposed to solve the problem of medical

device stacking and further improve the detection accuracy of medical devices. The proposed method uses C2f module to

optimize YOLOvVSs network for improving the detection accuracy, introduces squeeze-and-excitation network into the feature

fusion network for improving the model's attention to effective information, and constructs a-DIOU by introducing Alpha

intersection union ratio (a—IOU) on the basis of the distance-intersection over union (DIOU) loss function, which makes the

bounding box regression more accurate and enables the accurate detection of medical devices in the image. Experimental

results show that the improved model has precision, recall rate and mean average precision of 81.8%, 93.7% and 91.5%,

respectively, for medical device detection on the validation set, which are 3.2%, 3.4% and 4.6% higher than YOLOvS5s model.

The proposed method is simple and effective, and is expected to provide new ideas for the detection methods of medical

devices.
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Figure 1 Network structure of YOLOVS5s
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Figure 6 Eight types of medical devices and some of datasets
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Table 1 Results after using C2f (Validation set)

Gl R % HERY%  CFEEIESE%  SHEM BUK/NVMB
YOLOVSs 78.6 90.3 86.9 7.0 13.7
YOLOVSs-C2f 79.0 90.9 89.3 9.2 18.0
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Table 2 Results of SE attention mechanism at different layers
(Validation set) (%)

ERRMAE R HRER SRR AE

Layer=3 73.7 92.1 85.5
Layer=5 73.6 91.4 84.1
Layer=9 77.9 92.6 87.3
Layer=10 77.8 92.3 87.9
Layer=14 80.6 91.0 89.1
Layer=18 76.7 91.3 87.0
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Table 3 ECA attention mechanism results at different layers
(Validation set) (%)

EREIAIE KRR ABRER PR E

Layer=3 75.8 89.4 85.6
Layer=5 74.2 90.9 85.5
Layer=9 78.3 89.9 87.6
Layer=10 75.7 92.8 86.9
Layer=14 79.8 90.3 89.2
Layer=18 80.3 90.5 88.7
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4 CBAMEENNSIERERE AL R (EIEE) (%)
Table 4 CBAM attention mechanism results at different

layers (Validation set) (%)

EREIMAE KRR AEER OFEREEE

Layer=3 71.9 90.0 82.7
Layer=5 74.9 90.6 84.6
Layer=9 77.9 91.9 89.0
Layer=10 78.7 91.9 87.6
Layer=14 77.8 90.1 86.8
Layer=18 76.2 89.9 86.9
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Table 5 CA attention mechanism results at different layers
(Validation set) (%)
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Layer=3 72.7 91.0 84.3
Layer=5 76.0 91.2 86.8
Layer=9 77.8 90.6 87.1
Layer=10 78.0 90.8 87.4
Layer=14 76.8 91.7 86.4
Layer=18 78.5 91.4 88.8
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Table 6 Effects of different loss functions on the
model (Validation set) (%)

AR PR LK S CIE S ]
cIou 80.6 91.0 89.1
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DIOU 81.7 91.8 91.4
SI0U 80.4 90.9 89.6
EIOU 72.9 87.8 84.6
a-DIOU 81.8 93.7 915
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Figure 7 Final improvement of model recognition performance
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Table 7 Performance of the model on the test set (%)

| R HRPR OSEERREYE
YOLOVSs 774 88.7 84.4
AR 81.2 92.1 88.9
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