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Multi-part skin detection and its application in bathing robots
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Abstract: To address the challenges posed by an aging population and to enable bathing robots to apply
appropriate cleaning modes for different skin regions, the research was conducted on multi-part skin
detection and its application in these robots. Building on previous studies, four representative object

detection algorithms were selected, the original dataset was expanded, and multi-part skin detection was

Y75 B H#A: 2024-06-13

E£TH: BHRELSV AR ¥ BT H (2022YFC3601403); FE K [ AR 5L 4 W B0 H (62073224); 11175 45 = 55 2= R RH 42 Q)8 00 B
(2022L376); KRB Bl RS h L4205 H (2024BS12)

FE—EH:ZE F(1989-), &, YHUE. BFFEOTI: HAHLILGE . BEE ML AR B N . E-mail: Imxlp@126.com

BEEE: Wt (1966—), T, Bz, WHoErm . FEERENLAEA . BEEAMNLAC .. E-mail: yhl98@hotmail.com

SI3zaga: 457, Wik, 2RO RAG I AT Y AR vE R Ml ds AP RN I ]. BRI BLTOR A2, 2025, 47(1): 1-8.
Citation: LI Ping, YU Hongliu. Multi-part skin detection and its application in bathing robots[J]. Journal of University of Shanghai for Science and
Technology, 2025, 47(1): 1-8.


https://doi.org/10.13255/j.cnki.jusst.20240613001
mailto:lmxlp@126.com
mailto:yhl98@hotmail.com

2 bW TR % E R

2025 4 5 47 &

performed using transfer learning. A comprehensive evaluation metric was developed to assess

algorithm performance, and the best-performing model was deployed and tested on Tesla T4 and TX2

platforms, with practical applications in bathing robots. The results showed that addressing dataset class

imbalance lead to an average accuracy improvement of 18%. YOLOvSs has achieved an optimal

balance between accuracy and model size, facilitating real-time detection on both Tesla T4 and TX2,

and effectively identifying different skin regions in a humid environment. By integrating a visual sensor

with TX2, 3D pose modeling and joint experiments were conducted, achieving a 92% success rate in

controlling the robot to reach the back area. Utilizing point cloud data as supervision improve the

success rate to 100%. Addressing class imbalance significantly enhances the accuracy of multi-part skin

detection, and YOLOvSs exhibites excellent performance in balancing accuracy and model size,

effectively meeting the multi-part skin detection requirements of bathing robots.
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Tab.1 Object detection algorithms based on DCNNs
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Tab.2 Object detection algorithms selected by this article
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YOLOv4 CSPDarknet53
YOLOvVS5s New CSPDarknet53
YOLOX CSPDarknet
YOLOvV7 New ELANCSP
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Fig.1 Example images from the datasets
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Tab.3 The number of each skin region in the original datasets
and the new datasets

B IX IR JraR A B
Face_skin 972 972
Trunk skin 144 932
Upperlimb_skin 1060 1092
Lowerlimb_skin 525 997
Hand_skin 1161 1161
Foot_skin 200 905
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Tab.4 Algorithm performance based on training on the new
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Tab.6 Comparison of algorithm performance based on the
original and new datasets
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B R OF P OKT bR P
YOLOv4 95 87 8 84 92 70 86 244
YOLOvSs 97 94 89 90 93 76 90 27
YOLOX 96 91 8 90 92 70 88 35
YOLOvZ 98 96 93 91 93 81 92 143
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Tab.5 Results of comprehensive evaluation index
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Fig.2 Detection results of the water vapor scene images
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Tab.7 Technical specifications of the vision system
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Tab.8 Results of hand-eye calibration
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