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Research on virtual fitting model
recommendation technology based on weighted random forest algorithm
LI Tao, FENG Xiangyang
(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

[ Abstract] With the development of somatosensory interaction technology, Kinect—based virtual fitting system provides a new
option for customers to purchase clothing online. Kinect can accurately measure the human skeleton model and generate three—
dimensional data of the human body to further recommend the clothing model for customers and use the visualization technology for
virtual trial installation. However, different people’s body types are different, and different manufacturers” clothing models are not
standardized. The traditional data screening and matching methods are always difficult for the customer to choose the size of the
clothes. Based on the three—dimensional data of human body acquired by Kinect, this project designs a weighted random forest
method to predict and recommend suitable clothing models for customers. Combined with other machine learning models, this paper
conducts a comparative experiment. The results show that the random forest model is effective and accurate, and the highest accuracy
(100% ) is obtained on 3 000 test samples. The model has strong generalization ability and it is robust and stable, which could be
widely applied in the virtual fitting model recommendation scenario.
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Fig. 1 Virtual fitting model design
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170 1044 46.5 114.1 1146 79.2 60.4 39
176  106.3  47.8 117 116.9 799 613 40
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Tab. 2 The effect error of Kinect fitting chest circumference and

manual measuring chest circumference /em
kinect 15 TmE

W s s N BTG
22.34 34.24 38.10 88.03 88.46 0.43
16.64 31.88 35.56 75.60 74.31 -1.29
17.02 34.16 37.23 77.21 77.64 0.43
17.39 33.94 37.18 78.30 78.16 -0.14
19.51 32.30 36.56 79.52 80.67 1.15
22.89 35.47 39.35 89.85 91.06 1.21
25.83 35.92 38.33 96.33 96.78 0.45
25.96 35.37 37.20 97.32 96.12 -1.20
23.24 37.28 42.37 100.30 94.46 -5.84
25.98 38.69 43.16 102.24 101.32 -0.92
23.83 38.10 41.30 94.74 95.87 1.13
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Fig. 6 Evaluation results of eigenvalue variance
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Fig. 8 Confusion matrix of model prediction results
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Fig. 9 Classification process of single decision tree in WRF model
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Tab. 3 Comparison of forecasting effects of different models
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Fig. 10 User virtual fitting effect map
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