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Automatic generation of the mid-fidelity prototype based on hand-drawn sketch

LIANG XuDong , LI Ming, ZHAO Hui-Ling, FAN Yi, LIN Tao
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Generating digital mid-fidelity prototypes from hand-drawn sketches is a necessary step in Us-
er Interface design, which takes designers a lot of time and effort. In order to solve the problem, this
paper proposes an automatic method for generating mid-fidelity prototypes based on object detection and
heuristic rules, and an automatic tool is implemented based on this method. Firstly, an object detection
model SA-FRCNN based on the Shuffle Attention (SA) mechanism is proposed to detect components in
hand-drawn sketches; and then, heuristic rules are proposed to optimize the layout of the detected re-
sults. Experiments show that our method can improve the detection accuracy of hand-drawn sketches by
2. 3% compared with the baseline model; in addition, our tool can effectively improve the efficiency of
prototyping.
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Fig. 1 Framework of the mid-fidelity prototype automatic genetation
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