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An intelligent blind guidance system based on visual-touch
cross-modal perception

ZHU Wenlin', LIU Huaping’, WANG Bowen', SUN Fuchun’

(1. State Key Laboratory of Reliability and Intelligence of Electrical Equipment, Hebei University of Technology, Tianjin 300130,
China; 2. State Key Lab. of Intelligent Technology and Systems, Tsinghua University, Beijing 100084, China)

Abstract: Blind mobility aid is a primary part of the daily life for blind people. Most of these technologies are used to
help them navigate and avoid obstacles, and few researches have been done to convert ground information into tactile
sensation that gives the user an intuitive feeling. To meet the above requirements, we proposed an intelligent guided rod
system, which can provide tactile feedback to assist the blind to recognize ground information. We attempted to gener-
ate the vibrotactile stimuli leveraging the power of deep generative adversarial training. Specifically, we used an im-
proved DiscoGAN training an end-to-end generated network. To train the network, we also built GroVib, a visual touch
cross-modal dataset. We set up computer experiments and physical experiments to evaluate the feasibility of the scheme.
The results of computer experiments showed that the accuracy rate of the participants in recognizing the ground by tact-
ile sense was 84.7%, and the average real feeling score of tactile sense was 71.3. In real scene experiments, the parti-

cipants needed only 3.25 times of attempts on average to recognize the ground based on tactile feedback.
Keywords: blind users; electronic cane; cross-modal technology; touch; data set; deep learning; computer vision,;
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