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Fig. 1 Navigation receiving signal diagram
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Fig. 2 Structure of convolutional neural network
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Fig. 3 Training process of convolutional neural network
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Fig. 4 Planning of navigation paths with collision avoidance
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Table 1 Test data sheet of the moving building blocks
cn/’s

e x iR y B A
24 24 33.9
A 24 23 33.4
23 24 33.2
19 17 27.6
B 18 18 27.5
18 19 28.2
21 16 28.4
C 20 18 28.6
14 19 26.4
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Table 2 Test results of obstacle avoidance accuracy
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min K A 41 o4 B 4 5286 C 4

10 97.8 84.3 75.6

20 97.2 83.2 73.2
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50 96. 5 81.3 66.3
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Deep learning-based navigation path planning
with collision avoidance for the blind

ZHANG Haimin' CHENG Fei'
1 School of Computer and Software Engineering, Anhui Institute of Information Technology, Wuhu 241000

Abstract Moving obstacles, unlike stationary ones,cannot be located or avoided by traditional navigation technolo-
gies.To address this,a collision avoidance navigation path planning strategy for blind people based on deep learning
is proposed.First,a speech recognition system is used to collect speech signal and sort out the speech feature param-
eters ,which is then analyzed to obtain the speech sequence input thus recognize the destination.Second,an obstacle
detection model is constructed to detect the edge features as well as moving directions and velocities of the obstacles
on the path to destination.Then a convolutional neural network of deep learning is exploited to plan the optimal path
with collision avoidance.Finally,experiments are conducted and the results show that the radial velocity of the mov-
ing obstacles detected by this model is consistent with actual conditions,specifically,when the actual speed is 33. 6
cm/s, the detected speed error is in the range of 0.2-0.4 cm/s, and the accuracy of obstacle avoidance reaches
96. 5% when the test time lasts 50 min.It can be concluded that the proposed strategy can realize the optimal path
planning and navigation with collision avoidance for the blind people.

Key words deep learning; navigation for the blind; collision avoidance ; path navigation ; speech feature ; convolu-

tional neural network



