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Abstract Aimed at the problem of low efficiency and high cost in the traditional road surface object collection procedure, the
method of road surface object recognition from mobile phone based sensor trajectories is proposed. Mobile phones are used to re-
cord the data changes of various sensors in the process of driving,and then the acceleration data after attitude correction are ana-
lyzed to find the relationship between the acceleration trend and the road condition. Finally, the constructe the BP neural network
model ,and use the acquired data to train the BP neural network model to recognize the road surface object and its position. Exper-
iment results show that, the road surface object can be fast and accurately recognized by the mobile phone based senor trajecto-
ries,and the accuracy can be higher than 85%. In this paper,attitude of mobile acceleration sensor has carried on the real time
correction. Because the acceleration changing of the Mobile phones is perpendicular to the road,we use the acceleration change to
detecte the road feature. The method has nothing to do with a mobile phone accelerometer gesture,in addition, hardware require-
ments of the method are low, the efficiency of data acquisition is high, which reduce the cost of the road surface features informa-
tion acquisition.

Keywords Mobile phone sensors, Vehicle trajectories, Road surface object recognition, BP neural network
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Fig. 2 Transformation process of spatial coordinate systems
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Table 1 Results of BP neural network in research area two

Road 1D Number of Number of Nl?tleer of

detected actual features misjudged
1 15 35 1
2 20 44 3
3 29 95 0
4 28 58 1
5 29 103 4
6 17 30 1
7 17 35 1
8 8 15 0
9 36 103 2
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Table 2 Results of BP neural network in research area one

Number of Number of Number of
Road ID ..
detected actual features misjudged
1 25 47 2
2 27 42 3
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Table 3 Results of BP neural network

Local Number of Number of Number of
detected actual features misjudged
SR KA 2 85 110 8
LR K1 50 85 2
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Table 4 Results of threshold method in research area two

Road ID Number of Number of NL-mflber of

detected actual features misjudged
1 18 35 1
2 20 44 3
3 32 95 2
4 32 58 3
5 47 103 5
6 16 30 0
7 20 35 2
8 8 15 0
9 34 103 3
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Table 5 Results of threshold method

Number of Number of Number of
Road ID L
detected actual features misjudged
Sy X3 2 77 110 11
S2 X1 30 85 2
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Table 6 Summary of evaluation indicators in research area two

Method Srecalt/ %0 Sprecision/ 0 Ficore
The proposed method 74 91.3 0.816
The threshold method 70 87.5 0.78
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Table 7 Summary of evaluation indicators in research area one

Method Srecall/ Y6 Foprecision/ %0 Ficore
The proposed method 58.88 96. 36 0.723
The threshold method 35.2 93.75 0.508
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