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Abstract The road detection method based on color image exists problems under the extreme lighting conditions
and changing road surface types, and the computing resource in moving platform is limited. So, based on the 9-layer
convolutional neural network, a fast road detection algorithm is proposed to mix the color image and the disparity
images. A new preprocessing method is applied in the data input layer, which can transform the disparity images to
disparity gradient maps so as to enhance the representation of roads and reduce the demand for network depth. Two
proposed networks are proposed including a double-path convolutional neural network which is used to analyze the
characteristics of the convolutional neural network, and a single-path convolutional neural network which is applied
to detect the road rapidly. The performance of the proposed algorithm is experimentally compared and analyzed on
the KITTTI road detection dataset which is divided into a common database and a difficult database artificially. The
result demonstrates that, compared with the convolutional neural network method based on color images, the
MaxF, measures on the common database and difficult database improve by 1.61% and 11.58%, respectively, and
the detection speed can be 26 frame/s. The proposed algorithm can overcome the impact of the lighting, shadow and
the changing road surface effectively.
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Fig. 1 Simulation of typical road scenes. (a)-(c¢) Road surfaces with different longitudinal slopes;

(d)-(j) object surfaces with different orientations
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Fig. 2 Simulated disparity images, disparity gradient images and binarized disparity gradient images. (a) Level road;
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Fig. 3 Flowchart of double-path convolutional neural network with late fusion
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Fig. 4 Experimental results of KITTI road detection testing dataset. (a)(c) Method of Ref. [4];
(b)(d) proposed RGB-DT-IN algorithm
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Table 1 Evaluation results of different methods on the common dataset %
No. Method MaxF, TIoU Pre Rec FPR FNR
1 RGB 93.76 88.75 95.75 92.50 0.62 7.50
2 RGBD 92.25 86.57 88.31 97.92 2.26 2.08
3 RGBDT 94.96 90.96 94.95 95.68 0.80 4.32
4 RGB-DT 95.27 91.56 93.96 97.36 1.00 2.64
5 RGBDT-IN 95.18 91.46 94.21 96.97 0.96 3.03
6 RGB-DT-IN 95.37 91.73 95.00 96.42 0.78 3.58

# 2 IR SEHe 7 B R ERCHR 4R b B4 45

Table 2 Evaluation results of different methods on the difficult dataset %
No. Method MaxF, TIoU Pre Rec FPR FNR
1 RGB 83.43 75.35 86.03 83.19 1.82 16.81
2 RGBD 88.01 79.84 84.51 94.25 2.81 5.75
3 RGBDT 93.55 88.72 93.38 94.81 1.02 5.19
4 RGB-DT 94.12 89.37 95.83 93.26 0.61 6.74
5 RGBDT-IN 94.32 89.97 94.39 95.30 0.92 4.70
6 RGB-DT-IN 95.01 91.11 94.62 96.25 0.86 3.75
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Method Forward time Prediction time
Ref. [4] 0.025 0.032
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RGB-DT-IN 0.063 0.067
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Fig. 5 Convolutional output visualization of road images. Fig. 6 Convolutional output visualization of non-road images.

(a) Color and gradient maps of input four channel; (a) Color and gradient maps of input four channel;

(b) output results of convergence layer (b) output results of convergence layer
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