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Abstract :

In this paper, we propose a method of generating a 2D gray image from LiDAR 3D

reflection intensity. The proposed method uses the Fully Convolutional Network (FCN) to

generate the gray image from 2D reflection intensity which is projected from LiDAR 3D intensity.

Both encoder and decoder of FCN are configured with several convolution blocks in the

symmetric fashion. Each convolution block consists of a convolution layer with 3X3 filter, batch

normalization layer and activation function. The performance of the proposed method architecture

is empirically evaluated by varying depths of convolution blocks. The well-known KITTI data set

for various scenarios is used for training and performance evaluation. The simulation results

show that the proposed method produces the improvements of 8.56 dB in peak signal-to—noise

ratio and 0.33 in structural similarity index measure compared with conventional interpolation

methods such as inverse distance weighted and nearest neighbor. The proposed method can be

possibly used as an assistance tool in the night-time driving system for autonomous vehicles.
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Fig. 1 Proposed gray image generation method from 3D LiDAR reflection intensity
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Fig. 2 Architecture of proposed gray image generation network
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Table 2. Performance evaluation according to
the depth of image generation network (the

block (V) iteration number of convolution block)
The iteration The iteration M i
number of The number The vrvlgirgg?r of number of easurement metric
convolution f 1 (L) convolution Average PSNR
blok (W) | " | parametere (B) block (V) [dB] fverage SSIM
1 23 1,378,447 1 17.69 0.43
2 39 1,772,527 2 18.80 0.48
3 55 2,166,607 3 19.26 0.50
4 71 2,560,687 4 19.52 0.51
5 87 2,954,767 5 19.62 0.52
6 103 3,348,847 6 19.70 0.53
7 119 3,742,927 7 19.62 0.52
8 135 4,137,007 8 19.52 0.52
9 151 4,531,087 9 19.12 0.49
10 167 4,925,167 10 18.96 0.48
SSIME 1zke] A1z} AAZE 3 24 A o A7k 1037 (ZEFA E59 W& Il
Ho| dusittsE HS 7|Hlog Fx2% HAHE o N=6) ¢ = PSNR ¥} SSIM °ﬂ/‘1 Hd A5 7t
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Fig. 3 Performance results of the image generation methods in the test dataset, (a) sparse lidar
projected image, (b) camera based gray image, (c) inverse distance weighted interpolation based
generated image, (d) nearest neighbor interpolation based generated image, (e) image generation

network (N=1) based generated image, (f) image generation network (N=6) based generated image
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