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Abstract: Road detection is the premise of vehicle automatic driving. In recent years, multi-modal data fusion based
on deep learning has become a hot spot in the research of automatic driving. In this paper, convolutional neural
network is used to fuse LiDAR point cloud and image data to realize road segmentation in traffic scenes. In this paper,
a variety of fusion schemes at pixel level, feature level and decision level are proposed. Especially, four cross-fusion
schemes are designed in feature level fusion. Various schemes are compared, and the best fusion scheme is given.
In the network architecture, the semantic segmentation convolutional neural network with encoding and decoding
structure is used as the basic network to cross-fuse the point cloud normal features and RGB image features at dif-
ferent levels. The fused data is restored by the decoder, and finally the detection results are obtained by using the
activation function. The substantial experiments have been conducted on public KITTI data set to evaluate the
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performance of various fusion schemes. The results show that the fusion scheme E proposed in this paper has the

best segmentation performance. Compared with other road-detection methods, our method gives better overall

performance.
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Table 1 Performance comparison between different fusion methods
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Fig. 7 Example of KITTI dataset experimental results
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Al 7% E RIANGSEES Rl G, REER
BB TRE RS, 256 T SRS 25 5 8L
PE BAMELBAR I E R, XL s 0BG
SIFATRLG, AR T AR S B RR
4.2.2 EEHE

55 HA I ¥R 1 i LB 7RI R Ay
B, FFFATIN AR R A 25 R 4828 KITTI,
KITTI 5 F{E#1T LA RIS IR bR . WA SCRE Y
A TTE@A E)S KITTI road FEME AR
OFA Net!® | MultiNet!”’ | RBNet!"” | multi-task CNN!'!/ |
SNE-RoadSeg®” | LidCamNet " 7E A [a] (75 F 47 LE
B, W ANBARE R R . RGB BREdE . miGEk
o 2 haa s TIUMONETEINRAEE B e i
Hip, OFA Net®, MultiNet® , RBNet''” | multi-task
CNN" J& T 54 5 T B & o0 & J7 ik,
SNE-RoadSeg” | LidCamNet!" FIFAT 1 @L & E ks
Tz 5EIGRG

Precision F&/m ARG H ) B AT 2K Lo il 5

IER BRI, Recall AERTAEILM HIRA Z KL
BRI . R PEIEATE L, TR E
B OFA Net® | multi-task CNNUUYE recall J7 TR,
UMM st Pl A2 Ju /5L, T precision J5
ARG, BRI T R A 4380 7 el T A 114
EEREFIRZ, (IR TRZRANEN; MR T A
~—EG A 153 #) J7 57 MaxF(max Fl-score) |
AP(average precision “F-¥JH5E) . Precision 55 [ 44
AHIRI, Recall JyHINSA#ME, UiV ZEHRmMS
AREARUAGIN 1 P 18 P LG B Y LU vy, e D
TeRENL . 25T, WEH T 28R R G X TIE g
BRH BRI,

TERT R a—BURR G B FDr sk, XL fd
FHERAAY LidCamNet™, FATAIRLS EGZ X7k
3)UM Ml UU 5 45 mvERe A prde I, mite
UMM 5% F AP #2747 0.28%, Recall 47+ T 0.22%,
Precision [#fik T 0.95%, MaxF [#K T 0.37%; XfLt
SNE-RoadSeg?”, FAI TRl E JIETE4 7500 AP (H

A2 KITTI AR MK R
Table 2 The KITTI road benchmark results

e MaxF/%  AP/% Precision/%  Recall/%
OFA Net® 92.08 83.73 87.87 96.72
HTEE AR MultiNet'! 93.99 93.24 94.51 93.48
SOy E RBNet!'% 94.77 91.42 95.16 94.37
UM Multi-task CNN[™" 85.95 81.28 77.40 96.64
$#THz—K  SNE-RoadSeg”” 96.42 93.67 96.59 96.26
B i LidCamNet!"! 95.62 93.54 95.77 95.48
SR Fi& E(ours) 95.72 95.12 95.87 95.59
OFA Net™® 95.43 89.10 92.78 98.24
ST ERUR R MultiNet! 96.15 95.36 95.79 96.51
Sy Tk RBNet!"”! 96.06 93.49 95.80 96.31
UMM Multi-task CNN!""! 91.15 87.45 85.08 98.15
HTFHz—E  SNE-RoadSeg™’ 97.47 95.63 97.32 97.61
1 RA I LidCamNet!"! 97.08 95.51 97.28 96.88
Gy BT fills E(ours) 96.71 95.79 96.33 97.10
OFA Net® 92.62 83.12 88.97 96.58
FTER IS MultiNet™! 93.69 92.55 94.24 93.14
oy ETT RBNet!'% 93.21 89.18 92.81 93.60
uu Multi-task CNN!™™ 80.45 75.87 68.63 97.19
HF i z—&  SNE-RoadSeg”’” 96.03 93.03 96.22 95.83
R T X LidCamNet!"! 94.54 92.74 94.64 94.45
Ba VPR fil& E(ours) 95.38 93.23 94.95 95.83
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Point cloud-image data fusion for road
segmentation

Zhang Ying, Huang Yingping®, Guo Zhiyang, Zhang Chong

School of Optical-Electronic and Computer Engineering, University of
Shanghai for Science and Technology, Shanghai 200093, China

Fusion scheme E detection results(right side)

Overview: Road detection is an important content of environmental identification in the field of automatic driving, and
it is an important prerequisite for vehicles to realize automatic driving. Multi-source data fusion based on deep learning
has become a hot topic in the field of automatic driving. RGB data can provide dense texture and color information,
LiDAR data can provide accurate spatial information, and multi-sensor data fusion can improve the robustness and
accuracy of detection. The latest fusion method uses convolutional neural network (CNN) as a fusion tool to fuse the
LiDAR data and RGB image data, and semantic segmentation to realize road detection and segmentation. In this paper,
different fusion methods of LiDAR point cloud and image data are adopted by encoder-decoder structure to realize road
segmentation in traffic scenes. Aiming at the fusion methods of point cloud and image data, this paper proposes a va-
riety of fusion schemes at pixel level, feature level, and decision level. In particular, four kinds of cross-fusion schemes
are designed in feature level fusion. Various schemes are compared and studied to give the best fusion scheme. As for
the network architecture, we use the encoder with residual network and the decoder with dense connection and jump
connection as the basic network. The input image is RGB-D, and the LiDAR depth map is processed into a normal map
by a surface normal estimator. The normal map features and RGB image features are fused at different levels of the
network. The features are extracted through two input signals generated by two encoders, restored by a decoder, and
finally road detection results are obtained by using sigmoid activation function. KITTI data set is used to verify the per-
formances of various fusion schemes. The contrast experiments show that the proposed fusion scheme E can better
learn the LiDAR point cloud information, the camera image information, the correlation of cross added point cloud,
and image information. Also, it can reduce the loss of characteristic information, and thus has the best road segmenta-
tion effect. Through quantitative analysis of the average accuracy (AP) of different road detection methods, the optimal
fusion method proposed in this paper shows the advantages of average detection accuracy, and has good overall per-
formance. Through qualitative analysis of the performance of different detection methods in different scenarios, the
results show that the fusion scheme E proposed in this paper has good detection results for the boundary area between
vehicles and roads, and could effectively reduce the false detection rate of road detection.
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