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Three-Dimensional Pedestrian Detection by Fusing Image Semantics and
Point Cloud Spatial Visibility Features

Xiong Lu, Deng Zhenwen, Tian Wei', Wang Zhiang
School of Automotive Studies, Tongji University, Shanghai 201804, China

Abstract Vehicular light detection and ranging (LiDAR) has become a standard sensor in automotive by offering accurate
geometric information of the surrounding region for intelligent driving vehicles. In order to overcome the limited
performance of a single sensor for object detection, the geometric and spatial visibility features of LiDAR point clouds are
fused with image semantic information in a network framework to achieve accurate three dimensional (3D) pedestrian
detection. First, an effective 3D ray-casting algorithm is introduced to produce spatial visibility feature encodings.
Second, the image semantic information is incorporated to improve point cloud features. Finally, the impact of added
information and related hyperparameters on detection findings are quantitatively and qualitatively examined. Experimental
findings demonstrate that compared with the single frame point cloud, the 3D pedestrian detection accuracy is enhanced by
32.63 percentage points after aggregating the last 10 frames of the point cloud in history. By further fusing image
semantics and point cloud spatial visibility information, the proposed method’s detection accuracy is enhanced by 2.42
percentage points compared with the benchmark approach, and exceeds some standard approaches. Our enhanced
approach is more suitable for 3D pedestrian detection in a traffic environment.
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Fig. 1 Schematic of ray traversing grid
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on nuScenes dataset

Nunber of 3D pedestrian detection AP /% mAP /
frames 0.5m 1.0m 2.0m 4.0m %

1 37.46 38.22 39.29 40. 40 38.84

10 68. 36 70.63 72.30 74.59 71.47
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Table 4  Performance comparison of different optimized

methods on KITTI validation set

3D pedestrian detection AP /% mAP /

description methods on KITTT dataset Method Easy Moderate Hard %
Visibility code 3D pedestrian detection AP /% ) PP (Baseline) 70.16 63.40 57.49  63.68
U, 0. F] Fay  Moderae  Hard /% PP+ Vis. 71.86  64.49  58.72  65.02
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Table 2 Performance comparison of different density along

height direction on nuScenes dataset

Number of 3D pedestrian detection AP /% mAP /
channels ~ 0.5m  1.0m 2.0m 4.0m %

1 62. 24 64. 36 66. 36 68.78 65. 44

32 69. 68 71.87 73.73 75.97 72.81
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Table 5

3D pedestrian detection AP /%  Speed /

Method
Easy Moderate Hard Hz
VoxelNet'" 39.48 33.69 31.51 4.4
AVOD" 36. 10 27.86 25.76 10
SECOND"* 51.07 42.56 37.29 20
F-PointNet"" 50.53 42.15 38.08 5.9
PointPainting"” 50. 32 40. 97 37.87 2.5
PointRCNN"" 47.98 39.37 36.01 10
Proposed method ~ 51.07 41. 36 37.83 30
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Fig. 9 Comparison results of pedestrian detection (example 1). (a) (¢) Benchmark results; (b) (d) results obtained by proposed method
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Fig. 10 Comparison results of pedestrian detection (example 2). (a) (c) Benchmark results; (b) (d) results obtained by proposed method
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