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Point Cloud 3D Object Detection Based on Improved SECOND Algorithm

Zhang Ying, Jiang Liangliang’, Zhang Dongbo, Duan Wanlin, Sun Yue

College of Automation and Electronic Information, Xiangtan University, Xiangtan 411105, Hunan, China

Abstract Rapid identification and precise positioning of surrounding targets are prerequisites and represent the foundation
for safe autonomous vehicle driving. A point cloud 3D object detection algorithm based on an improved SECOND
algorithm is proposed to address the challenges of inaccurate recognition and positioning in voxel-based point cloud 3D
object detection methods. First, an adaptive spatial feature fusion module is introduced into a 2D convolutional backbone
network to fuse spatial features of different scales, so as to improve the model’s feature expression capability. Second, by
fully utilizing the correlation between bounding box parameters, the three-dimensional distance-intersection over union (3D
DIoU) is adopted as the bounding box localization regression loss function, thus improving regression task efficiency.
Finally, considering both the classification confidence and positioning accuracy of candidate boxes, a new candidate box
quality evaluation standard is utilized to obtain smoother regression results. Experimental results on the KITTI test set
demonstrate that the 3D detection accuracy of the proposed algorithm is superior to many previous algorithms. Compared
with the SECOND benchmark algorithm, the car and cyclist classes improves by 2.86 and 3.84 percentage points,
respectively, under simple difficulty; 2. 99 and 3. 89 percentage points, respectively, under medium difficulty; and 7. 06
and 4. 27 percentage points, respectively, under difficult difficulty.

Key words autonomous driving; three-dimensional object detection; feature fusion; loss function
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Table 1 Comparison of detection accuracy with different algorithms on KITTI test set

unit: %

) car-3D car-BEV cyclist-3D cyclist-BEV
Algorithm

easy mod hard easy mod hard easy mod hard easy mod hard

Autoshape'”’ 22.47 14.17 11.36 30.66 20.08 15.95
PointRCNN'" 86.96 75.64 70.70 92.13 87.39 82.72 74.96 58.82 52.53 82.56 67.24 60.28
3DSSD™ 88.36 79.57 74.55 92.66 89.02 85.86 82.48 64.10 56.90 85.04 67.62 61.14
VoxelNet™” 77.47 65.11 57.73 89.35 79.26 77.39 61.22 48.36 44.37 66.70 54.76 50.55
SECOND"" 84.65 75.96 68.71 91.81 86.37 81.04 75.83 60.82 53.67 79.21 64.26 56.61
PointPillars ™" 82.58 74.31 68.99 90.07 86.56 82.81 77.10 58.65 52.92 79.90 62.73 55.58
F-PointNet'"* 82.19 69.79 60.59 91.17 84.67 74.77 72.27 56.12 49.01 77.26 61.37 53.78

PI-RCNN"" 84.37 74.82 70.03 91.44 85.81 81.00
AVOD-FPN™ 83.07 71.76 65.73 90.99 84.82 79.62 63.76 50.55 44.93 69.39 57.12 51.09
DVFENet™® 86.20 79.18 74.58 90.93 87.68 84.60 78.73 62.00 55.18 82.29 67.40 60.71
IA-SSD™ 88.34 80.13 75.04 92.79 89.33 84.35 78.35 61.94 55.70 81.30 66.29 59.58
Proposed algorithm ~ 87.51  78.95 75.77 92.09 88.32 85.47 79.67 64.71 57.94 83.04 69.61 62.65
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Table 2 Comparison of experimental results of different algorithms on the KIT T validation set unit: %
Algorithm Modality FPS car-5D
easy mod hard

F-PointNet Lidar+RGB 9.52 83.76 70.92 63. 65
SECOND Lidar(Voxel-based) 21.74 88.16 78.18 77.04
PointRCNN Lidar(Point-based) 9.84 88.32 78.26 77. 34
PI-RCNN Lidar(Point-based) 10. 16 88.21 78.53 77.72
Proposed algorithm Lidar( Voxel-based) 20.41 89.02 79.03 78.01
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results of SECOND algorithm; (b) visualization results of proposed algorithm
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Table 3 Ablation experiments of ASFF module on the KITTI validation set unit: %
car-3D car-BEV cyclist-3D cyclist-BEV
Method
easy mod hard easy mod hard easy mod hard easy mod hard
SECOND 88.16 78.18 77.04 89.76 87.74 86.52 79.96 67.34 62.44 85.54 70.96 66.68
SECOND+ASFF 88.33 78.37 77.16 90.10 87.82 86.51 82.75 69.41 65.20 87.25 72.24 68.23
PointPillars 86.93 77.18 75.20 89.78 87.41 84.19 80.34 64.59 61.21 83.21 68.31 63.98

PointPillars+ASFF  87.80 77.74 75.23 90.15 87.75 86.04 81.90 65.09 61.53 85.86 70.80 65.69

T KR ASFF BB 22 RO FR Ak Rl B 7R T,
Xof 2% (A ACH R AT ] ARA , TR 12 B 000 8 A

{8 432 30 O, 3T €6, 0 A T 0B 363 1,3 3 4B 7
A LR 1. I T LU R R AR
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Fig. 11 Comparison of qualitative results of two algorithms. (a) Visualization of SECOND algorithm; (b) visualization of SECOND
algorithm+ ASFF
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Fig. 12 Visualization of spatial weight
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Table 4 Ablation experiments of different loss functions on the KITTT validation set unit: %
Loss car-3D car-BEV cyclist-3D cyclist-BEV
easy mod hard easy mod hard easy mod hard easy mod hard
Smooth L1 ~ 88.16  78.18 77.04 89.76 87.74 86.52 79.96 67.34 62.44 85.54 70.96  66.68
3D IoU 88.51 78.60 77.51 90.02 87.99 86.70 81.91  69.02 64.22 87.89 71.92  67.79
3D GIoU 88.48  78.69  77.57 89.96 88.05 86.74 82.56 69.34 64.87 88.13 72.21  68.26
3D DIoU 88.49  78.77 77.72 89.98 88.09 86.81 83.22 69.87 65.76 88.66  72.57 68.72
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Table 5 Ablation experiments of bounding box quality score on the KITTT validation set unit: %
car-3D car-BEV cyclist-3D cyclist-BEV
Score
easy mod hard easy mod hard easy mod hard easy mod hard
¢ 88.16 78.18  77.04  89.76  87.74  86.52 79.96 67.34  62.44  85.54  70.96 66. 68
¢* Ry 88.18  78.58  77.50  89.84  87.87  86.57  82.41 68.67  64.56 86.85  71.88  67.19
4.5.4 Pt #y SECOND J ik iH ik 52 3 TR EN T HL

BRI EE R E W], ASFF B 3D DIoU i1 4k 5
WCE S A 2 HE T 5 D 40 BE B R E AR A DUORS BB LR B
TR B R A SECOND B39 v, 7 il 52 06 5 SR € 6
fr s . HoA, Baseline J& R I 3 1 W 4% SECOND 1)
2D CNN, ¥ K5 2% ] AP11, ¢ %78 0 K908, Ry,

# 6K M, 7E5] A ASFF £ 3D DIoU #i 2k 55 i itk
S A S AE B VT3, car 28 3D K6 INKS i A5 7 o 4
FIR MEME B T 23 SR TH 0. 86 13 43 45 .0. 85 1 43 £ #1097
A 53 L, eyclist 28 3D A6 DU AE BE 43 5 42 T 6. 49 7 43 a5
4. A1 A 4 JURR S, 17 A 43 a5 AR TR E SECOND B .
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Table 6 Ablation experiments of improved SECOND algorithm on the KITTTI validation set unit: %
car-3D car-BEV cyclist-3D cyclist-BEV
Backbone Loss Score
easy mod  hard easy mod  hard easy mod  hard easy mod  hard
Smooth ¢ 88.16 78.18 77.04 89.76 87.74 86.52 79.96 67.34 62.44 85.54 70.96 66.68
Baseli L1 c*Ryu, 88.18 78.58 77.50 89.84 87.87 86.57 82.41 68.67 64.56 86.85 71.88 67.19
aseline
¢ 88.49 78.77 77.72 89.98 88.09 86.81 83.22 69.87 65.76 88.66 72.57 68.72
3D DIoU

c* Ry, 88.77 78.89 77.98 90.11

88.03 86.94 85.35 70.77 66.88 89.77 73.46 69.94

Smooth c 88.33 78.37 77.16 90.10
L1 c*Ryy, 88.47 78.65 77.60 89.91

87.82 86.51 82.75 69.41 65.20 87.25 72.24 68.23
87.95 86.66 84.36 70.11 66.08 88.92 72.82 68.89

88.17 86.87 84.82 70.26 66.35 89.34 73.15 69.28
88.27 87.26 86.45 71.75 67.61 91.32 74.12 70.77

ASFF
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