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3D object detection based on attention residual network and mixed pooling

Wang Tao Xue Qingshui Wang Dong Zhang Xu

(School of Computer Science and Information Engineering, Shanghai Institute of Technology,Shanghai 201418, China)

Abstract: Aiming at the problem of low detection accuracy of pedestrians and cyclists in 3D object detection tasks,
Voxel-RCNN is used as the baseline algorithm for improvement. A 3D object detection algorithm based on residual
attention network and hybrid pooling is proposed to improve the detection accuracy. Firstly, a new 2D backbone
network integrating residual network and attention mechanism is designed. The residual network structure is used to
enhance the adaptability of the model to different object sizes. At the same time, the attention mechanism is introduced
to focus on the key area and improve the feature representation ability. Secondly, a new MLP pooling method is
proposed. and an attention pooling method combined with convolution is designed. The two pooling methods can not
only effectively retain the local geometric details of small objects, but also enhance the expression ability of global
semantic features, thereby further improving the ability to capture diverse objects in complex scenes. Experimental
results on the public dataset KITTI show that the mean average precision (mAP;,) of the Pedestrian and Cyclist
categories reached 54. 06 % and 76. 85% , respectively, which is 3. 43% and 3. 03% higher than the baseline algorithm.
The experimental results demonstrate the effectiveness of the proposed method.
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Fig. 1 Network architecture of Voxel-RCNN
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Fig. 2 Overall structure of the algorithm in this paper
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Fig. 9 Convolutional attention pooling module
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Table 1 Comparison results of different algorithms on the KITTI validation set
ok KHE(oU=0.7) ‘ 11 A (oU=0.5) ‘ 515 #% (IoU=0.5) » SDmAP
fij £ 4 ] ] £ 4§ ] X i B H 45 ]

PointPillars 87.25 75.72 72.75 50. 67 44,33 39. 80 79. 45 62. 44 58. 25 63. 40
Second 88. 76 79.10 75.96 50. 76 45. 86 41. 07 81.06 66.17 62.23 65. 66
PointRCNN 89. 34 80. 17 77.69 60. 04 53.19 48. 28 90. 08 71. 36 66. 75 70. 77
Part-A’ 91. 94 83.32 79.94 60. 13 52.51 46. 87 85.73 70.63 66.12 70. 80
PV-RCNN 92.09 82. 64 80. 07 56. 67 48.99 44. 40 83.59 68. 92 64. 64 69.11
PV-RCNN++ 91. 06 82.37 80.71 59. 23 51.37 47.62 85.21 70. 90 66.08 70. 51
IA-SSD 88.45 80. 09 77.89 56. 39 52.78 47.99 87.73 71.98 67.33 70.07
Voxel-RCNN 92.15 82.56 79. 64 58.09 49. 03 44.76 87. 26 69. 45 65.07 69.78
Ours 92. 84 82.73 80. 23 60. 22 53.40 48. 57 89. 38 72. 82 68. 35 72. 06
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Table 2 Ablation experiment results
. . mAP.,/ %

PIRES ARN MLP CAP A WiE
Baseline 84.79 50.63 73.82
Experimentl  ~/ 84.91 53.94 76.13
Experiment2 N 85.06 53.01 75.51
Experiment3 N 84.83 52.88 75.67
Experiment4 N < 85.23 53.51 76.59
Ours < o N N 85.27 54.06 76.85
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Fig. 10 Visualization result comparison
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