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Attention based Feature-Fusion Network for 3D Object Detection
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[Abstract]

Recently, following the development of LIDAR technology which can detect distance from the object, the interest for LIDAR
based 3D object detection network is getting higher. Previous networks generate inaccurate localization results due to spatial
information loss during voxelization and downsampling. In this study, we propose an attention-based convergence method and a
camera-LIDAR convergence system to acquire high-level features and high positional accuracy. First, by introducing the attention
method into the Voxel-RCNN structure, which is a grid-based 3D object detection network, the multi-scale sparse 3D convolution
feature is effectively fused to improve the performance of 3D object detection. Additionally, we propose the late-fusion mechanism
for fusing outcomes in 3D object detection network and 2D object detection network to delete false positive. Comparative
experiments with existing algorithms are performed using the KITTI data set, which is widely used in the field of autonomous
driving. The proposed method showed performance improvement in both 2D object detection on BEV and 3D object detection.
In particular, the precision was improved by about 0.54% for the car moderate class compared to Voxel-RCNN.

Key word : Attention module, KITTI dataset, Multi sensor data fusion, 2D object detection, 3D object detection.
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3D Backbone Network + Integrating Module
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Fig. 1. Architecture of Attention based Feature-Fusion Network for 3D Object Detection
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E 1. KITTI 43 dlolef MEQ| At thigt AP11 Ms bl
(AP112 117He| [Eg LIXIS 0|85l AHlLh

Table 1. AP11 Performance comparison on the KITTI
validation dataset for car class (AP11 calculated by
40 recall positions)

Method Car AP, (%)

Hard Moderate Easy
Point—-based:
Point-RCNN[14] 77.38 78.63 88.88
3DSSD[15] 78.67 79.45 89.71
PV-RCNN[16] 78.70 83.69 89.35
Voxel-based:
VoxelNet[17] 62.85 65.46 81.97
PointPillars[18] 68.91 76.06 86.62
TANet[19] 68.91 76.64 87.52
SECOND[20] 77.22 78.62 88.61
Part—A?[21] 78.54 79.47 89.47
Voxel-RCNN[ 3] 78.75 84.05 89.31
SA-SSD[22] 78.78 79.91 90.15
Proposed
(W/g ate—fusion) 78.91 84.28 89.67
Proposed 78.97 84.59 89.67

E 2. KITTI Z3 Ho|Ef MEQ| X0l CHeh AP40 Ms H|w
(AP402 407H2| M3iE 2IXIE 0|85to] AHLh

Table 2. AP40 Performance comparison on the KITTI
validation dataset for car class (AP40 calculated by
40 recall positions)

Car AP, (%) Car APy, (%)

Hard | Mod Easy |Hard Mod Easy
Voxel-RCNN [ 82.59 |84.92 |92.10 |90.55 |91.11 |95.32
Proposed 82.92 |85.39 |92.58 |89.11 |91.41 |95.73
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D Ground Truth Predicted Camera View
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Fig. 3. Qualitative comparative evaluation of integrating
module
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Fig. 4. Qualitative comparative evaluation of late fusion
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