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Abstract

With the development of autonomous driving technology, 3D perception of the vehicle environ-
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ment is becoming more and more demanding, and multi-sensor fusion can meet this requirement
very well. To address the problems of unsystematic network design, excessive information loss
and rough fusion strategies in current fusion technologies, this paper designs an end-to-end multi-
sensor fusion sensing network—MS3D-Net. In order to find the optimal multi-modal fusion hie-
rarchy in adherence to the system design concept, a new fusion hierarchy division method is first
proposed, and then the most suitable feature fusion level was found by the control variable me-
thod in the detection model based on the Faster-Rcnn architecture. In order to reduce the infor-
mation loss during cross-modal data fusion, a new high-dimensional representation is designed,
and proposes the corresponding fusion method 3D-T. In order to improve the fineness of the fu-
sion strategy and increase the fusion detection accuracy, a medium-late gated recursive fusion
unit is extended and designed inspired by the long short-term memory (LSTM) mechanism. At the
same time, in order to improve the efficiency of image feature extraction, CP convolution is pro-
posed. Finally, the method is trained and validated on the KITTI dataset, and the detection speed is
guaranteed while improving the detection accuracy.
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Figure 1. Examples of different fusion levels
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Figure 2. Simple recurrent network structure
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Figure 4. MS3D-Net algorithm diagram
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Figure 6. Detection results at different noise levels
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Figure 7. High-dimensional representation algorithm diagram
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Figure 10. Late recurrent summation unit
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Figure 12. Late gated recurrent fusion unit
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Figure 13. CP convolutional feature extraction schematic
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Figure 15. Experiment specific flow chart
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X %

Continued
AVOD LiDAR + RGB 73.52 83.07 71.76 65.73 94.57 ms
LRS LiDAR + RGB 76.41 84.37 74.82 70.03 69.97 ms
EGRF LiDAR + RGB 78.68 88.40 77.43 70.22 73.68 ms
AT LiDAR + RGB 80.79 89.20 80.05 73.11 71.98 ms
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Figure 17. MS3D-Net deployment detection results graph
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