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Abstract: This paper first gives a general review of the existing perception models in the field
of autonomous driving, and analyzes both the advantages and disadvantages of various algorithms
and the current research status. Then, the paper focuses on introducing and analyzing a new
multimodal semantic segmentation perception model MSeg3D with objective evaluations of the
model’s innovations, merits and drawbacks. And next, this paper proposes three optimization and
improvement directions based on MSeg3D: (Dcross-attention instead of splicing, @linear attention
mechanism, @deep extraction of intra-modal features and mid-term fusion strategy. The feasibility
of the improvement plan is verified through a series of experiments (The improved model achieved
state-of-the-art results among the mIoU indicator, reaching 82.5). Finally, an overall summary of

the improved model is made and its future prospects are given.
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Cylinder3D++ | L | 77.86 | 8276 33.80 8434 8941 69.63 7942 77.26 7340 8455 6941 O7.66 7024 8020 7551 9042 8T.55
AF2S3Net L | 7834 | 7887 5221 89.93 8417 77.42 7430 77.32 7195 8388 7378 97.13 6647 7751 7401 ST.60  86.80
SPVONN-++ L | 8112 | 86.35 4313 91.90 92.18 7590 7572 8344 7731 86.82 77.36 97.69 71.22 8108 77.19 9167 88.98
LIFusion® LC | 7574 | 58.13  36.30 8667 8428 59.96 79.60 80.30 77.77 8323 6874 97.18 6819 77.04 7445 91.03 88.95
PMF LC | 77.03 | 8211 40.33 80.04 8642 6372 79.22 79.75 7586 8117 67.05 97.28 67.69 7805 7448 89.94 88.46
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2D3DNet LC | 79.96 | 83.01 59.35 87.09 8509 6370 84.39 8195 7596 8479 7193 96.88 67.35 79.81 7596 92.05 89.18
MSeg3D | LC | 8114 8311 4246 94.92 9201 67.10 7858 85.66 80.47 87.53 7732 97.74 6082 81.22 77.83 92.35 90.07
Ours | Lo | | 932 91 843 775 868 762 [97.8] 66.6 773 912 87T
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