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An Improvement with a Multi-modal Perception for Autonomous
Driving

Yu Leyang
School of Mathematics & Statistics, Southwest University, Chongqing 400715

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
multi-modal 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’s mIoU
reaches 82.5, which is slightly higher than that of MSeg3D; after modifying the attention mechanism,
the improved model’s response latency is reduced to 26.3% of the original one). Finally, an overall

summary of the improved model is made and its future prospects are given.

Key words: autonomous driving; MSeg3D; multi-modal; semantic segmentation; attention
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4.2 HoABTREMREXTEE

RN F A P PERETEA X LE R, DL “Ours” RRE AR U 5 M Seg3 DA
Mo KA 1R PEASFRHE, A Methods AR AL L FK, Modality N5 A B 7l
HEIE B, mloURK I ZZ Hbl, FoAth AR 25 35 2 52 56 A 8L R X6 12 288 0l 43 28 1) ofE 7y 2%
(accuracy). FTA BIEEBUEITE0E 10022 7], iU 1004 AT M B @ am 2.

KhBr T “Ours” AN EAR AT HOTHR (1], WL RS T B ZEut 54 A
fEnuScenes.  WaymoMISemanticKITTI = E 4 £ 57 A 5 MSeg3 DAE P Fr) 4 T-H Y 4T
SUIS AR B HE; S2AAAERRE],  ARSON HAXXKE “Ours” £ Waymo5 SemanticKITTI |
AT T SkE, PR EE R 5 SR (1] A O (S [ 6 L

R 1 BRI REVEftx) e

[}

& g g E

Mothods = & & & & o 2 & & & & & & § & 2 2
PolarNet L | 6942 | 7216 1681 7701 8653 5114 69.65 6480 5411 6970 63.53 9664 67.14 7770 7213 8713 8447
JS3C-Net L | 7360 | 80.14 2615 8779 8454 5517 7256 7128 6626 7679 7LIl 96.80 G447 76.86 7409 8748  86.10
Cylinder3D L | 7716 | 8276 2075 8434 8041 6303 79.20 7721 7340 8455 6917 9766 70.24 8029 7551 9041 87.55
AMVNet L | 77.27 | 80.64 3196 8173 8893 67.07 8433 7611 7348 8487 G67.30 9737 G67.37 7941 7545 9145 88.69
SPVNAS L | 77.35 | 80.00 2098 9192 00.81 6468 7899 7562 70.94 8101 7464 9744 69.23 7995 7610 8928 87.06
Cylinder3D++ | L | 77.86 | 82.76  33.89 8434 8941 69.63 7942 77.26 7340 8455 6941 97.66 7024 8029 7551 9042 8755
AF253Net L | 7834 | 7887 5221 8993 8417 77.42 7430 7732 7195 8388 7378 9713 6647 7751 740l 8760  86.80
SPVCNN++ | L | 8112 | 86.35 4313 9190 9218 7590 7572 8344 77.31 86.82 77.36 97.60 71.22 8108 7719 9167 88.98
LiFusion® LC | 7574 | 5813 3630 8667 8428 59.96 7969 80.30 7777 $3.23 6874 OT.18 6819 7TT.04 7445 9103 8895
PMF LC | 77.03 | 8211 4033 80.94 8642 63.72 7922 7975 7586 SL17T 67.05 O7.28 67.60 78.05 7448 89.94 88.46
CPFusion® LCR | 77.72 | 83.67 37.03 80.02 8624 7008 77.47 7807 TA53 8278 GT.94 9664 6824 7953 7491 9047  86.95
2D3DNet LC | 79.96 | 83.01 59.35 $7.99 8500 63.70 84.39 S$1.95 7506 S$479 7193 9688 6735 79.81 7596 9205 89.18
MSeg3D | LC | 8114 8301 4246 94.92 9201 67.10 7858 85.66 80.47 87.53 7732 97.74 (9.82 8122 77.83 92.35 90.07
Ours | Lo | | 932 o1 843 775 868 762 [07.8] 666 773 912 87T

TELE Y, MSeg3DAESLI 126 AT FARB A T EE A BA €. Al
M6 PF G T brr, ATOWURILAE N, 7 3TN It W i) A A2

SRS E B, BRI “Ours”, 5 MSeg3D I E AR TN LE AT DL 45
N:

o A3 EI I BAL T MSeg3D, HHIF & 12 G 20 2 TH ¥ i 15% (43 5k 3
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(Params) DA ZEIR (Latency) HIXTELER, o “Sub Attention” fRFRA L
MR, A E S AERN L R iR TR

R 20 = PhiEE ST HLEIN R B
Transformer mlIoU Params(M) Latency(s)

Softmax Attention 81.4 87.34 0.445
Linear Attention 75.3 48.84 0.108
Sub Attention 82.5 51.85 0.117

=ME R I HURIERL T L i N R I AT LA 20

e Softmax Attention B A N HIMHERER I, HEFRNUEER KNSR EH EE ST
BRI (e KA THFE 8D, P ER 43 7] 2 Nlinear Attentionf4.11% 5Sub
Attention53.81%;

e Linear Attention LA /DI EE H SBARAIM N ER (R/DITHES), HHME
AR AT, mIoUM A EAK T Softmax Attention5Sub Attention;

e Sub AttentionH A F W B AR LRI, 7E =FhyE = S ML H] H B1S 5 mmloU Rk 4t
BRI, AH %R T i {6 B2 B Linear AttentionJ & AR N K 2 S5 50 N 4E1R, @&
7 Softmax Attention5Linear AttentionfJ 4k, FEVTERE SRR IS T A=
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