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Abstract

In view of the complex and changeable road environment, this paper discusses the format of net-
work input in auto driving from the aspects of laser radar and camera, and summarizes the classi-
fication method of multimodal sensor fusion in the environmental perception task of autonomous
vehicle, based on which, another classification is summarized from the perspective of fusion stage,
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simplifying the classification and understanding of fusion methods, emphasizing the differences in
fusion levels and the integrity of fusion methods, and this classification has innovative value for
promoting the research and development of fusion methods. Finally, the issues left by sensor fu-
sion and predict future development trends is analyzed.
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Figure 1. Image and radar perception tasks
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GAEWOCTE IS SR AL B E B RGB BB FE&EMIE UG R, ZHikAEEERLH, EIE
fE G fib& 73 5 R 43 Rl (Barly Fusion). 78 % fil & (Deep Fusion). J& fili & (Late Fusion) = #i[1].
Early Fusion LA PointPainting [2] 483, #&H Vora 55 A4 H FH EMEE L #IM 2 RkRG mm “HE” 1
J7i%. Deep Fusion J& ZHAEFIRA &1 F M7, W0 Qi 55 A% H 1) F-PointNet (Frustum PointNet) [3],
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Figure 2. Multimodal fusion classification

2. BIESME A

3.1 ERLE

3.1.1. AiRAE
B RlE e 3 T Bl R & U7, DLER ISR UG EE G D9, Fig 2 X 5 1k 73 SCHIEUE AR AL 2> SR 3L
EEVRHEZEATRE G . W1l 3 PR, BURZIEE X r 85 5EE A G B2 B, XFEHREIR R T TR S
B B b EHGBE ( d 2e S, SEANAIT 3D HARKRI, B S B0 H bR 2 B MR & 0 B e
X, b Enet [211R A 452 B AR 2 —, BT T HREIR g i a - MR RDER 5 Ak
WO TR E . S, T. Samann [22]5 A G IEEEIE[23] R T ENet W28k 52 = 2%
LiDAR P%ints

® o ©

Y ' 4
% § %o,
o "
o c:}‘g o Fusion
e® . o
o e
® o ° . :
LiDAR Points
s}
Semantic ® o @
Images *os o *

Segmentation HEE EN HEN °

S,
- > EENNNEENSE __ &
_ NEE NN NN % et o
v NEEEEESEE :

Figure 3. Early fusion
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