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Decision-Making Method of Intelligent Vehicles: A Survey
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Abstract: Combined with the current research status of the intelligent vehicle decision-making methods at
home and abroad, this paper classifies and summarizes decision-making methods from four aspects:
decision input and output, environment interaction, and algorithm types. Besides, it analyzes their
advantages and disadvantages, and evaluates applicable scenarios. Moreover, it surveyes the common data
sets and current evaluation standards which are used for decision-making researches. Furthermore it
discusses the technical difficulties faced by current decision-making methods and future development
trends.
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Fig. 1 Schematic diagram of output of decision module
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Tab.1 Classification of decision-making methods based on input and output types
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Tab.2 Classification of decision-making methods based on interaction with the environment
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Tab. 3 Classification of decision-making methods based on algorithm types
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Tab. 4 Data format of NGSIM dataset

% EA i
1 vehicle 1D ERUE RS
2 frame 1D B i S
3 total frames BE Bt
4 global time L AingL]
5 local x MR R o (H
6 local y AeRR R v fH
7 global x PrifE b AR AR R o (B
8 global y FRAEsL B AR AR R v {H
9 vehicle length KRS
10 vehicle width K TE R
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12 vehicle velocity KRS
13 vehicle acceleration 754 J)
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15 preceding vehicle R 0t A 4 g
16 following vehicle IR )5 4 g5
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18 headway 73k s
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Tab.5 Data format of High-D dataset
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Tab. 6 Data format of INTERACTION dataset
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7 v, x 77 ] 3 i
8 vy v 5 T

H5 EA fifi ik
1 id id sk ID
2 frameRate I 2F 37 sl 40430 11 sk 2
3 locationld oA E ) 1D
4 speedLimit AT B 7 58 (1% 3 B 1l
5 month sl A B
6 weekDay SR AR H 58 5L
7 startTime SR ) 04 I 4 1 ]
8 duration 10 SR Y 5 22 ]
9 totalDrivenDistance JIT A TR A A 04 AT B
10 totalDrivenTime JIT A TR A 2 0 AT B e ]
11 numVehicles A @ DR AR A |y S
12 numCars PR 0 R A B
13 numTrucks BB B R 20
14 upperLaneMarkings L EEARCH y L E
15 lowerLaneMarkings TEERICH y ALE

5.2.4 Level 5 % #EHE Level 5 BIEEHERE Ly-
fe Ar 24t 2 E R A& TR 4000 A FE B
(1) JEE il o K R 2 )i SCHBIEL (197 S AAT R GE .60 A4~
bR AR 54 AMEZE X L8 AN AT 11 A ik
%[70].

BARR LA 3000 MBI F, At 16.7 h Y
PR E G 3L 6 X107 T, A K K2y 2. 5X 107 4~ 3D i1
FAEFN 2.2 X107 4~ 2D i BHE. Level 5 P4
8 20 B o) 2 R RN S AR A S T RS A TR AL
P AE I BUEAS W F nuScenes #8207 NS L
F 3 AN O TR 3K A5 86 4% R 4R A L. TR0 5B 4R A
L. 7X10° g5t ik Se g S il 3K 7 B s B WK 4
Bl PR 458, O LA~ 3 55 0 23 7 45 7 9 B i) 50X 42
95 ) R ) AR S R AT A . Level 5 5088 4 60 4 4% =X



558 WER .. FREMERLFTEMRAER 1043
maE 7 s, BB 4 o AR SO 45 B s 4B 0 R M DL K 5| A o0 E

LELFTE AT 4 AR DRI IEWT I R

117 RES . sk 8 o,

R 7 Level 5 HiBEHBERR
Tab.7 Data format of Level 5 dataset
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Tab.8 Summary of datasets
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