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Figure 1 Structure diagram of reinforcement learning autonomous

driving trajectory prediction model based on directed graph
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Figure 2 Network structure diagram of reinforcement
learning autonomous driving trajectory prediction

model based on directed graph
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RICBER 1,29 0.95 0.53 0.34 0.03

x2 BRMRZMBIREILL

Table 2 Minimum final displacement error comparison

m
i # MinFDE,  MinFDE. MinFDE,,
GOHOME 6. 99 2.87 1.94
Multipath 9.34 3.62 2.93
MHA-JAM 8.57 3.72 2.21
LaPred 8.12 3.37 2.39
AR 7.32 2.56 1. 60

3.4 HEAXI

XF GNN JZ2 B 27 2 I ik AT IH AR 9T IR R
AT B R ) e, AN 3 TR, 1 %, X GNN JZ
PEAT T AT 5, 20 S04 GCN Al GAT R A J8 7
FURHIE AR e 415 SRR . GAT JZ AT GCN J2
A TR T, X T g S A T AL DG AR A,
B AT H AR R BT N — e,
UK, HEAT AR 2 20 D5 vk WO 5T, 4 S R BRUA T SR B
ARBTG5 20 o 5 R WK Al A T it
Ry 27 ] W BEAUAR B B 75 X0 R AT O v B
— PP ] EANRE TN B AR TP A
& B0, A B BB 5 2% 2] W TR & S8 h A
I 5 WA A R PERE

XF A A 8 3 T T AL A N S R AT T Rl
E IR BEAMATR BB B0, 1R 4 PR, B A% &
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BeA P R A g R R T A5 2R R E oy AR B RO N A R B 2 L T A R L
50l 2% 1 EUA T T AL RN A N e A AR T ) AR Y b U A A AR R SR I G D
5 AR EOR Y HAB SRR BRI AL R M AR T B S P A A R
*3 GNNEMBEFEEIFEHBMARITLL
Table 3 Comparison of GNN layer and imitation learning methods ablation studies compared
GNN JZ 2:2)5Kkms MinADE,/m MinADE,./m MissRate; MissRate,,  offRoadRate MinFDE /m MinFDE,/m MinFDE /m

— GAIL 1.48 1.12 0. 66 0.53 0.04 9.04 2.94 1.85
GCN BC 1.43 1.09 0. 64 0.51 0.04 8.53 2.76 1.75
GCN GAIL 1.38 1.02 0.61 0.43 0.04 7.92 2. 66 1.68
GAT BC 1.31 0.97 0.56 0.37 0.03 7.57 2.59 1.63
GAT GAIL 1.29 0.95 0.53 0.34 0.03 7.32 2.56 1. 60

R4 EMSRERMPENLL

Table 4 Comparison of Generator ablation studies compared

LAY MinADE /m MinADE,/m MissRate;, MissRate,, offRoadRate MinFDE /m MinFDE . /m MinFDE /m
— — 1.59 1. 12 0.57 0.48 0. 07 9.12 2.87 1.82
Attention ~ — 1.38 1.07 0.63 0.43 0.05 7.93 2.65 1. 64
— TR 1.43 1. 10 0. 65 0.47 0.04 8. 06 2.69 1.71
Attention JH7F it 1.29 0.95 0.53 0.34 0.03 7.32 2.56 1. 60

3.5 SHRTH

nuScenes HLE U 25 R a1l 7 FroR . AT LA Sk
AN [7) 37 5 1 T 245 SRR PP IR Y 1) B4R | 4> 75 191 DA
e AT AR R T b IR 37 S A R B0 L S B
W, B 7Ca) N B bR AW A 2 e A B AT Bk, O oA
Toi) £ 0 8 [ 20 A0 B L, T H 92 A0 A0 B AT B B O
BRIE RS L5 181 7 (b) S FAR 8 AE T 57 I 1 9 fe A
B b TR0 R 2 4 5 B 22 AT R 1 A 1) A7 3 20 A )
FIE AT RRAR S HAT I 7 () R B AR G AE HAT

I b (BT 1] A A ) A i i FIUI H e A O AT RE B
o) ZE 56 4238 JF A AT RE ELARATRE B 7(d) v H AR 424
FEARE 0 - 7 % 11 I, F00I0 1 & 1) 22 b g 18wl BE
XARFE AT I P 5 B T (e) O HAS FRARAE T
LA A 1 A Y TN 1) A R A 5 1R T () A
FIAR 4 AE 2 th 1 AT 4208 b P00 & i Kl e 4k £k
HAT A Z e AT RE A SO TN T 4% A
By BEPE, W Hh R B Z RS TR AR, B Y

AT T35 T i 3 FL ol BE 7

(o) i DL I A I o

(&) FNFETERBG

() L ORpl

B7 #EHERToE

Figure 7 Example plot of trajectory prediction results
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) 2023 4E

U5 REAG fif AT Dy v I IR A R 1Y R AL, 45 B BT 4 1Y

RS

o HALASTRA T HAL T %, K =5 B, /bR

KA IRE MinFDE, 3% T 10.8% ; K = 10 B e/
LIRS IRZE MinFDE | ¥ T 17.53% , /N F-1
7 # & 2 MinADE,, $&7% T 9.52%, 2K 1% % Miss-
Rate, ¥ /0T 28.26% . 255 s A SCH I ik BE 6
15 B A B S 300 i K B 0 A E T A
TE nuScenes B 4L L BA T p9bERE,
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Reinforcement Learning Autonomous Driving Trajectory

Prediction Based on Directed Graph

CUI Jianming', LIN Fanrong', ZHANG Di', ZHANG Luning', LIU Ming’

(1. School of Information Engineering, Chang’an University, Xi’an 710018, China; 2. National Computer Network Emergency Response
Technical Team/Coordination Center of China, Beijing 100029, China)

Abstract: As an important part of autonomous driving, trajectory prediction aimed to forcast the vehicle's driving
path, so that the vehicle could make path planning according to the driving estimation, so as to make safe and ac-
curate decisions. Firstly, in order to improve the accuracy of vehicle trajectory prediction, the directed graph meth-
od was used to construct a high-definition driving scene map, and the directed graph method vectorized the map in-
formation to effectively extract the map topology. Secondly, GAIL was used to learn the driving strategy of the data-
set through the confrontation game between the generator and the discriminator, so as to adopt the corresponding
driving behavior according to the current state. Finally, the multimodal prediction trajectory scheme was obtained
by sampling traversal. Simulation was carried out on the nuScenes motion prediction dataset. The quantitative re-
sults showed that compared with other methods, when K=5, the minimum final displacement error MinFDE was
increased by 10. 8% ; when K =10, the minimum fianl displacement error MinFDE  increased by 17.53%, the
minimum average displacement error MinADE ; increased by 9.52% , and the error rate MissRate,, decreased by
28.26%. The evaluation showed that the generated trajectories were multimodal, could conform to the basic struc-
ture of the scene, with improved accuracy.

Keywords: autonomous driving; trajectory prediction; directed graph; reinforcement learning; GAIL; attention

mechanism ; multimodal prediction

( BHESS 45 T0)

learning strategy was employed to allocate the remaining points, these unprocessed points were used as noise points,
and they were classified into the class of its nearest neighbor. The improved density peak clustering algorithm was
used to analyze the bounding box of the controlled knife, optimize the size of the priori box, and improve the matc-
hing degree between the priori box and the size of target object, so as to solve the problem that the clustering effect
of the K-means clustering algorithm in the YOLOv5 model such as its unstability and the low convergence rate of
large-scale data. Moreover, The C3 module in the Backbone network was combined with the CBAM attention mech-
anism, named CBAMC3 module, which could improve the model’s ability to extract target features, solve the prob-
lem that the YOLOvS algorithm was not effective for small target detection, and improve the model accuracy. The
experimental results showed that the values of P, R, mAP@ 0.5, mAP @ 0.5 :0.95 of the improved model
YOLOvS5-Plus on the customed data set were 98. 14% , 95.80%, 97.56% , and 76. 68% , respectived, which is
1.64%, 1.59%, 1.51% , and 3.26% higher than that of YOLOvS5 before improvement, and also verified that the
proposed model could effectively improve the detection performance of controlled knife in public areas.

Keywords: controlled knife detection; public safety; target detection; clustering algorithm; attention mechanism



