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 E.A KA TIRAE RS T (deep reinforcement learning, DRL)#) 5% 2| 5% B 3) 2 3k ok K o5 i S 8L,
BEZEAEE, AL SR ERBAEELERIEY R X F T RKESE, T3, RET —HKEERS
FRHRAKIEGBLF IR A ER AR T E, BL, EZ T AT EFKRE QML (dueling deep
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racing car simulator, TORCS) I % UF 4% i 8 £5 5K
g s SCmk [7]) 4 i R R B Q M %% (deep
Q-network, DQN) & =3 7¢ PreScan ‘F & F 22 Y
A A W ae S SCk[9 142t R 1 DQN 57k 78
T2 20 09 A0 5 B8 )5 LA B (car learning to
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Fig.1 Markov Decision Process for End-to-End

Autonomous Driving Decision
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Tab.1 Corresponding Relationship Between Discrete

Action and Control Quantity

b4 PEM G (0T 5 R 4] CP 4
0 [1.00, 0.00, 0.00] HAT
1 [0.00, —0.50, 0.00] il
2 [0.00, 0.50, 0.00] 1 ¥
3 [0.00, —0.75, 0.00] KR A %
4 [0.00, 0.75, 0.00] KA %
5 [0.00, —0.25, 0.50] JINIE i i
6 [0.00, 0.25, 0.50] IR
7 [0.00, 0.00, 1.00] G
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—200,¢
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FoRTEARE s T RIEIE a 2R45 1Y K9] IR AE R
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Q(s,a) = Q(s,a) -+ a(r+ Amax,Q (s’ a') —

Q(S,a)) (3)
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L(s,a)= (r + Amax,Q(s',a")— Q(.s',a))2 (5)
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Fig.2 Overview of Network Structure
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MR KR . P28 450 ZH K 2 TR L 55 1)
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FRAE PR A o B R 3 T, 5 2 3 R A% I 4
B, Horp B BT HUE 5 NS — > S 8RR B
B 5 2 3 S st pad” 4 i FRon B
UL Fizs [0 B 58, 545 4 1Y X3 3R R FH [A) B
(4% U2 B A 3K LRNY SRR $EAT 5y # H —
1k, LhBI 1B 86 B2 T 2K 5 die Kt Ak B H b X2 pool %
NIR ML T REER o 2, A ACE 2R
& 1F £k 1% P JC (rectified linear unit, ReLU)/E K
A 2R PR PR
22 REBMERIKME

PRI U BE A 3 2 SR AT = 4k 37 5 LAT 25 40 1Y
—ANEER AR T IHRE R H IR
JEA 17 1t T LSRR T U O R IR A B E %
BMAAE T ZMeE. B TRHESRTAE
AT AR B, 75 2238 A 3w e it B4 =2 TR

ML 2T ARG B . o8 T A H B P R EGR
FIMER 09T HEFRAIE , 75 2 Zhade 2ot ) 19 28 25 A
AR LA T 10 265, AT 249 SR 5 5 4% 32 R AT 2 B )
ISR o ARSCRAISCHRI20 148 g A
BHTRBEAG T R HESE B AR AR 2 T 2R AE 2
FeoR o AR R B Be (R G Sk B s ), 7 224k 1 1
28T B 34 2 P T PR B ) 1 07 2245 B TR A T K
2T S AT AR LR R SR D, il i
el 15 T g A5 i e T T, B 1, 00 A AR OF
i I 5 A PR R S R R 22 75 B 4
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Tab.2 Network Structure of Image Feature Extraction

SRR (HX WX C) [FER
1024%320% 3 7TXT7TH#FU96, st=2, pad=0)
509X 157X 96 LRN
509X 157 X 96 e KA (X 2 pool)
255X 79X 96 5X 5% (256, st=2, pad=1)
127X 39X 256 LRN
127X 39X 256 I AL (X 2 pool)
64X 20X 256 3X3EM(512, st=1, pad=1)X3
64> 20X 512 e KA (X 2 pool)

2.2.1 MLBEM

B TR BE A T I 2% 43 Sy TR R T 2 AL 4 T
VIR Ay o TR 4% R FH 4 B U-Net ™ 2 5
R B g AR A H g A R E SR TR B Bk
7 W %% (residual network-18, ResNet-18) f{J iif 5
A BB | N 25 S5 40 280N 3R 3 T 7 5 fife e A e
D, ZHNFE AR, E¥ E B 0 R E R A
ZON TR B RS, IF AN 6] RUBE Y RRAE 18] LR 2
BRI, DASE R 22 ROBE UR BE Akt o 6 28 I 2% [+
FEOr R m B E, 5tk D, K E, 5 E,
A AL & 258 D, B 32 B RZA M, 45 )2
SRR SR o T SL W EAR IR T, AF
KA AL &l E, GBS AT D, ff 65 S 0]
P X BB ME R s i s E B Z 5 AT A H 4
Jay B A R AT I B LA SRR A 5O RS
T, i OE ok B R i i o SRR AR S
AL ] 5 445 BT BHE R R FE P

F A0 2 0 25 AR DI 25 B Bl 28, AR OB IR
JE I 246 fi i 2% 1 4 Sk il R MR R A e — )2 R/
I 30 18 PF 42 1 TR AR AR, 3 — 2D AR SRR
fEm AR, 25 A sk
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Tab.3 Encoder Structure of Depth Network

i ANFRIE(H X WX CO) F e

1 024X 320X 3 7X7TEBU6L, st=2, pad=3)
512160 X 64 RARMAL(B X3, st=2, pad=1)

256X 80X 64 3X3EFU64, st=1, pad=1)X4
256X 80X 64 3X 3128, st=2, pad=1)
128X 40X 128 3X3HEB(128, st=1, pad=1)x3
128X 40X 128 3X 3256, st=2, pad=1)
64 X 20X 256 3X3HBU256, st=1, pad=1)X3
64X 20X 256 3X3HEM(512, st=2, pad=1)
32X 10X 512 3X 3512, st=1, pad=1)x3

F4 REMBHBEREN
Tab.4 Decoder Structure of Depth Network

i AFFIE(HX WX C) FLHR
64X 20X 256 2X 2 AER(64, st=2, pad=0)
128X 40X 64 2X 2R AEFU32, st=2, pad=0)
256X 80X 32 2X2RER(16, st=2, pad=0)

512X 160X 16 2X 2 L BR(S, st=2, pad=0)

K5 MEMBMIDFREN

Tab.5 Decoder Structure of Pose Network

I ANRE(HX WX CO) e

32X10X512 3X3HR(256, st=1, pad=1)
32X10X256 3X3HBR256, st=1, pad=1)
32X10X256 IX1HBR(6, st=1, pad=1)
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31 XWHRREERE

AR 3C S K A B 8 Ubuntul8.04, GPU &
NVIDIA GeForce GTX 1070Ti, 2 Ji§ Python 3.7
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TR 25 4R o 5000, 145 R Be gl 30 000, 4
AN BERY I E] 25 KR 10, bR /N BB 16, B
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Reinforcement Learning Based End-to-End Autonomous Driving Decision-
Making Method by Combining Image and Monocular Depth Features

LU Xiao' ZHU Yiwei' YANG Muhua' ZHOU Xuanyu® WANG Yaonan’

1 College of Engineering and Design, Hunan Normal University, Changsha 410006, China
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Abstract: Objectives: Existing deep reinforcement learning (DRI.)based end-to-end autonomous driving
decision-making method is low robustness to noise, which would lead to safety problem. It is difficult to in-
fer the optimal decision accurately by relying solely on the image features when facing with the complex
scenes. Methods: An end-to-end decision-making model based on dueling deep Q-network(Dueling DQN)
is established to improve the ability of decision evaluation and improve the robustness of the model. It ob-
tains the current state according to the observed data, and outputs discrete quantities for controlling the ve-
hicle (including throttle, steering and brake). The monocular depth feature is extracted accurately in a
self-supervised learning manner, and which is combined with the image features for better representation of
the current state.Results: The proposed method is tested in a simulation environment. (1) The comparison
results with the state-of-the-art A3C model show that our Dueling DQN-based model is more robustness.
(2) The comparison results with the image feature-based model show that combining the image and depth
features is more beneficial to improve the decision-making accuracy. Conclusions: Training an agent with
Dueling DQN is beneficial to alleviate the security risks caused by making different decision when facing
similar scenes. Training an agent together with image features and depth features is beneficial to enhance
the agents ability of environment perception, and improve the decision-making accuracy.

Key words: end-to-end automatic driving decision-making; dueling deep Q-learning network; image fea-

tures; monocular depth features

First author: LU Xiao, PhD, lecturer, specializes in intelligent vehicle environment perception, control and decision-making technology.
E-mail: xlu_hnu@163.com

Corresponding author: WANG Yaonan, PhD, professor, Academician of Chinese Academy of Engineering. E-mail: yaonan@hnu.edu.cn
Foundation support: The National Natural Science Foundation of China(62007007, 61703155); the Natural Science Foundation of Hunan
Province(2018JJ3350, 20181J3352).

5] 32 1% X : LU Xiao, ZHU Yiwei, YANG Muhua, et al. Reinforcement Learning Based End-to-End Autonomous Driving Decision-Making
Method by Combining Image and Monocular Depth Features[J].Geomatics and Information Science of Wuhan University,2021,46(12):1862—
1871.DO1:10.13203/j.whugis20210409 ( j7 5 , 4 — gl | FARAE , 55 R I 5 50 I B2 R AIE 19 595 41 27 ) 3 391 3 11 30 25 36 ple 5 5 12 [0, %
IR 24 - 5 BRI, 2021,46(12):1862-1871.DO1:10.13203 /. whugis20210409)



