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Abstract: The path programming of the unmanned ground vehicle (UGV) was studied under the framework of
the deep @-network (DQN) algorithm. To improve the exploration efficiency, the DQN algorithm was applied
through discretization of the continuous state into the discrete state. To balance between exploration and ex-
ploitation, the Gaussian noise was added only in the output layer of the network, and a progressive reward
function was designed. Finally, experiments were carried out in the Gazebo simulation environment. The simu-
lation results show that, first, this strategy can quickly program a collision-free route from the initial point to
the target point, and the convergence speed is significantly higher than those of the @-learning algorithm, the
DQN algorithm and the noisynet_DQN algorithm; second, this strategy has the generalization ability about the

initial point, the target point and the obstacles, as well as verified effectiveness and robustness.
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Fig. 1  The reinforcement learning framework
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Fig. 2 The state diagram
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Fig. 3 The DQN algorithm framework for adding noise in the output layer
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Fig. 4 The Gazebo simulation environment Fig. 5 The Rviz simulation environment
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Table 1  Algorithm training parameters

parameter meaning value
e learning rate 0.001

b% discount factor 0.9
M memory length 1 000

m batch size during training 100
E training number 1 000

d, /m target point threshold 0.25
d, /m obstacle threshold 0.15
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ZEATFIARWCEL, 1 000 [B15 It B3R K 94.2% ; Q-learning B AE VI 2RI [a] BUIRZS 23 (0] WK, I 2R 4h SRR E
BLIIR A ME ML Z R, 3 A4 DON B3k 1 T R AR 5 T Q-learning S KSR e-greedy SR ARSI AT



456 VA I G I A = 2023 4F 5 44 %

R DON BV AR T 221 1 000 145 N SR A 71.6% , B AR T 53 Sh i Fl DON 553k | ix 32 B
TE P28 25K FR R IR P 1) DON B35 PR R BCR 1 T e-greedy STAEHME 19 DQN 553 ; noisynet_DON %
VEAERTNIR R B BUR D 3 changed _DQN AH 24 , {EL ) 11 K W 7 s 05 22 5 BUR I AN M8, e 2h 2 B A1
T changed_DQN .

changed_DQN

0.8 noisynet DQN

n0.4 DON

Q-learning

0 400 800
N

B 6 XA
Fig. 6 Comparison of success rates
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Table 2 The mean and variance of the mean rewards

changed_DQN noisynet_DQN DQN (Q-learning
mean 1.081 32 0.707 14 0.091 377 8 -2.808 89
variance 1.460 35 3.299 63 4.695 35 5.056 47
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(a) Mean reward comparison between (b) Mean reward comparison between (¢) Mean reward comparison between
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Fig. 7 Comparison of mean rewards
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Table 3 The mean and variance of the errors

changed_DQN noisynet_DQN DQN (-learning
mean 0.379 32 0.454 48 0.873 16 4911 19
variance 1.120 79 1.213 50 2.741 73 6.128 13
— changed DQN DQN — noisynet_ DQN
— Q-learning — changed DQN — changed DQN
3 8 8
g g =
< < <
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0 0 0
0 400 800 0 400 800 0 400 800
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(a) Error comparison between (Q-learning (b) Error comparison between DQN (¢) Error comparison between noisynet_DQN
and changed_DQN and changed_DQN and changed_DQN

B8 iRzEXIILA

Fig. 8 Error comparison diagrams
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Fig. 9 Success rates of testing Fig. 10 Programming time of testing

B 11,12 43314 Q-learning 575 H1 changed_DQN L 7E 1 000 [1]45 75 47 1 A% [ B A28 R ADoK it
M, 32 ] Q-learning BEIRAY/INEETE 1000 14526 A7 A BERLIRI 3 MAI AR s 1) EH A 50 ORI B 4%, 32 ] changed _
DOQN F535 1 /INAE BRI H 55 56 26 1 e Rl i 42

R T BAIEAE S R BRI Y DON 555k B A S A Ee | 4 AR SO AR O L RO A S R A
Ty R R EE T EA T 07 B2 56 15 EL4% W 35 1] changed _DQN 8515 14 0\ 42 247 A bt iy 4% 1) DGR 44 5.5 B
s S AR B O 1 TE R B A2 B 13 14 15 43 R O3 e B st | A s RN B AR 400 1) B A MR 1L L 16 O e
Wek 28 J5 B Gazebo 1f B35S,



458 AN | N 2023 4F A 44
1.5
34
] ‘ 1.0
v ¥
11
0.51
j
-1 01
2.0 -1.0 0 1.0 -6 -4 -2 0
X X
11 Q-learning B3 AR FLI SR 18] 12 Changed_DQN %3 B8 4% MR 20 R
Fig. 11 Path programming effects based on Fig. 12 Path programming effects based on
(-learning changed_DQN
0] - wr
1.04
-1.04
y y
04
2.0
ok ‘ , , . . ‘ . -1.01 . ’ ' ' . ,
=7 -5 -3 -1 -6 -4 -2 0
X X

B 13 EARSEER changed _DQN 59 BAZ MR R 1K 14 IS MAET changed_DQN 53k A2 MR SICER F

Fig. 13 Path programming effects based on changed_DQN Fig. 14 Path programming effects based on changed_DQN
with changing target point with changing starting point

1.251

0.751
v

0.25
-0.25 . . .

-6 -4 -2 0
X
15 BRI 5 BY changed _DQN 7k BAZ MR R B 16 FEFMAR 5 Y Gazebo 1ff HIRES
Fig. 15 Path programming effects of changed_DQN after Fig. 16 The Gazebo simulation environment after
the obstacle change the obstacle change

4 4 HiE

SRR BB A5 23 1] RS Bt 522 B TE A B ML [ B0 5 ) T 6 6 2 VR NN Gauss W
9 DON BHE AT BE AR IR IR 48 T H B A, -5 T 422 501 . 5 05 0 22 9 8 v e ik 3 A
K 5 28 ) e 7 A R 5 755 1 ) B2 I 1 Q-learning 2595 , LS 22 A A O 1 3o g o e | 152 2



55 4 1) B A LT R R B DON B TE N A AR LK 459

/I, il 335 DQN noisynet_DQN 75 SEHG X H & B, AR SO R 0 B8 1k B D 38 00 5y | JOR B4 AER 4R o, H AR
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