202147 A

vl K FRCE RFAF R Jul. 2021

58 4y Journal of Sichuan University (Natural Science Edition) Vol. 58 No. 4

1

— Fih 2L 33 B R FE A RE I OR B RR B
I_."!"g"\ mﬁ:l"?* %U?th

A E, F J‘l‘l1 &

(. BITREFAUS RSB, EI] 3611015 2. BT RFFEINIFEE . W 518057)

B U5 ARERERT FMBETHRT AR ESKAREY 0T AR ZFH LK A

T F R ZGBAT 5 R A AT F, R TR A R R A E M % DDPG #2388 7 —#F
Btk O NBRFEOFE SR THEBRERLT LIRS AR, @id s
MR8 2 RBATHAL#ATAM, AT SUMO G AR BB ET AN e By AFE. AR
FEPG {424 i1 5. RAT £ ZHREAT. FREREN . ZH X B3R E
SR R R N SR X 2

. BTN BRALFE T R E; HFAENR

FES RS, TPI1SI XHERARIRAD . A DOI. 10.19907/j. 0490-6756. 2021. 043003

Improved deep deterministicpolicy gradient
network traffic signal control system
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Abstract; The traffic signal system controls the order of urban vehicles, and its efficiency directly affects

the development of the social economy. This paper takes the traffic signal control system at the intersec-

tion as the research object, an improved algorithm is introduced based on the deep deterministic policy

gradient (DDPG), in which the feature enhancement and sample deduplication algorithms combined with

the characteristics of the traffic environment are designed to improve the performance of the algorithm.

By analyzing the operation of the actual traffic system, a traffic simulation platform for intersections is

set up based on the SUMO simulation environment. The FEPG algorithm is used to control traffic sig-

nals to achieve efficient vehicle traffic. Experimental results show that the algorithm can effectively re-

duce vehicle waiting time and reduce vehicle emissions.
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Tab.1 Traffic environment parameters

B S e UR B S e
A ETER 3 FRKE /m 4~10
OB 3 Ja s/ (m/s*) 0.8~2.6
FEKE/m 200 FIAENE/ (m/s%) 4.0~4.5

FR 3/ (km/h) 30 2 3 B R 0.6~0.9

2.2. 1R A s# W 1 FroR +E B RS
T B TR 4 AN TEIE R 23 4 A B, B oo
AU 50 m. HAICHR N5 H KPS T5 K.
A HICNA n A 3 ETTH NI a,
JRAETIAFAREIZ A ITC N R 4 n D 0
DS 27 R RE IR 04 75 DU B o 9 24 3 18P P4 4 =X
(3). PR HEZ y 32, 4k 2 fom.
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Tab. 2 State vector table
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Fig. 1 State description
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Tab. 3 Traffic signal phase
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Fig. 2 FEPG algorithm structure

TR R AR SE 5 IS R HE AN ZRIT B, U ZRBiy

INZRI B

¢t (1—0)¢

Berf 4 A pp e R 45 A0 AR DL SR AR A A5 AR
FFIAHE Z M B SE R AF.

A-online M4 5 ¢k SR LA S FipiR
A5 Ha i A e HAR AR

oss_a = J () ==L 3 QG a |0) (2
=1

A-target P2 TSI/ RAE  Hofa A T —AR
BT —3E o W% S 80— BCR PO
B H R R

0 <0+ -0 (13)

C-online MZ8 5 500G Q pREC. Hiki ARy 4 i
RS 5. IE o F i oy QME. v RS, HA K K

loss ¢ = J(p) = %21 (vi —QGisa; | ¢))?

(14)
C-target (2% 5 A-online 2L Q pR%L, H ki

ANT—RE T =3k o i B T 5bR
BEAH i SR TR B T s

KA A ADH m Rk batch KN —BEHL
0. 01, DA X4~ 248 ik il LAHIEE target P45
2453 BN online [ 4% HLAG A1 [7] 1) I 245 25 44. 5y
VE 45 7 Hh I 23 ISE R 0, 7 254048 O
T R TR L R B R AR T TR R
JUATRE KR AS 25 ). AR AL %o I 45 Y11 25 i 1)
53871, FEPG ByL R an sk 1 pis.

&35 1 FEPG &t

D) WG TEZe M4, FEE T BEHLALE 0, ¢

2) WAL HARNGS 0 o AR L5 R

3) forj =1toMdo

4) BENLRILR AL IRSR  SRAF R ARRE

5 fort =1to T do

6) SR X455 T I ek 11 v 30 g s s 1 A @

7) Agent BATEIE a I PAFFEALE AL L0

8) M QD I FHEA L F T 2

9) if ZKthIH T e

10) ##E= O M (DT (e )

043003-4



5 4 R E, S — AR 0 TR A A M R SRR TR A % 58 &

1D if TR IR

12) FEL B b RAE m DFEATF AL
yi =r +YQG, . =510 |4

13) i FH 5/ IMb 5 22 BB AE AN N 24 -

m

Le = %ZW QG ar | ¢
14) At FH SR W Ao 38 BT SIIAE P 265
L(_' - 7}1;2”] (y1 *Q(S‘/yai ‘ 6)

15) SR AR 7 28 H AR R 45 -
0 <0+ -0
¢’ <1t (1—1)¢

16) endfor

17) endfor

4 0= B

FEATAE b SR 1) A8 38 P85 rh 3631k 35 A AL
P, IF B e B il FTC (Fixed Timing Con-
trol)» Pang % A1) DDPG!M® #5251 77 %, Genders
S5 NI DQNU il )y 1 5 A S FEPG 5 1 Jy
. Mo FTC 475 % . DDPG #1 DQN 55
R A7 ) T . X H AR OFR bR o B I 8L
PERE L 450 (%) P-4 25 R s ) A K 42 O B
4.1 =EWEIT5S FIC ik

W 4 PR s ARSCET T 4 HH 435K
TEFR B KI5 22 (Low Density Low Variance, LD-
LV), M4 % 5 ) 2% (Low Density High Va-
riance, LDHV), & %57 %5 & I J7 22 (High Densi-
ty Low Variance, HDLV), & 4 % & & 7 2
(High Density High Variance, HDHV). 7L %
JERR TR B D LB . T 2598 4 B E R
B 5 I Z 22 (8- J7 F, 7 2288 s R % H Y
T R 2 ORI B AT L SCk[ 20 .

x4 FRER
Tab. 4 Traffic flow type

SRS EEAK WE/ AR/ YES
1 LDLV 640 100
2 LDHV 640 400
3 HDLV 1080 100
4 HDHV 1 080 400
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Fig. 3 Average waiting time at different signal time in-
tervals
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Tab. 5 Net structure parameters

REE P 2% JZ 5 T B [LESPIe 6 s

A-online 2 ReL.U, tanh 80. 30
A-target 2 RelLU, tanh 80, 30
C-online 2 Rel.U, linear 100, 40
C-target 2 Rel.U, linear 100, 40

W Rt 56 0 IR AE 4 A S50 PR 85 v A7
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Fig. 4 Comparison of training process
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Tab. 6 Comparison of emissions
HE FTC DQN DDPG FEPG
CO/kg 8. 168 7.132 6.913 6. 797
CO, /kg 261.7 231.8 210. 2 214.9
HC/g 43. 45 39. 64 35. 57 36. 09
Noise/dB 56.53 53.27 52. 64 51.59
NOx/g 114.5 100. 8 102. 6 94. 15
PMx/g 5. 804 4.975 4,789 4,778
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