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Abstract

Traffic signal control at intersections plays a crucial role in managing traffic congestion. However,
the conventional cycle control used in existing traffic signals is inefficient and often leads to sig-
nificant vehicle delays and energy wastage. To address this issue, a deep reinforcement learning
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algorithm was employed to interact with the environment and learn the optimal control strategy.
In the initial stages of the agent’s learning, an action-value evaluation network was established to
enhance the agent’s learning experience and facilitate the rapid acquisition of skills for mitigating
traffic congestion. The proposed model was based on the double dueling deep Q-Network (3DQN)
algorithm, utilizing vehicle position information as input and the four phases of the intersection as
the action space. The reward was defined as the difference in cumulative waiting time before and
after executing an action. The model’s performance was evaluated using the simulation of urban
mobility (SUMO) city traffic simulator. Experimental results demonstrated that the proposed
model achieves a substantial increase in cumulative rewards, surpassing DQN, double DQN, duel-
ing DQN, and 3DQN by 58.9%, 51.9%, 51.3%, and 48%, respectively. These findings validated the
effectiveness of the improved learning strategy in enhancing various traffic indicators.
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BEE LG A 2 R, WLBh R AAH R AT 75 SR IG . FRA17E 2 2 IR ZE A KA R 1 (R
WA A AR E R, ORI IE R T P E @ . Sl 2 R BSOS K A
EHRSHTCEARIG N @B H BT, BT, A 2R A8 B AN % T g A
ARG AR R EH B, R IR 1) S E G M T BRI MR T B BB — PR B O A B AR R R,
Y OREK AR, WINEMIEITRE S 5 MR AL B 45 54 (Traffic Signal Control, TSC) &%t AR,
B EAMUELR R ERIANTI W1 W), HES SBUGHINERIEITRE L ZE., MR
A LB AR A AR ESEIl, TEAIR MRl IE B S5 M AT IR T, SRS E . Kk, TSC &
GEARAL R TR S SRR I 2T .

KRR, VP29 N RALE TSC R TT AT 7 REMWTT, It T2 TSC R4t. KEL
ATRAGR R =R BB R R 450, f8H Webster 2 sC[L10f € Z8AT IIRFEEIS 0] DRBHI% 6 R4, 401 MOVA
[2]. LHVORA [3]H1 SOS [4]# /& SR Bk hix i :40; HIE R RS, FU SCATS [5]41 SCOOT [6].
B, FEESERMAE R T E, XEESGH TSC RS ARE SN B S BRI A B dE S, §
AT .

F7 20 ted 90 AR, AN TR REHFEIIGH T 2@ 55, HA5Eik s > (Reinforcement Learning,
RLEA— MLl A28 (5 S 6 M INEAE S AR AR R T T2 N (B2, FHEASRAS SJ BRI R T %45
Q-learning ik, @ HLMERECKM T Q A, FUIOEM T/MIAAPIRES 2, T2 8E % R4t
FIE M FECRES MM R E R, WA HE SRS Q-learning. Fifi & UL A2 K IR ¥ 2% ] (Deep
Learning, DL)IERIE R fE, FFE N RIT AR L 24 ) St 22 ST gE &, FRONIRE 38162 3] (Deep Rein-
forcement Learning, DRL), {4 #2828 SR IE AU ZE e IRZS 1 Q [ RGBS, hffuk 722
RETRE LB M. TR, K DRL M 22 IEAE 5 0 8 F L HAg 7R .
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tetmn, Wang 2 A [7]#&H T —Fh T 3DQN MIZZIl(E 54 777, [ T 5T @ P om0 5,
Z T DA R FH 0 AZ 3B A 5 2 1] SR g JR v A7 X R S, DT s B i) 4 o S S R R 50 4 il e s, S
SR B BT H ) T AR B RS RN T — BOIRE R R . Luo 55 A [BIHRH T —Fh B 1& RITE B8 Rl 43 5K
s RN 2 VRS Q 4% (Deep Q Network, DQN) Stk s &8 28458 . $ tH 1 —Fh & Fibonacci /3 7111 H
TEREFE RIS 5, ARRANSIOE B TR O, i HLEE 8 B ek R B AL ST B . JHAESE
2 N[91#4% 4 DQN 5K #1312 M 2% (Long Short-Term Memory, LSTM)A %4, 18 F LSTM il ok ke 38
HARAS, 5 4APIRAS B EAE LS DON N o XM & INEEARIRA R 4L RIS i, i BAEH &
FREHE B AT T AN, S 2 U 2R AR MRS o T2 g5 N [L0]38 HE 1 — Bk T3 3 ALk 1)
DRL 885 SHsHl Bk, M2 M4 25 003 E B RS, (B2 5N = NIRRT Hi%k
AR

ATLAE 2], FIF DRL HEAT A5 5P HI#EUT TR IBUR, AR FAR 728 X 2245 RS54 i
] ZEAHEBAAC P 25 Fa AR . FE Tk, ASCRIH DON ISR BE AR EAT 2SI S 45, (H2N T Hem 2 )i
FERNE R B IAG TIAS B2, 6F DQN HEAT 7 — L idt, AFERE N S50 . S0 iE SR AR 35 ek £
TSRS NGB R R E ) BUR M EE R R, 2R E TEERENAB AR 2], REEd 5
IIARFEMELRIEHRAIN . WA TR GRS, —Le ek IORE A S ] DU PRS2 S RS, BEARI 42
TOPERT LAk &, SRR R e . (ER K 2 e il B FUAE DI ZR IR AR B T A 45 B e A 2
BEEFMARIEA, AR RN RES S B EM I HI5EnE, S EAEVILE M B B T 250 R R ILH A 207
MR E I BRIEZ Al AR SO GRS (0 28 I BA 58 F 3 0P ARZS 2 (] BN 2% (] A0 22 Jih ok 02 AT
TR, Kadt— DRI MR ALE . Z2 EATR, AU EE ST R

) X DQN Sk —2pkilt, @R EMLZLE . L0 ie s AR AR A, FRERT Q
ELPRT A T A, DT A A ABE 2R P i 8

b) G | —EEME AL NS, RNV B, M4 T30 3DQN &5, JFH I Refk
R EIR AR I E RS, Rk T B T AIEM BRI AN 2 5 B0 AR AR 1)

c) 7E SUMO #E 7 7 —ANHAE YIBAY, A st S ZE s AN e, AU IE B 2 A5 2 1) 1A
PERG 2, SRER 2 SRR, 2R T A% G i [ O R AL AT O

2. IREBR
2.1. sE@HEY

SRS ST A B A AR 5 A B 2 AL I L3027 2] B R S . FLATK), RL B REIA (Agent) 53AETAL L, 1E
M BPATEE NG R )G, 2 S SR sh e, DLW RS 125, SRIAAE SIS B>, A
FAVPOE K RA5HE 5 R SEBL R FE AL -

B 1SR SE ST B AR IR L AR, ERSIAD ti, R BIASHRES s IRAEIRES s AT B01E
a MBI H, HEEAPITEIEE, HEE T RS E R IR s, » RIS PR BEARSR B
TER R, BEANIEREAT LU TCA (S, a1, Sy ) RN SRS 7 R — RAISIMEA R, RL AT S5 0H M HNME
PR ORI AE —DIRE T AT — A SRS S 1R S AR TN [P, e BRSO A B VIR (i BR BORDIRZS A
HREL 1RRE s THATINE a 19 RN RHR B E SCAEMEREME R ELQ™ (s,a) -

Q™ (s.a)=E[r +75,,+7°h,,+|5 =58 =a,7]

Sk @
“E| > s =58 —an
k=0
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Figure 1. The work cycle of reinforcement learning

1. BUFE N TIEERLIE

BRI BT A HI AR A R 25 51— RS AR P ) S, LA fe AR DU IR . 4 S8 e
JEERAS L Q 1, B4 Bt ems o ¥ Sk 3 B AT R R I Bh1E . BRIUL, HRAR I SRS 1Y
Bt Q BB Q (s, a) FT LM F B UK 2 7 78

Q’(&a)=Em[n+ygg§Qf(%w@ﬂNSﬁ} &)
>N EP ’ %ﬁtﬁ%lﬂg ﬂ*jj
7" =argmaxQ” (s,a) ©))

T

RAE R V) BRMIRE s TFHE, B ARSI SRFUIER, 52 M-
V%ﬂ=a{i%mus=ﬂ (@)
k=0

EAE S RL S, 40 Q-learning 503%, fHH Q RASAEMETEARE N SMEM B INERS
MHERE Q™ (s,a), (ER MIRBIA R R H 40T, RS SEORA A 0 skSh (52 WURIG, 7= F 45 A
N T fRPEAN R, RZHE4E RL 15l DL, FIA DNN #zfeh RL S fERASME R £, s 4
BRI G, DASEIRRRGE . 3P R B 2 ) Al Ak 2% 5] 25 Gkl Sk 1 75 it #R A DRL.

2.2. REBWKES

DRL Wi B % 2] ARFIE RN Be 71 5 a0 ST R SR RE JIARSE &, AT S I 5 KPRy s 381 o 2 21 428 il e
71, DRL TEVF 2 T BI04 N RN 5t e BT e A W SR A 25 A T S MEE 2 [11] . Minih 25
N[12]5 5 TIRE Q M4 (Deep Q-Network, DON), M35 J5#hR EH& 1y DON KPRESH A, (5
S 22 9 2% (Convolutional Neural Network, CNN)ffiit Q {8, DQN ittt iE el H bRl Jy:

Yo =1t +ymaxQ(s,;,8;0) ()

Hrp 0 LRI S SCR[12]0 55— Ttika2 iz F 7 B AR A58 BRI AR, ATt E
CNN ()%= )it 7%

T AERFIGEARRE AT, DON 24 6 # o> E8T, AASAHERI A2 K1) Q 18 1 BA AN F S 41 [H]
— M ARAT, XA RE FEGE R ARE SR, A T RIGX AR, SCER[12]5IN T 5 g 25K A ]
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ESEAFR AP 4. ENZRNITTIRI, M2 H FR R 2RI S 8. B 50T SR
FERBONEREA, RN TRT, B FRR S5t B AREA T A5 T Q ME AR BT 1 M 2% 12
. BRILMNSGDE, BN RSHS EMEEDE, BArME—BE RN RE HFMEAE, GB)
T 5% DON (AR E . Hhir DON i (3ol H AR e :

Y =1 +ymaxQ(s,.,.a:0") (6)

Hr o 2 B 245,

BRARTIE SIS WA R rh 2P AR VP 218 B (S, 8,1, Sy ) » AHARIRIZ BB E I 38 _b AR AE—
SE A SGNE, B X LI S AT VI ZRmT e 2 S EUN THE S IH B Z R ZE(E I K. A T B fiX
T e [A]AH DG PE I RE MR, R 2056 [m1 FRCH AN f il — B 18] (V32 B U A7 7R R Ui 2, SRR TEINZR
R BT TECA A 2 P B LR ARG, T UNSRERBEM A N 4 o[RS /N 10 2 21 7 st R
m TGRSR

7£ DQN Sk, an&EX(5) M5 (6) i, SER AR VTl &2 FHAH R 1) Q (S, Wik
FEAMEF A M A SO, AIRe S Q MEME . Ak, Van Hasselt %5 A[13]#4 Double Q-learning
% [14]5 DON Z5E, WiE T — AN, #1048 Double DQN. Double DQN {8 H = M £k B2 1E. H
PR ZE DAL ENAE, SR EEAT H AR 28 fAS, A Q (A A h S0 -

Yo =1, +7Q(st+l,arg maXQ(sM,am:H):HJ @)

5 RZH T ool RL FVEMIBE AN E], Wang 558 N [15] %1 T2 W 25 5 /4 (1 G187, 2 H T Dueling
M 2% 2Ky, Dueling DON 5 DQN frymE— X B E7E T &M I L5 /AR . Dueling M 2% 25+ wl LA [R] B 4%
THEANSIE AR E R EL VA(s) RIS B AL A (s,a) , Horr, SR s e SR A7 (s,a) = Q7 (s,a) -V ™ (s),
RINERE IR T AT A BME A XA . 1 Dueling DQN i Q(s,a) M2 BRI 32 5
23 A(s.,4:0) ®)

| |3t1

BFAF, 5 BRI DRSS BOTLL, R E DT DL (00 4 T AR s R A R 1
3. &T 3DON FMzh{EHHEITFE MK RISER S EHHRE

Q(s,a;0)=V(s;0)+A(s,a;0)-

Figure 2. Four-way four-lane intersection
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Figure 3. Four traffic phases at intersections
E 3. X0 4 M@

N YA R BE B A 2 S RS XTI ASEAE S el /L, E SR T 2 s PR AL,
AR E RS VUK EIB AL, B KA FE. WABETEE., KA METEAEE. X Od
() BT 2 250 Pl 3 s ) DY AP Al AR AL AT I, A 3@ AH A2 4% NSG. NSLG. EWG. EWLG i
FPARR TAE, AT HRAINUE B9 0 S NI (8], fEDIH R —AH06 2 A B T # TR, o, NSG #oR
FACTT R EAT PG B4R ET, NSLG Ronm b7 M 72 54k AT, EWG Ron AR VU J7 [ BAT A #4540 0T, EWLG
FORRPETT M I 4% )T o Rk, 1B FREEE L DRL Fr 5 B APIRA 2 [a]. SEAS 8] 205 R 5 LA R 4 i) A2 e
(ERERINY RN A7 R

3.1 RES=EE

KRB TR ITIELZFZRE, XS N [16145 58 X B 21 %, R S 4R 1
IR WOV KEARF B oot . IO =AM A0, il AL B R S0 AN Al 5 5
FAOLRERE o (HR XA EUT 5 A G BN, C R T 42405 58 X 18] A ER 2 58 S S @R G 2
TSR AT A2 ST ) R 000 22 XA ) AR DL RE EOR S Z W/l . Mousavi <5 A [171K SUMO FIREFDLER
RIS RAN, HEZRMEREGIPRER R TR PRI ERAREZE, mHA —ERWRkEH
ITERESRTT -

Figure 4. Schematic diagram of section division of west entrance lane at intersection
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B, ASCHF BRI S EIRT7 %, R IR IR I 4208 S O K EA R I # ek, A2 X
HEz, FRoehs R . W 4 S AP N GRIE B BRI 7y s B R, AR IE oy —H, B
AR =20 P TE 0N — A, BRIEKE 750 K, ARJE KRR s LA RN 10 AN THE, BRIk, BN
SCHAPYA A ZETES A 80 AN FTTA%, IR 22 8] U 3k 2 B TC A% rp R R A7 AE 5 DAL, 35 SR TTHs P A7 A
A, MPRASEIC L, BWE 0, b, I8 X A S e K BE IR AP LE— R G 2 0K, 3
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PFEII A SO ) ZE AP IE RE A I A 1 o bR 22 B R T AN RE S 3R A5 2 ZE 20845 2, 1T HL
WG/ TR ZE R, FRAR 7R B A ST IR AL

3.2. HEEIE

FESRAL S S I TARGE A RE T, B BRI RIS AR G, & B S E I aifE LT, X
LA AT RE R EE AL R SRR OB ] AL, R IE] 3 PR A A 4 R ESE A AL E R E)
fE2 i), F4E A={NSG,NSLG, EWG, EWLG} 7. &M AIAL AR S () g, FEDIHRE] N —AAZHH
ML Z BT, BB TRy o BT ], B OR 25BN RENS KN ROd I &1 45, I FRish 1A 1
— /NIRRT, AN 75 250 B B AT I

3.3. XRE#

Sl R UK BT TR 2 ST 1 ) AR B, — N Bl R BT DA b S R B A BT
BV MGFIR, AN BhSE B skms,  DLSe Il il .
N T GARAE X ARIE S L, SRR D R AE NS 3 S AR I (AR Se B . AERF RIS € I, A3
ZE18 B /NT 0.0 m/s BBTA ZE 4% BB SR I () 52 S R
awt, = Y w,, ©)
Hrr, wt FORER P I, 5§ BIERSEARE, n ZoRA SRR EE. Ttz
AT REL v € SONPAT BRI ) SRS R ) 22«
= awt_, —awt, (10)

o, awt,_, A1 awt 20 R AERT B t— 1 AT A2 ¢ N3 2238 R T S5 A AR SRR S AR I 1]
3.4. ZiEESEHIEE

TEA/NTTH, K A-28 3DQN FIBIVENME VAL I 26 A0 25 & 15 5 F H A5 5L (3DQN-EN), A 45 45 44
WK 5 fiose

w5 5 B BN, FANRR—A 8 x 10 PPIRASHRE, 20t — M JZ I T 4815 80 1 —
PR, SRER 4 ANEA 400 M TGN AIEEE . R — NMEEE T AN o R A
THIRESMME R B V()RS BRE A(s,a) , XA BRBUR G2 A 1E— AR I AT Q 1, W%5X(8)
Fice BTA BSOS R ReLU. BRI 2] BARah 28 T ikttt Q (E#iE HARE v, HoE
PEVSEEE

|_(9)=%Z[Q(sj,aj;9)—yj]2 (11)
Hr, B NHbEAFIIRDN, HIMEA:

Yi=h +7Q[51+1'arg _maXQ(SM'aM;H);e_j (12)

F ML H 0 i@t F3E N ALY T (Adaptive Moment Estimation, Adam) 5. SCHR[18]%F Adam 51k
177 PPN IR 5 A S AR R AR A S AT T HLARL, 5 RN Adam B30 HAT BUHR (KIS S5 B R 3 2
2E, BARVERERRGT .
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4 Fully connected Double Dueling DQN(3DQN)
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/ B -
R

SR SEEEEN -

8x10
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\ Evaluate Network

y

Figure 5. Network structure based on 3DQN-EN signal control model
[ 5. £F 3DQN-EN {ES4EHIE R HI 45 £54

80X1 80X1

4 Fully connected

State Input
array layer
E values
$EFE
8x10 |
‘ 4x1
80X1 80X1

400X1 400X1

Figure 6. Structure of action value evaluation network

& 6. sHEMETTEMLREZE

BRICZAE, S5 Ah—A> S E A e A2 2 S R T B Rk 3, AFAE IR IERESIERITT %, 70 R
A . IRZGRIRAEAFAE A B AE 25 () h BEALE FE 3N 15 LA ST S8 2 iR, TR PR 222 21 21
IR FE PR R KSR, BT LG X P TR R0 A0 2 S G5 RARH L2, RS HUm FU#R A
T e TRAESRMGIEFE BN 1 -

{ argmax Q(s,,a;0), u > ¢
- . (13)

MBS (B R B H DR, u<e

Horb, w N0 Z A —NEENLEEL e NIREE, EIIZGIERET, myIaEENME B R, HRIX
FOTIEAERTDPIR RN, AR SR AT E, JUHRASCEE SR, mRERR B
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SARRLIRAEL, FTRES A L E S . FTEL, ASSOM SR U E Al R 2SR IR e SUAEHEIK T
IR IA L, BN — SRR IO A, A B TR S PRt = ST SR E P 4% E 1)
S EIIE 6 frR, E R —AMamdEiEmgs, HAAR 3DON Mg AR, 2t 1 MIANE. 4 M4
EEZ, wafmb TR SRR E A4S RS T HAB R 2% 451, W CNNL A FEE R
2, BARHERRANARESR, AT DUE 0 2% 2 BoM i a oo S i R AT B e A 11
AR ). It HATEREMNE AN R, 5 T RSO, A E oS il — 21 AT E M2 o
#, ATLAET IR TIs R E T AR
N T VSR BIEIGFIR, B 2 il o B PP Al R 2% (14 H Fr i -
y;E = rj (14)

WU EAL R 28 B 45 2% R EUE SON:

L. (9)=%i[E(sj,aj;9E)—yf]z (15)

=1

ENAEE RN it Dy -
~ argmax[Q(st,a;e).E(st,a;eE)],,uZE
MENEZE A R BEHLIE SN, u<e

3T 3DQN-EN FACE 5 5 Pl IR BEAR SR IR SR P 550 1o B e tlan i — SR BB S AL,
PIIEHAE X AT (1~4 17), FAFHIIRE sy (7 17)e MTINZRPSFAFHARIRFEA (5, 8,1, S,y ) DAFRELE
PG, (HREKPE N AFERAIREN, A FEAE PR B HOE N #2261 2 HE A
MIER(11~12 4T) . ARG AETUNZR P SO E PP I8 B R —Le 2256, 3l Id Adam S [ 4 4 505 S Wi
L ISH 6F (15~19 17). IEFFIRUILRIT, 75 2R H T2 IZREF FUFA5 90 26 1 PR3 1 I 01T (25~30
1), WRIGAREAE M Adam A LSRR ERIIZR0T 0 & 24 0, G0 C B 1 g U= il 45 H AR
KINZH O (33~3617). T NEIGIGLRIG, HRFE e i —IREH:

h
=1-— 17

(16)

Horb, b O94ETIgRIElE, H VRS, WITRN, e=1, BReRBNASITES A hikseshfE, Bk
WZRHET, AR Z A H S e 22 2 iR BUEEEE 1, BERIZR4S

4. IRPAESCE

AT, FEARINAE X O PER TET T — RV, Uk i i) 3DQN-EN Hi% 1A &4k,
FF 55 [ % Fe i 5923 (Fixed-time) « DQN_AM. DQN %% Double DQN %72 . Dueling DQN %7.7% L & 3DQN
SVEBEAT EL SR .

41 SKHwE

A SCHTA ISRV 7E SUMO [19]°F & L 3ETHI. SUMO & H 8 T 25 % 0 2 it 5L irid it
(), B —ANER ) E R, 23 A S RO AT @A . T e — AN 44 Traci (Traffic Control
Interface) 142 11, W LABL#E7E Python Hifi i, AT FH 7 58 00 J 5 5 f) RS OB ASEHUIRES . BEAF,
TensorFlow HEZEF T S35 TR B sk 25 2 I A8 35 5 4

A8 X R AZ I8 W 2 R U ] 2 FoR, X —AN 4 ) 4 B X, A MRS R e §g,
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HIAIF 26 R0 R RV EAT, BRI R YA EAT, RATEMIKE N 750 K. @ik 3 R, &
T A MASEARNL, HHPRE =105, t=4s. FEHAKENS5K, 2B /NERN 25K, &
TR AR SUMO R ERIA MY Krauss BERY, A il 1.0 mis?, JikJEN 4.5 mis®, FrREIAE
1 fc K3 E N 70 km/h,

TERIIASE T, s A oy AR BEE, O 7RISt RO i, A SCESE T Weibull 4375
KA E R, HIBRSEOEE N 20 3ENEE W AR50 H 354 1000 4%, 12 X A R ZE 00 B RO
Weibull 734, Fril, —JFaaiE NERIM 5050 H Sigeass, RSB 8]—MEE, BPIsiRdr
A, BRI T RS, R W . b, BRI IR 75% MRS BAT, 25% MR
T B E A

S AEREAT 7 200 NELE, AR EIS RS 5400 ANMEEIE K, SACIZE 800 Yk, FELNIRR SN #E
1o HEASSZIGEFE B fd AR 45 — &7 NVIDIA GeForce RTX 3050 GPU AN N iHEHL,  [FINHE
FH Python 3.8 1 TensorFlow-gpu 2.4.0 SKRSEILX MR, #E SUMO 1.14.1 b AT 4/ FLSLES .

Table 1. Parameters of the model

=1 RENSY

24 {1

LR e 3V ORI PNAN 50,000
ftab ¥R/~ B 32
PrinZHy 0.75
¥R a 0.0001
HirMZEHEK C 150
SEEHN 200

PR E M ZRE A5 P 100
IEAIREL 800

4.2. TN IERR RIS ELERSR

T Se ik R VPR AR A A ST A2 5 BR Ko 2Dl BR B0RT DAL S TR SR K 4 3R
ARSI Al R BOE SCRIAT SIE 1S 280 RARSERR I A 22 E, JRAT R E 52 i ek B0 B IS 0L
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Figure 8. Comparison of cumulative vehicle delay time of each algorithm (the lower the better)
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Figure 9. Comparison of average queue length of each algorithm (the lower the better)
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Table 2. Average performance and convergence time of each algorithm
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Table 3. Experimental evaluation results of 3DQN and 3DQN-EN
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