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Traffic signal control and simulation analysis based on spatio-temporal
feature fusion

Liu Zhenhang Huang Deqi Huang Deyi Huang Haifeng
(School of Electrical Engineering, Xinjiang University, Urumqi 830047, China)

Abstract: To address the insufficient spatio-temporal feature perception caused by neglecting historical traffic
information in existing methods, this study proposes an intersection signal control method integrating deep
reinforcement learning with spatio-temporal feature modeling. The approach employs a hybrid D3QN-LSTM network
architecture, which encodes multi-period traffic information into high-dimensional matrices through discrete traffic state
representation. A convolutional neural network extracts spatial features, while a long short-term memory network
captures temporal dependencies. A reward-feedback-driven dynamic exploration mechanism is further designed to
optimize policy training. Experiments conducted on the SUMO simulation platform demonstrate that during morning
peak traffic, the proposed method reduces average queue length by 49.95%, 35.04% and 16.72% , and decreases
cumulative waiting time by 63.03%, 35.55% and 20.15% compared to fixed-timing control, conventional
reinforcement learning methods and D3QN, respectively, validating the superiority of spatio-temporal feature modeling
and dynamic exploration strategies. To assess algorithmic robustness,off-peak traffic flow experiments further confirm
that the proposed method maintains significant advantages in both average queue length and cumulative waiting time
metrics,demonstrating strong adaptability and generalizability across varying traffic load conditions.

Keywords: traffic signal control; deep reinforcement learning; spatio-temporal feature modeling; SUMO; intelligent

transportation system
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Fig. 1 Deep reinforcement learning framework
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Fig. 2 Traffic environment
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Table 2 The traffic flow entering the intersection

WARH /W
dAH 296
AAD 675
MAM 362
AL 659

Ao WAL 5 ) i e e I B AR A 1 S B TS R Y
B EWITT IR AR D BTt 8 MR R W I B 5 R 0

Jo s TR B W > . BT AL SR FH AR R O A
495 381 1k Ast () A e R AT AR I (1) BT .
k x —(ZHk
RT Nk Vx>
Pk = (230 ¢ =0 19)
Oy.T < O

P x WHEHVESR, ¢ HBRSE A RIESH, £
K JBRSE e =2, RIES KA =1 992, FiED M H
Jr A 6 TR .

SR E] R 5 400 s, 3 38 W40 HE A B L
W TR AT SR L B R BN S R T
3R K 60 km/h, ZERC B 4 m, e/MAIRE 2 m, 58
TR AE s 1IN L £ B AT A A L B SR T EAT
709 ZE%E 1500 ATHE 150 B I SR . ¥ N T 481115 3
B 37 o B DA B W 5 A5 ) ) R A I ) BE R L W S AR
128 SUMO 2238 75 3R 19 F 24 A, 38388 5 5 R 28 WK 48 1%
s HSEBRIZ AT 7 RAE SUMO it {7 i .

MR N B3t % il (cumulative reword, CR) (3
HEBA K J# (average queue length, AQL). 2 i 45 35 05 [4]
(average waiting time, CWT), 2135/ e 7 %8 e Ik 18

o 6 .

1000 -

ik

& 6

223 i Ak B 5 oA

Fig. 6 Histogram of traffic flow distribution

S AE T AT 55 vh i B AR B, eI S ad A oh RO R e
MR R WI R R RE MR . P 3k B B A R 25 155 o 1] )
T A8 ST fR 1 1 A R S ) A o e HCARB N L AR
TR EATRCR M
42 HEFERSHIRE

h B UE BT 4 5 1 B AT RLHE L BT SUMO 5238 15 B
£ TP T 3 52 28l K 1 p BSE . SUMO /] AAR 48
FLSC T8 A S K AT BRI A S B L i i SUMO 1
Pl 1 TraCl 5 Python % 2 BEAT 22 H. , £ 1 7 FLH %
AR T A0 ST I S Y S RN AR 3 TR .

®3 B3Y
Table 3 Hyperparameter
BSH fH
U ERe 100
BRI 4 B 5 400
it KN 64
3 H o 0.001
it (8] 751 R 4
-y 0.75
A o £ 55 J6 45 10
a 0.1
B 0.9
AL RN 50 000
LSTM [ 2 55T 64

4.3 ZWS5HW

SRy B B PR R R B R RO AR SR TR R R L
3 BRI bR BRCRE WA S X b T T AR SO S Y R T i
T Y 3 O PR R W AT L 3, 3 Bl 1 3R AR S
R BRI,



AR F A THEZH RSO REBE T M 546 A0

541

TERERIYN ZR i w0301 . ot T8 RE AR B AT Se s L 1 3
Peff LA RSR A REDLYE . B B RE R X 2R 55 1) 72 A0 2 A
B RE A i 22 56 [ HOMIL R T 1) T A E R ok AT
P ARG Z I e B WS, WiE 7 ()~ () i
S AE YN GRad B v, 8 RE A0 2 T 2 Dl B A5t B9 3 L D
M FEAT IR R IR BB AR AT 1 R R il e % Sk o sis
JFE R, SR 2 il R R RO B AL 14. 600, BRI
DAl 4026 SR W SICHE BE B HRL, P 29 HE AR B2 LU R pR B0
WL 6.9 %0, EEMEREWOL AL 32. 806, R AFE TR I ]
B R BRI AR A 6. 400 BRE MR AL 25. 204,

- R Ee=1-n/N-—&=095"n

| —RENHE .
0 20 40 60 80 100
[ Ei3 27
() WZRE R iR R
(a) Cumulative reward during the training process
s [ - PR R e—1-n/N-— &= 095"
; — BN
& 40/,
8 |
& 30|}
= i
&£ 201,
=
B 10
0 L I I L I
20 40 60 80 100
Vg K

(b) YRR P EHEA

(b) Average queue length during the training process

250 000]

—HREFEe=1-n/N ~— &= 095"
—— BN F)Fe
» 200000
E 1
& 150 000} ;!
x i
3 100000 i A
i ‘
50 000
0
20 40 60 80 100
L2 A

(c) WIZRE T2 ity RAREAF I (]

(c) Cumulative waiting time during the training process

B 7 INZRid A2 b a5 A 46 B

Fig. 7 FEach evaluation index during the training process
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Fig. 8 Comparison of the control effects of three algorithms
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Table 4 Comparison of control effects of different

algorithms under off-peak traffic flow

FCLRES L EAD AQL/m  CWT/s
FTC - 9.15 4 939. 85
DQN —1538.91 7.32 39 488.00
D3QN —809. 99 4.21 22 748.00

D3QN-LSTM —604. 10 3.06 16 486.50

S HL 5 U ST A 80 5 5 30 DF 1 LI B f
SR AT 1) 2238 7t 2% FF 0 B 4 7 52 L1 £
B

ASCHEH RS LSTM 5 D3QN #5838 5 5 5 il 7 ik

S AR R 224 17 A2 38 I A A R AE S8 A R A Y ], T O
SR 2 G 1 9 L ve 4 A8 AF B R AR, 458 CNN-LSTM
PR 4% 4 TR 25 R AiE, SR D3QN YN 2R R4, i i 3k 2%
il B B B AS R R SR WS AR U 5 R L e i Sl B L
FHBE T 52 A8 38 BR A 114 G OB B S E T 5 TR A AL
AFZE AT YGRSz, TmasRRW, M
BT D3QN Jr kI EEAE B T3 50T 1 2 HE DA B B
fi& 16. 7206 RAAERF I (]98> 20. 1500, Sl T I 23 AL
XoF B T 20 25 28 38 U FEAE A S BE T B AR . AR SO S
TR LA TR0 . A DR FUARE B8 T vl 3 G 0 1 T ) R A
R 28 et I 5 ) AL
S % 3Lk
[1] WU Q, SHENJ, YONG B B, et al. Smart fog based

workflow for traffic control networks [ J].

Generation Computer Systems, 2019, 97. 825-835.
[2] BAO Z K, NGST, YUG, et al. The effect of the built
traffic

Future

environment on spatial-temporal pattern of

congestion in a satellite city in emerging economies[ ] .

Developments in the Built Environment, 2023, 14:

(3]

[4]

[6]

7]

[8]

[9]

[10]

[11]

[12]

[13]

100173.
KUMAR N, RAHMAN S S, DHAKAD N. Fuzzy
inference enabled deep reinforcement learning-based traffic
light control for intelligent transportation system [ J .
IEEE Transactions on Intelligent Transportation Systems.,
2020, 22(8): 4919-4928.

WANG F, LAI G.
nonlinear uncertain systems via adaptive method[]].
Systems & Control Letters, 2020, 140 104704.
EOM M., KIM B 1. The traffic signal control problem
for intersections: A review[]]. European Transport
Research Review, 2020, 12: 1-20.

RUFYE RSB XN E B F B 02 HinkG L1k
M5 5 BC RO 58 [T, B I & 5 {04 % 4, 2020,
34(9) :62-68.

MOUH W, QI X F,LIU Y CH, et al

signal timing for multi-objective joint optimization at a

Fixed-time control design for

Research on

single intersection[ ] ]. Journal of Electronic Measurement
and Instrumentation, 2020, 34(9): 62-68.

LADOSZ P, WENG L, KIM M, et al. Exploration in
deep reinforcement learning: A survey [ J ].
Information Fusion, 2022, 85: 1-22.

WANG T, CAO J H, HUSSAIN A. Adaptive traffic
signal control for large-scale scenario with cooperative
group-based multi-agent reinforcement learning [ J].
Transportation Part  C:
Technologies, 2021, 125; 103046.

CAI C, WEI M. Adaptive urban traffic signal control
based on enhanced deep reinforcement learning [ ] ].
Scientific Reports, 2024, 14(1): 14116.

SU H R, ZHONG Y F, CHOW J Y J, et al
EMVLight: reinforcement

framework for an emergency vehicle decentralized

Research Emerging

A multi-agent learning
system [ ] ].
Transportation Part C:
Technologies, 2023, 146.: 103955.
WANG B, HE Z K, SHEN ] F,
reinforcement traffic
optimization[ J]. Processes, 2022, 10(11); 2458.
XN WRENS . VRBH . ST R IR R R AL ) O ik
BB A SR S LT, AH S HLR 2, 2020, 47(12)
226-232.

LIU ZH. CAO SH P. SHEN Y, et al. Signal control

of a single intersection based on an improved deep

routing and traffic signal control

Research Emerging
et al. Deep

learning  for light timing

reinforcement learning method[ J]. Computer Science,
2020, 47(12): 226-232.
BOUKTIF S, CHENIKI A, OUNI A, et al.

reinforcement learning for traffic signal control with

Deep

« 0



519 % & F oM % % &
consistent state and reward design approach [ ] . [20] TAN X, ZHOU Y, ZHAO L, et al. Short-term
Knowledge-Based Systems, 2023, 267: 110440. traffic flow prediction based on SAE and its parallel
[14] 4&EF, sKIEf, EZI5, 4. LT DIQN training [ ] J.  Applied Intelligence, 2024, 54 (4):
MEX P S EH P T] BLi TR, 2025, 3650-3664.
55(1):28-35. [21] JIA P, CHEN H, ZHANG L, et al. Attention-LSTM
JIN ZH Q. ZHANG ZH H. JIANG B Y. et al based prediction model for aircraft 4-D trajectory[]].
Research on signal control of a single-point intersection Scientific Reports, 2022, 12(1) . 15533.
based on the improved D3QN[J]. Radio Engineering, [22] LIU L, FENG]J, LIJ, et al. Multi-layer CNN-LSTM
2025, 55(1): 28-35. network with self-attention mechanism for robust
[15] EREAR, /T E. X TIHREBRAEI AR O(Z5 & estimation of nonlinear uncertain systems [ J J.
W] B EHE AR, 2019, 42(24) :49-52. Frontiers in Neuroscience, 2024, 18: 1379495.
GUO M J, REN AN H. Single intersection signal control [23] HUANG L B, QU X H. Improving traffic signal control
algorithm based on deep reinforcement learning [ J J. operations using proximal policy optimization[J]. IET
Electronic Measurement Technology, 2019, 42 (24):. Intelligent Transport Systems, 2023, 17(3): 592-605.
49-52. [24] JFRI &%, 2R, % 5T PID # R L1k 1 CNN-
[16] ZHENG Y L., LUO J, GAO H, et al. Pri-DDQN: LSTM-Attention 47 H f# il B f@ 38 BE W W Jr 2% o
Learning adaptive traffic signal control strategy L], AR A2, 2025, 46(1):324-337.
through a hybrid agent[J]. Complex & Intelligent YIN G, ZHU M, QUAN P CH. et al. Research on
Systems, 2025, 11(1): 47. CNN-LSTM-Attention based aluminum electrolytic cell
[17] YU B, YIN H, ZHU Z. Spatio-temporal graph temperature prediction method optimized by PID
convolutional networks: A deep learning framework search[ J]. Chinese Journal of Scientific Instrument,
for traffic forecasting [ J]. ArXiv preprint arXiv: 2025, 46(1) . 324-337.
1709. 04875, 2017. [25] CAO K R, WANG L W, ZHANG S, et al
[18] WU Z., PAN S, LONG G. et al. Graph wavenet for Optimization control of adaptive traffic signal with
deep spatial-temporal graph modeling [ ] ]. ArXiv deep reinforcement learning [J]. Electronics, 2024,
preprint arXiv:1906. 00121, 2019. 13(1): 198.
[(19] &-E. WHEF, aRE S ET=E&80 {EFEN
Transformer 93¢ 38 it 7000 A5 8 [J ], o+ D0 o 42 R, XUARER, Wi -ERFSE 2, SRR ST 5 1 Ak 22 ) 5 8 e
2024, 47(10) ;85-92. RS

LU S Y. SHEN Q Q, BAO Y X, et al. Traffic flow

prediction model based on spatio-temporal aware

Transformer [ J]. Electronic Measurement Technology »
2024, 47(10) :85-92.

10 -

E-mail:18438625725@163. com

BEBGAEGIEE), WA, B2z, ZZATIE 5 1) X

PUNSERER S
E-mail : dghuang@126. com



