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Abstract

Aiming at the problem that reinforcement learning agents have limited perception of microscopic
traffic conditions, an intersection signal control algorithm 3DQN_MDAM with deep reinforcement
learning based on mixed domain attention is proposed. Firstly, to reduce storage overhead, a
lightweight mixed domain attention module (MDAM) is designed, which can adaptively adjust the
weights between channels and spatial positions in the traffic state feature map with only a small
number of parameters. Then, based on the existing 3DQN algorithm model, by introducing MDAM,
the agent automatically focuses on traffic status information that is more important to the current
control task, in order to enhance the agent’s state perception ability. Finally, experiments were
conducted using the simulation platform SUMO (Simulation of Urban Mobility). The experimental
results show that under three different traffic flow conditions of low, medium, and high,
3DQN_MDAM has improved in various indicators compared to 3DQN, with average waiting time of
vehicles reduced by 20%, 20%, and 17.6%, respectively. Compared with other commonly used
benchmark algorithms, 3DQN_MDAM achieved the best control effect on all indicators.
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Figure 1. The schematic diagram of traffic state representation process
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Figure 2. The mixed domain attention module (MDAM)
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Figure 4. The training process of 3DQN_MDAM algorithm
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52 1. 3DQN_MDAM B EIZmTe

%1 3DQN_MDAM HiL il gkiifs
BN SRFEIN A € 38 I R 2T AR s,
Wafite: 4HT Q M4 0={0,B,0} . Hir QM%ESH 6={0,5.0} (6=0):
for ee{1,2,-- episodes} do
B OB
for te{l,2,T/T,} do
B REARU I AZ XA FREE AT L HDIRAS s
S Z IR MDAM IAFAESR B 2% UK HEARASARAIE 1B 138838 AR 7 T ARG 2R, 1) 2(18) 3R AT RS &,
iR §, Gl SRR IT Al 2%, I 0(19) 52417 Q1 Q,
A & IR A BIIE S []) A BNl S — D alfE e, BN a =argmax, Q, ;
BREAPAT LHTBIE o 5, HEANT MRS s, IFHRQ) RS A/ BRI, FFFA (s, a,.1,5,.,)
FERAEL T B M X B
if |B|>N; then i tHIHIIZ5HE:
end for
for ne{1,2,---,N} do
MGEtIX B HBEHLANI — ML EZ S, MK Q0) i AR E L(0)
B4 Q MBS O=0-axV,L(0);
if n%N ==0 then 6=06;

end for
end for
Wil THENQMKSE O

5. SKWRESEHROH

AR ELNARKRE, BFREXORE. FRAERKE. SRSHRE, RENa kM
EHVE AR, BRJA R RS X 5 A R Sl T S 3 AE ST X b, DASSIEA SO A 2t

51 SCHRE

511 ZXO®E

ASCH ] SUMO A2 3475 SR #4 B0 )58 O SEBGPRE o 58 SCIT H 2R 1 G A DY A 1 i 3 B e 2
e, DUSKTEHK N 750 oK, FERTEM A 4 SFE B8 4 SR A0, AN ETE, Fohil
NEATHFRETE, PIEWFNEAT 4 IE

51.2. EFRERIEE
AT AL I SEAZ IR A IR, A SO e B AR PR AE AR Weibull 23 A1, HMEER R R ECN

JES
f(xax){(lj e x=20 (21)
0

, x<0

DOI: 10.12677/csa.2024.144088 186 THENUR S 5 R H


https://doi.org/10.12677/csa.2024.144088

FEtE, W78

REYT, x ABEHER, 1 NHLHISE, kK ABIRSE, AR A=1k=2.

fiKe W B MR ZERAME T, B Weibull P24 G2 Al 5 foR . BEE I T I0HERS , 4250
AR GE BT, BRI JE AR WA K. AR, BRATEN DS S R BT N
75%, N4 EERG MR W 12.5%.

3500 A
I high
3000 I medium
I low

2500 4

2000

1500 4

& (veh/h)

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500
I E] Cs)

Figure 5. The histogram of traffic flow distribution
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Figure 6. Comparison of reward curves and average waiting time curves of algorithms during training
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Figure 7. Comparison of average waiting time of algorithms in testing under
different traffic conditions
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Table 3. Comparison of evaluation indicators for algorithms
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