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Abstract: This paper presents the control mechanism of
deep reinforcement learning (DRL) in a typical ramp
metering scenario. The state value function is used to
evaluate if the DRL model has the ability to distinguish the
change of state. The saliency map is used to perceive the
state key features and control pattern for the DRL model
under specific traffic states.

By wusing the input

perturbation, the action match ratio and control
performance under perturbed data are analyzed to explore
the key areas of control. The results show that the DRL
model can evaluate the traffic state accurately, distinguish

the key features, and then make reasonable decisions.
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Fig.3 Calculation process of saliency map
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Fig.5 Traffic flow on mainline and on-ramp
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Fig.6 Box plot of average mainline travel time

without and with control
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state value with time

PRSBSOS B 8 OB £y~ Rt~
B ZER A B S AR 19 NSM HI PSM B4, 454 Y B3
BRRES T ASEIRES 5 IE R R A A T30

&l X882, Kikl g
R - —
oo O Qoo O O 0O O X0 QOO0 O G000 AOAD
o hzo,z 0.2
0 = Lo
a 4,=08:04:40
X2 o s gl
@ ©OO®O @O0 o 0.4 ! ©« Wee o 0.4
Q0D QOO0 AIIXD! aoaxay] ) o aoolo cm o 0o @IXEOID @O )
ielieiietieteetieinininnaii 0.2 oo o aIo 0.2
0 0
¢ 1,=—08:05:20 d 2,=08:55:32
X2 KBl PN 2 Kkl e
= m5s oo i w 6
[cacecolceccocecscolceccofioclccecccccaccecceoicicceccee| ) QOO0 AOaNA0  CX0O0 O XD OM 000 O )
Ty 0.2 @OEI00 0.2
cecicces 0 Yeucceeos 0
e 1,=08:06:00 f 1,=08:56:12
AEFIERS 0 MIEAR ---- REEERTH e £ZIXT o 4T

B8 t,~t; F% NSM
Fig.8 NSM at ¢,~,

P 8 X3 1 oA I SE 3 40, 5 Ho Al 3 4R 4236 AH
Eb, 7E 6 /> Bk 21122 DX 358 1 70 0efs 2 2 BH S 5 s, U B A
RIRR S IR 1A AR, HAUCAIZ I 0 2440
A RS . R 8 X sk 2 A i A R A, 2
I 3 42 a1 45 5 A A 20T s (UL 8ac) , SR i i
TETE RS Ak i £ R R P I v 56 P I3 9 ) R
PRI 4238 A AFAE , LU £0 KT i 4250 7 ok 4=
TEHEBAIE A LRSS RCR . % & B S
FE AR A AR A — S0k, Rk 4238 8 3k 19 2
BN T2 2 B R AR, 2% R 4 T A R Y
T, R ek B 3SR

P9 Hr Y IX sk 3 & — NI R B 25 Y, i X S 1
o B (L W S 50 v, U3 DAL M J R 28] 4 BA TR A 25 Y

YOS T LGB FAIR . R, 456K
AE LA 7) 5 B E B 38T A B AR ] X 7328 R4 {0
B AZIEIR S B SE R o 251 20 (UL P 9F) 5 U IX. L 3%
RA W 2 RS (A e, B I S AR
B b AR (ULIET9b) Fl £ (UL 9d) I 2045 U IX. L 3%
PR I S RS IR, I B BBl i X
RS EREAR

P9 v B X dsl 4 S SN A3 it X iy
B S T2 DX T P R AR, Ul AR R G5 )
Wiz s REXPIRASE R0 . — 7 1], 25 R4 A H B
IR T FELGEHF AR 5 55— T i, S48 = 44 A
FHOE A EL . T BRI RE T
W AR T 45 U DX AR 25 R TR RS20, 18 10 JéoR



561 X vk, A ORI A A T TR R A 2] SR LR AT 933
° lgnd o X33 X4 lgnd
A @ @ ®0 ©O®O [ 04 A © oo oo \oo O 04
IIIOOIIIMIII0 A0 GO GIDO GIITAD : oo b o 0 0 00 oD 300 M 00 GDAD :
' 0.2 oo o o 0.2
0 o | oo ooy 0
a ,;=08:04:40 b 1,=08:54:52
° lgnl X4 o lgnl
A®O @@ ©O®O a0 0 o] 04
nmnou#nmrmmncm 00AI0 XD AAOA0D O :
sLSLsss > QOO 0.2
¢ 1,=08:05:20 d £:=08:55:32
o gl o lgl
Acmo 0 @ 00 ©0® o] 04 A 0 © 00 0000 O 04
moommnpmn OO0 EID 00 AUITTTIHTD Q] : :
.................................................................... Jeecteeee 0.2 0.2
........................................... OO0 0 ) 0
e £;=08:06:00 { £,—=08:56:12
APEEAER K O MEAR - - - - RHEERIT e 214 o 447

B9 t,~t;, FZIPSM
Fig.9 PSM at t,~t;

T 1=08:55: 52 it il NSM 5 PSM., It i 4l 4- 1
SN 4 T8 RS b e B s 4 (W] T L A
AT I 2 RS A AL A I s 3 6 VR R 4 7T
AYFIFH , 23R4 DX B A (R4 1 o

lgxl
0.4
02
0
a NSM
o lgnl
A o © oo oo oo[d 0.4
o [cecee] QIO0III0 GO @OGI0AI0 COO000ED  GIDO 0O XD O ]OZ
0

b PSM
ANMRZEE RSk O [LBEA D - - - S5 H W e £I%T O 4T
El10 t=08:55:52Ff%|# NSM 5 PSM
Fig.10 NSM and PSM at t=08:55:52

1 8.9 FRIKE R B 5 5 45 il sh /E AR 45 L )
e T AR T AR YR IR B AR O A BB . 4R
ZI (WL 8a) M3 I 44 HEBN R , TBp FEH A K 1R
ST TFLTIRES R U048 sl KT AR, LA HC T
TEHEBA 5 2, B 2] (UL 1] 8c) o3 2 3 )R 3k ZE 4 HE BA R
JE, OB EEAE IR A5 S5 KT A FAATIRAS I dh &
(CE SN 111 T3 N 1B B = e B BN =5 3 ]
TN
3.2.3 HuAMzh

WA 11a fis K BN AR 2k 8 A XK« X
I 1M R T X e DX 2 A X, Ak
A3 WA A RIE (5547 5 X3 4 558 &
X, i X v b 9 X e 5 X3k 6.7 .8 A i X i

Uit X3 o XA ] X SR AT Bl A, A5 20 ) I3 4 o
SIVEDCEL R AN 11 Fis
1351

115 |

15 L

900 1500 2100 2700

—300 30
x/m
a PeahixX i,
135 1
70
115
60 <o
95 t %
E 75t ]
= B
L 8 40 &
55 =
35 § 30
15 1 1 1 1 I — 20
—300 301 900 1500 2100 2700
x/m
b BFEICEER

Bl AHRESHETEE

Fig.11 Perturbated area and action match ratio

P11 W, At X i A L 3 AN AR R 5
TERYE . X1, 6.7 18 gy S/ DL id R 2 R T
7020, Hr X 1 AR B fEL B OR , SR 3 7500, BETX
SE DI A R S P Sh R R AN . eAh, &



934 [l o K 2 2 MCH 9K BE 2% O

%52 %

Uit DX B 3 g i DX A5 7R B SRR 4 B A X
I, X35k 2~5 Y ShPEVC AC R 48/ 24978 60 %0 A A7, He
HIX I 2 4 TR R RN HE30E 50 %0, BERH X 24~ X
AR BXT T B E SR B H 2 EH .

R T AT sh ok I 4 RO R T 12
JIR T X AR X S A T BN IS ) F2 2 -S4 A TR [
oA, o O R R ¥ ik, rTLAIE Y, X 1.5,
6.7 .8 P BIAN 23 B B 3G N = 2 XA TR S R] , T
X35 2.3 4 B 25 B 0 30 i = 28 3547 R ]
FEMIIX I 2.3 4 B HRAE AT I 38 97 ) RO By B2

=AU T
230
220 r
£
= 210
-
g 200
&
& 190 - o
ol o %
& 180fF7 O % %
A (o]
H o8 :
160 1 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8
b
E12 MRS TR AR E

Fig.12 Box plot of average mainline travel time

under input perturbation
A
4 ZEig

(1) BT TR g A 2~ i I 4 i A Y B 6% TA
PR B PRIFEIR S r 52 00 I 18 9 1 DR SR 9 DG B R A,
T TEHRBA s 4= 3E HEBA AN SR 22 1, IR ] ik gy
RS T S R A A X THT A6 TET S0

(2) H T R A 27 ~J 1 L 42 ) A Y E A AR
P B2 B SR & B SRR IR . 458 W
5 PEIFIRE R A2 1 Sl R 3, IR L RE S AR 4 4%

I T 5 308 R 2 4 il 55 AT AR 2, DA i 4 T 52 1
&&%O

(3) TR B2 i A 2 ~J 1 I A o A R = ¢
A U X b G S P DX £ 8, ki 28 X I
num&ﬂ%ﬁﬂ%E%Tﬁ,mﬁTﬁﬁL%
AR S R SRR RN
ASKMFFERE I 4477 1 TT - 1R T 52 BRI 36
SR ML I 25 1T P I 1) S S R e A T 0
KHE%%@M*W&X%* BT BT A
SO, LA ST RGN s 7, Sy LT 47 il e fl 22 5%
AR B, 5 TS AAILAS P 45 v i BT 3 47 o) =

RTEBIRFE , 2 THAR B s Al 7 ST B A I R 5, ok
AR 1A 3 T SR, 5 3 i TG ) BT A o > H iR A
TRz A RE 1, (82 0 S 22 A A 9 T 4% il
S, FRTIR B s AL o IR RAE AR 7 58 T 4
ROR SRR

{EE STk A -
X KRR WIS T RS, 1B SR
JE R SRS R SR 1R SCE
BRI SRR TR ORI T 18
kR HAREE T IR SE
FEBIIN  BARSE T, 18 3C5EE

7’31:10

SE k-

[1] LI Zhenning, YU Hao, ZHANG Guohui, ez al. Network-wide
traffic signal control optimization using a multi-agent deep
reinforcement learning [J]. Transportation Research, Part C:
Emerging Technologies, 2021, 125: 103059.

[2] ZHANG Chengwei, TIAN Yu, ZHANG Zhibin,

Neighborhood cooperative multiagent reinforcement learning for

el al.

adaptive traffic signal control in epidemic regions [J]. IEEE
Transactions on Intelligent Transportation Systems, 2022, 23
(12):25157.

[3] CHU Tianshu, WANG Jie, CODECA L,

deep reinforcement learning for large-scale traffic signal control

et al. Multi-agent

[J]. IEEE Transactions on Intelligent Transportation Systems,
2020, 21(3): 1086.

[4] WANG Chong, XU Yang, ZHANG Jian, et al. Integrated
traffic control for freeway recurrent bottleneck based on deep
reinforcement learning [J]. IEEE Transactions on Intelligent
Transportation Systems, 2022, 23(9):15522.

[5] HAN Yu, WANG Meng,

informed reinforcement learning-based strategy for local and

LI Linghui, e al. A physics-
coordinated ramp metering [J]. Transportation Research, Part
C: Emerging Technologies, 2022, 137: 103584.

[6] . JET oAby > BT PRy i S 2RI I T 88 fi 47 )
JPLID]. M s AR R, 2017.

HAN Jing. The intelligent on-ramp metering at urban
expressway weave area [ D]. Nanjing: Southeast University,
2017.

[7] HEUILLET A, COUTHOUIS F, DIAZ-RODRIGUEZ N.
Explainability in deep reinforcement learning [J]. Knowledge-
Based Systems, 2021, 214: 106685.

[8] WELLS L., BEDNARZ T. Explainable Al and reinforcement
learning: a systematic review of current approaches and trends
[J]. Frontiers in Artificial Intelligence, 2021, 4: 550030.

[9] WANG Z, SCHAUL T, HESSEL M, ez al. Dueling network

architectures  for deep reinforcement learning [C]//
Proceedings of the 33rd International Conference on Machine
(#5981 )



