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Receding Horizon Reinforcement Learning Algorithm for

Lateral Control of Intelligent Vehicles

ZHANG Xing-Long' LU Yang' LI Wen-Zhang' XU Xin'

Abstract This paper presents a receding horizon reinforcement learning (RHRL) algorithm for realizing high-accur-
acy lateral control of intelligent vehicles. The overall lateral control is composed of a feedforward control term that
is directly computed using the curvature of the reference path and the dynamic model, and a feedback control term
that is generated by solving an optimal control problem using the proposed RHRL algorithm. The proposed RHRL
adopts a receding horizon optimization mechanism, and decomposes the infinite-horizon optimal control problem in-
to several finite-horizon ones to be solved. Different from existing finite-horizon actor-critic learning algorithms, in
each prediction horizon of RHRL, a time-independent actor-critic structure is utilized to learn the optimal value
function and control policy. Also, compared with model predictive control (MPC), the control learned by RHRL is
an explicit state-feedback control policy, which can be deployed directly offline or learned and deployed synchron-
ously online. Moreover, the convergence of the proposed RHRL algorithm in each prediction horizon is proven and
the stability analysis of the closed-loop system is peroformed. Simulation studies on a structural road show that, the
proposed RHRL algorithm performs better than current state-of-the-art methods. The experimental studies on an
intelligent driving platform built with a Hongqi E-HS3 electric car show that RHRL performs better than the pure
pursuit method in the adopted structural city road scenario, and exhibits strong adaptability to road conditions and
satisfactory control performance in the country road scenario.
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R P, FETE R ZRE e(0).

$EBEI. Vielk k+N—-1], EELE 31~3.3:

H8 3.0, R (10) MK (22), A EH
wp (1) A (1)

HIE 3.2, MR (21) Al (24), 3H W)
W, (1).

H 3.3, 1L (10) A1 (22), WHE () =
wp(l) + (), NI TIMEAL, 153 e(l+1).

H 4. MR (10) A5 (22), 735wy (k)
Al a (e(k)).

HB 5, (AR (kAL (k4 1) A B3zl
u(t) = u(kAt) fERBIEEZE L, HEHRGRE
Z((k +1)At).

HIE 6. WIE k — k41, 2 TR M AL 5
G, EEBRIEDE 2 ~ 5.

BIRFHEATRR P RSB S AR

AT IR IR B R A o) SE AR AT
W [k, &+ N — 1) RS #r. &5k, TeL
B (R e A AR R BRORN 42 1) SR s 3 7 i IR 265 1) 7
=, AP

V*(e) = WS o(e) + ke

(24)

24

up = 4y tanh (WaTz/J(e) + Ha) + Ug

Hrr, W MW, RBUEFEFE, ke Mk, R BEMRZE.

% 2 (MEEWIRE).

D) (Wel| < We,m, 1011 <bm, VO <bm, [I5ell <
Ke, m; ||V"$c||§"§c’m9

2) [Wall £Wa,ms W11 <Ym, Kol < Kayme

% 3 FEHRE). FEIELE ¢, ¢, ¢ < ¢,
fiifs

G <é, dof <o (25)
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Hrb, ¢ =ATA¢, ¢ = dFdr, ¢5 = dley).

RTE BB TIREM, B =4
Amg — (4 — 8Uma)(B1 + B3), ¥ = ¥, ¢ = d(1 +1)+
Gp, =24 —20.0° — Bo, vo = 1/B1 + (80 B2+4v)n.,
ﬂOa 517 ﬁQa 53 %ﬂlﬁj_ﬁ%ﬁ

T 2. MRV 2 AU 3 R, ARk A&
SV AN o AR By, 18 91 >0, a — 72 > 0,
TS R b3 S SR (21) A0 (24) 19 4 ALIE
W, W, R A S8 28 i [X 3

- Jerror;
[Well < V- (26a)

\/errory (26b)

vV o — ’72>\min (g)
;H\:EP’ Wc:Wc_Ww Ea:VNV;Fwa Wa:Wa_Wa7
errory 7€ SCKAEVE ] 45 Hh.
Ei&*ﬁﬂﬁ, ﬁu% Re,m) Rc,m; Ha,m — 05 %IK/A
W, ¢, Frmimiesi 2 o.
WEBA. % XUF Lyapunov B4
L(l) = Le(I) + La(1)
He L, = tr(WcTnC_IWC), L, = tr(WgnJIWa). R
X (20), AIHEE
E()=Wro(l) - Wro(l+1) + AV (I +1) =
WIAG(I 4 1) + Ake(l + 1) (27)
H, AV +1) = V(1 +1) = V*(1), Ar(l+1) =
Ke(l4+ 1) — ke(1),
Ef = Wlos - W/los — ke s =
— WCTQﬁf — Re, f (28)
Hr ke, = re(k+ N). MARIE (21), (27), (28),
CIEE
AL(l+1) = L(I+1) = Lc(l) =
QW (—pW, + Re) +
nc(_&WC + RC)T(_&WC + ’_‘fc) <
— a||W.||? + error,
HA Re=—A¢(l + 1)Ake(l+1) — dyke, 4, error, =

(2nc +1/Bo)[1Bel|>-
KA, AL.(1+ 1) AT LLERA

1€all <

AL(l+1) =
( - OE2() oE2()\ OE2()
tr | 2W,1 (1) —2 +77a< — ) —
OWa (1) oW, (1) ) OW,(l)
%%i” gfpiZQwEaa u&Ea:_ga_ch+Rav

g=g1Vd, g1 = sR'Bf, ko = —kq — 1 Ve, B4
ALy = — (4= 49na)|€al® = 8dnagWeRa —

(4 — 89ma)En gWe + 4hna | W12 +

(4 — 8¢10)EaRa
Hrr, g=g"g. B Young A%, v
ALq(l41) < —ml€all® + 72l WelZ + error,
HAr, error, = (1/82 + 1/83)||Rq||% B, 5 RER|

error, < (2nc + 510> X

(2¢2Kc, m + Pmbie, m)> = errore.

error, < (1 + 1) X
B2 B3
(Ka, m + llg1llRe, m)? = eITory, m
B4 5E X errory = errore, ,, + errorg, m,, A AT E]
AL = —n|&all® = (= 72) [ W]l + error,  (29)

Rk, nfLAfE 24518 (26). 7ESLEEA -, Wnif
Fe.ms Fe.ms Ka,m — 0, " fFerror; — 0, H4 W, Al
&, TSz 0. O

3. EH 2 AR RN, AT L@ BT 8%
AP 5 ) Sk R BT R B AT w BEWS UE R MR
WS EE wy. L, 7EARBE 1 BT AT T, Wik e
TR N 205 K A1G RS (9) E TIN5 [,
k+N—1] N HZEH KR u(klk), -, ui(k + N—
k) X3 Rl B Lk e(k + N) € &y, A, 1E
TN &+ 1, k+ N, wi(k+10k), -, u
(k+ N —1|k), Ke(k + N|k) & — A 7] 47 (1 4% ] 5%
W, FATE SCHT IR Ay AT SEmE 7 AR R BB VI
(k + 1[k), FESH3CHR [39) BOUE W IR %, T13 V7 (k+
k) — V*(k|k) < —L (e(k|k), up(k|k)). HT Ke(k+
Nk) B, FATAT AR Ve (k+ 1)k +1)—
V*(klk) < VI (k+1]k) — V*(k|k) < =L (e(k|k), up(k
k), MNTT AT DA Bl 2= Rt 0 S A 1 23 1 15 380 A 3A
RGMAaENE. X IR e g S AR v A2
R [37-39], B TRIEMR S, XEAHEIE. =
T2 2 IE AR B SRS A AE BORR Z G B, 34T
HFEAE LS AT 78 Th A B & 4 MPCH [ AR —
4 AT AIE B,

3 EMEESLEIIE

FE AT A 38 o A R S 4 S0 B IE A SCHE H
f1 RHRL S92 42 il 4 fe.

3.1  HEIIELSR
FEFE IR B AR S S ER B & 1 P
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N, ASCHEGNE 4 P B8 BEIABE R #EAT 10 Js
%, B4, REOSKERIIERILT, Rt mRILR
BB OL, AOREFROREN S E MR, i
CIOHER TR AIIR AL E N 1R RE 240

R BEh 1SR

Table 1 ~ The parameters of the vehicle dynamics
Gl PEER L HE LA
m F B 1723 kg
I A 4175 kg-m®
Ly Jo L 3 1.232 m
Ly JL B J5 i 1.468 m
Cr T i I 66900 N/rad
Cr Ja e 0w I 62700 N/rad

100 ¢

=100 =50 0 50 100
X /m

K4 ZHHR
Fig.4 Reference path

EFERE R, B 22K 75 0 2 a0 R 203K
ey €[—5m, 5m], é, €[—10m/s, 10 m/s], e, €[—7/3
rad, /3 rad], é, € [~ rad/s, wrad/s]. fE & 1F %
F RHRL B [7) iz sh % ) J7 6, il Q = 14,
R=1, N =50, At =0.02s. BHHATE ML IR
HUE B (e) IR U(e) = [eF, €3, €3, €], erea, eres,
e1eq, exe, exeq, ezea] | YT BN 45 11 B iR K
d(e) LHL Ky ¢(e) = [e1, ez, €3, €4, 6%’ e%, €§7 63, e1e2,
e1e3, €1eq, eze3, €eq, ezeq]’  Frp [e1, ea, €3, e4] =
ley: €y, €4, €yl TEZ )RR AT, WS ALE W, FW,
TE[-1, 1] Z [MIBEHLI GG . 722 2k fE ) PR 48
FIHAAT Z5 28 (1) 5 21 22 0 s BN e = 0.08, 1, =
0.06, AT # FHPET &5 BB () 588 77 X o3 & L
RHRL FERIZRHIAC B E N 5.

TEA BIRE SIS A, 2 T AT ARV
7 (SAC) BHEM, PR EEH I VRIS BE & (DDPG)!,
HDP J7i& (BATEHR—TVF a8 45 5 A ST A]) 41 5
TiLHi 7 v F MPC #i 7v%. R A SAC A
DDPG EyEIIZRHT, R HA SR @R (9) 41k

100 JINEIE—IRZS (u, e) HIEHE X (RIFEAR) T
HEIZk. SAC GBI RITESHNE S X
R [42) PRI 2, HINZG PR RSN
40 7i\~. DDPG FIEIIZRET 240k B 5 S0k [43]
PR¥E—2, IRl IFE AR B E RN 40 JiA. 1
PFESLE T, 43 BI%F SAC Al DDPG BT T
5 IRE G ISR, BIRIIZRMFECN 2000. £
B, FATRIH 5 RN ZR1F 21 B PAT 45 9 2% 53 ) A
R ) SR T BB R 4 (9), HRIEHUHE R

B d i — 4 95 5 RHRL FEE. 7 HDP %) b
BOEWIPAT SV 48 250 5 A SCAR R, 4 ) 2%
R E . BRI S5 RHRL BERFF—2L;
HAUE I 2o & DI ECh 30, T4k
TR 7 ik, AR STR [44], TT LLAE BIA N ) 2
L1k N §(t) = arctan (2 (If + 1) sin(0(2)) /la) , H
W g AR AR I TR R 2, — S A G T
LG P B 1y = 0.550,; 60(t) F& 25 5 A 2 JA]
[ . E BB ] MPC il ge b, AT E S5
Q, R 5 RHRL BIERFF— 2. Y AEEE v, 53 5
4 30 km/h F150 km/h T, ® e EfEIB T2 1)
A ) i3 2 AR ) A i 22 5 SR ] 5 AL 6 B,
¥R Z (Root mean square error, RMSE) 1
K2 PR i REGRER, AR EM RHRL 5
MPC b, FRERF 6 MEREA Y, ELER A Inter
(R) Core (TM) i7-7700HQ CPU @2.80 GHz %1t
A, MPC (XH QuadProg Kf##%) “F31HH I
(824 0.0397 s, 1 RHRL K~ &I A 0.0160 s.
34k, RHRL BRI HIPERELE 30 km/h 1 50 km/h
LT FibtifEH]. HDP. SAC #1 DDPG. RHRL &
5 B R R I P DA T 0 B2 sl Ak 2 2 55 SAC

---MPC gli iR — RHRL
. ---HDP - DDPG - SAC
=i
< \!
-
0 L
_1 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500
EDK
0.1}
ER]
=
& 0.1
-0.2

.3 1 1 1 1 1 1 1
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5 30 km/h A ERZEIRERFE B0 17 w22 X EE
Fig.5 Comparison of lateral tracking error of
intelligent vehicles under v, = 30 km/h
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Table 2 The RMSE comparison among all
the controllers
v, = 30 km/h v, = 50 km/h
ik
e, (m) e, (rad) e, (m) e (rad)
RHRL 0.156 0.030 0.246 0.020
HDP 0.165 0.030 0.315 0.019
SAC 0.189 0.029 0.283 0.017
DDPG 0.172 0.037 0.319 0.017
MPC 0.212 0.025 0.278 0.015
4l g TR 0.159 0.036 0.286 0.030
9 - - - -
=== MPC - & ji Fifitf — RHRL
1 -~ HDP -DDPG - SAC
g !
S i
ok
_1 1
0 500 1000 1500 2000
IR IS
0.1 R
— -
~
ws _01 1 b
0.2}
_0‘3 1 1 1 1
500 1000 1500 2000
RS K

Bl 6 50 km/h TR HE G- ERERA O 17 s 22500 b
Fig.6  Comparison of lateral tracking error of
intelligent vehicles under v, = 50 km/h

A DDPG, HJERE T RHRL 55K TR sh N
WARAHL R ER T 22 ST R0, AR RS T B 38
ARG B = AP T H, RHRL HEM S8 7
FORAELL [P U SRR

3.2 EHNETHIARPRISLEEIELR

N T HE PR IE RHRL 75 52 bR 240 R G 4%
i) e 7 AR R, AR FH £ E-HS3 B REE Bt
& (W T FTR) BRI SR AT SR s
% fESRR B, SR B2 HOZR15 2 BUE
VENVIIARUE. b SHORE, e o) 2. R ss
SRS ME. £ RET, RHRL Hik
50 Hz i) AR, i 75 22 o) AWt b 5 Ll
&NV A B RS, RHRL HE A 7E 21 5 2% o
HE RSy R RN (HE) B,
MRAE ARG L ) R RS R4 & SRS (WA 7
o) S AT 2 RS E B X (X, Y, vp, vy,
@, w), HILAEAEB SN (TR k52T

ZIRBEE e FEBLIERL b BRARAR B e FEAE
NFIIEIRAS R, A TR R (9) 78 24 i 0 i 4
A SIS T RAT B ANV A 2 AOBUE. $F R, i
5 3145 BN AIARAT A5 BUE R A% ) R AR 2 4 T
i i w, Bt AT Ee Fe /. Rtk T CLA A
HIFC e 0 AN T ) B A O 223 A Ok R BEAS B2
AT 205 TP 2 R B e N = 150, LR 450
Rz . A5 Ja T RS SRR 21, i A E R
EIROD PRSIV AN 2 P IR

WOt HIE 32 ZPOLHIL

BT GPS. EHIHSL

7 47 E-HS3 HAe AT 6
Fig.7 Hongqi E-HS3 intelligent driving platform

TESEESLIG 15 2 ST P 5 ik AT T
Xof b, Al P 5 1 R S 80K B S 47 S A ).
SXof 0yt TR 7 v AT IR, SR P AR S 1 B 2 4
B, N 20 km/h; 16 RHRL 5950847 MR
L IR PRI U T AR B S S, P
FEIER|Z) 30 km /h, f% i # E1X F] 38.988 km /h.
8 AW RN T VAL F T2 S5 75 5 B A i R A 1
9 B/ 7 RHRL FA4l s TiH 77 % N 400 E-HS3
(T ZE 500 e i 2. SR ZE SR BR A5 L W], RHRL 5%
(142 HhI P F A T 00 A IR 2 ) B

AR I, TR 7 B TR A B B A T
fit 2 B PR 7 0%, TR I A 2 62 0 i B el T 18 S AT R
KA e i 22 BRI LT, B e 2R 23 = AR OR R A0 1) v
#, 1 RHRL 20 A] PLEREALA, FAT 5N B 0] ) 27
AR R

3.3 ZHEREAIEEE TSN IIES

N T SRR AR ST H R B R B T ) L g
PATIEAE 2 WA B T L BEAT T 42 ik RE A 56
i, HIK R 10 Pros. ZRE e C st
K, & BRTENEMS, BITHEX L A £
M BE ABRTHERE S, FWEkEad —4
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Fig.8 Path of Hongqi E-HS3 vehicle controlled by
RHRL and pure pursuit methods
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Fig.9 Comparison of experimental lateral tracking
error of the RHRL and pure pursuit methods

(EH B AR ). FEARAERILA AL E C s i IR
AR, AT RPN 4.19 m/s, B miEE
9 4.94 m/s. S ENE AN FAT B B R A N
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kg BEYE ] (W 11 Frw).
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Fig.10
gravel road, and the status of different stages in
the control process
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Fig.11  Curves of the lateral error
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