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Model predictive control of active suspension based on road surface
condition recognition by ResNeSt

KOU Fa-rong®, HU Kai-lun, CHEN Ruo-chen, HE Hai-yang
(School of Mechanical Engineering, Xi’an University of Science and Technology, Xi’an 710054, China)

Abstract: To improve the road state recognition efficacy and the ride comfort control performance of the active
suspension system, a model predictive control (MPC) based active suspension control method is proposed based on road
state recognition by the residual convolutional neural networks with split-attention (ResNeSt). First, the road state
recognition algorithm scheme with respect to the active suspension control is established by the ResNeSt network
considering the multi-path split attention mechanism. The proposed network is trained and tested via utilizing the
cross-entropy objective loss function and the AdamW gradient descent algorithm. Then, the MPC-based active
suspension control algorithm is developed based on road state recognition. Specifically, the prediction model is derived
from the discrete state space equation and the objective function is constructed by the performance indexes of the
prediction outputs and the control inputs. Moreover, the weighting matrix values are determined by the recognized road
surface results. The objective function of the MPC is transformed into the quadratic programming (QP) to obtain the
global optimum while satisfying the constraints. Comparative studies of the passive suspension and the LQR control are
performed to demonstrate the effectiveness of the proposed architecture. The results show that the ResNeSt network is
capable of identifying different kinds of road states with guaranteed precision and computational performance. The
proposed active suspension control algorithm provides satisfactory real-time and transient active control of the
suspension based on different road conditions. Compared with the LQG algorithm, quantitative results for the mean
RMS values of spring mass acceleration, suspension dynamic deflection and tire dynamic load are reduced by 36.56 %.
32.99% and 36.28 %.
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active suspension; model predistive control
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N5 AR AL ZH AT AL, BE — N ERIAHIARL
HSHHEMEBE X ), S EEDON: T, =
100,1,, = 8000,I, = 10,I, = 0.01.1, 1%
B X R RCN[0,1 x 10%], I, ZEUE X AR ECA
[0,1x10%], I,, ZHUE X [A]EH Y [0, 1< 10%]. T, 1B HX
AANBEFAIE 1 x 10731 x 10721 x 107 1. 7E6F
ANBCEAE DX [A] P, SR FH AZ SORT B2 5 Bl 25 THI AR AL
HBZHMBUAE. T35 B RS AT LB AR,
W HAUE & I )5 e 200 € S PR RS Iy, ~ Ty,
L, IBUE AR 3 fros. S8 5 5 0 4m A AR B F5
bR, 152

J=Uk)' Sy I, IS U(k)+U(k)' I, LU (k)—
2B, (k + 1k) I, IS, U (k)+
Ep(k+ 1k)' Iy Iy Ey(k + 1]k), (30)

HAE(k+ 1k) & —S,2(k) — Sqw(k).

®3 MURERE
IR

B THIR S

I,

q1

I

a2

T,

P1

VI BT (L)) 103 8180 10.1 0.01
Wi BT (G ad) 126 7650 11.8 0.01
KB B T (L I8 141 7360 13.5 0.01
R T 162 6850 15.6 0.01
b A BT 218 5530 19.3 0.01

R i o oG AR B, e 4 B AR R BN
J = U(k) H,S,U(k) — G(k + 1|k)TU (k).  (31)
Horp

I,

Hy, =S, T,S,+ T, Ty,
Gk + 1|k) =28, I, T E,(k + 1|k).
3.4 ZREFMH
MPC f 5t 35 (1R pei 2 55 3 A 2 249 SR 1R 66 77,
HIFARAL I BT E R E AR Z. ZBRERR
VES) 35 45 1 T3 AAFAE BN IR, BB N wimax A tin,
NS IETPNINESY S|
Unin < u(k 4+ 1) < Umax, 1 =1,2,...,m—1. (32)

o ZR B B L 20 R LR G e IR s 1 o BR A B,
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BB IR 28 T KATFE N Simax, W2 B2 2h £8 1 75 7 2 R4 EWERSK
|26 — @u| < Smax. NHHRFE G 4A 28 55 30 T Hefik, R SR B8 o el
RN HAT N TR RRER AT frw, TR N BT kg m. 406
e E ke mMa, 52
[ke(2u = 22)] < fiu- (33) AR / (KN/m) ky 192
) 5 25t 240 BB 95 f2 BB / (kN/m) ks 26.8
B JE 2%/ (KN-s/m) Cs 1.5
Ymin < Ye(k +9|k) < Ymax, 1 =1,2,...,p.  (34)
" *=5 MPCITHIBRHESH
a HiEBH ol
l 7Smax ] [ Smax ] N
Ymin = ; Ymax = . 7R3 / (km/h) 20
— fru/ke Jru/ K T/ Fsb e 3, 102
TEAI R LI T, MPC H 5 o8 £ AR Ak 7] ji 4% 40 }iﬁ;g&% oo 2'01 oo
5 2 — <u<
N Z AL (QP) I R, 7276 2 29 SR IE L 3 B PR R 25/ m —01 < @ — w0y <01
KR Ee/NEmin J, XA RIRFEFGAR/N —4580 < ki(zu — ) < 4580
31(1}3 J=Uk)"H,.S,U(k) — G(k + 1|k)"U (k). RS P xR LQG F2 fill B AL . 2% HUHR 45 SCHiR [26] Y
. 1 , g kA7 e B, MPC 2 il A B R B 5 38 3 14T
St timin S k£ 0) S tmas 8= 12 mm L e g g 0 5 S0P Bl AR S g 24 0
Yin <Yk +9) SYmaxs 1= 120000 35) 14 FroR. o1 & 14(a) 7T 51, MPC 2 1] 1 5 42 5 5 28 3
35 HEER59H B 1) 3 R N L (32), B IR A 1) e i R A
NEGAIE AT H 2 T B THPER S TR B MPC 48 | 5 i SIS B A4S R 1T DL N 2 A0 BT, B AR T LQG
VR RT AT A R0, A5 FH 25 6 T DR A i X 2 (AN~ fil], MPC 42 il B I 1 2 42 4E 3 #% £ sh 5 i 773 1)1
FEAS 5 X AT B A M. AR 3 Wi 1/4 & HRIBEZR, e T B2 ARGl SE .
BB RGN TN G A B R R A FH B 14(b) AP 14(c) AT %0, MPC #2511 B 28 5 %
RS TSR 4 Frs. ek 28 T B THPIR S IR 31 1 JEE 3 AR 2 B (34), Rk AR 7 L B8 IR il 15 21 T FRIE, 82
F BB S MPC 5 il 4%, I 150 B T 42 1) 2 50 A 5% TR RAR AR I 1 5 v, B RRAG T R R A
LR NZR 5 . o7 BR A7 S REZE. 7 0 ~20's P, MPC 32 il (1) %6 6 5
TELVRZAE N X A B A AT 5 2 28 (Passive)s a8y /N T B a8 anr, B3l A2 28 1) HE 20 3R (34), i85 T
LQG %l (linear quadratic gaussian control)!?6l, MPC RO AT A I DR M M T GBI R R A 20 ~ 25 s
P 3 M RGN IR BCR. KRG B R A W, 24 R LE D A 9% T 25 5% 25 PR B3 47 T B [ B 4, 05
2 : : : T 0.3
[— 1aG ——- wmrec]
> ! [T ] e o1}
S oA | | -
§71 1 5 5' = -0.1} 1
- ﬁjﬁgﬁ% iﬁimﬁ%ﬁ% O R LT SR sm»%mﬁ»‘e AR wggiggm BB
20 5 10 15 20 25 035 10 15 20 25
t/s t/s
(a) VEBhESIEH 7m0 N i 28 (b) BB 37 2k
_ S h passivlc — LQG l——-MPC | ‘ 10 3 - palssive N LQG _ MPé |
F T T : . - r :
S » 20}
= E M :
= ~ ie :
! i . | = -0} . :
S ﬁﬂ,ﬁgﬁ e sw&%mi»JE nggﬂ»f *‘”Ejj:iiggﬁ* W «Wgﬁg se %ﬁﬁm&%ﬁnﬁ»d{(ﬂf%@* T e iy
3 5 10 15 20 25 1005 5 10 15 20 25
t/s t/s
(c) MR Bl n7 e 3 pHh 28 (d) AR o o 5 i 7y 2

14 BIUMERESRFRNN R B Lk
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T I R TIREM B2 BB 14(c) A
K& 14(d) 7] %0, A% T Passive A1 LQG 2 i, MPC 4% il
1) 3= B R LA T /N (1) 35 48 0ok VR AL, A D
il T 4 THD A BT S B 2 S R B, R B AR R G A
G m i, o T AT B IRE. 9 H MPC
323 il B 0% B 1 Ak B 2R B N AR E MR S5 AT B I
P22 18] R 98 I, 76 2038 1 U 1) [R) ) B AR T %6 G 3
AT, G T T BRI KT B E R0 O 7 sk B
G, NI ST E k.

& T BE R AR 25 7 ARAEL X BE AN 3R 6 P . TEAR
5 RN T 0 3 s ] H AR B R
T s T R AR B 2 2 4, 6 B MPC % il 1) 32 5 &

HR A 16 2 B ¥ 75 AR B AR BT LQG 2 1l 43 Sl BRI
38.89 % £ 38.11 %, 24 1 3\ F2 € ME A5 242 . 7
AT T AN 5 A 2 P Al A i T R D A B T b T AR
H b5 8 008 22 50 19 4T 30 F P, B MPC % il 1)
BT B 0 B 38 O AR AE AR T LQG $5 il 43 i
B A1 37.79 % F1139.56 %, I H. 8 48 5 8 5 53 il B AIK
32.25 % F138.91 Yo, ZE4W AT Tk~ MU 0 25 Tt 22 4 11
B3 B 0. g5 A Bk o b, BT I TR A R 1)
MPC 2 fill 2 Gi1E 2 P 2 T 35 0] A R PR B 4L 3 1%
FEE %0 A 2 28k A 0 280 52 0000 B (%) 35 7 ARAEL, SR
T AR AT M AIAT BTG R B R A, B R
THT B ARG MR EERE.

# 6 BUIMAEIEIRII S REXTEL
e N E KEHE WS o
EXES fhs dom WEEE Gy PAEE T
is/(m-s2) 1.8073 7.7096 44047 32632 15.4466 6.5263
Passive T — Ty /m 0.0087 0.0343 0.0245 0.0161 0.0743 0.0316
ki(zu — 2,)/N 877.5 3829.0 2285.8 1611.1 7045.7 3129.8
i /(- 52) 1.5476 6.7023 3.9699 2.9328 12.6945 5.5694
(—1437%)  (—13.07%)  (=9.87%)  (—10.13%) (—17.82%)  (—13.05%)
LQG 24 — 2o /m 0.0066 0.0259 0.0176 0.0101 0.0506 0.0222
(filltPassive) (—23.54%)  (—24.53%)  (—28.12%)  (—37.19%)  (—31.94%)  (—29.06%)
k(arw — 2,) /N 755.0 33236 2019.8 1394.8 5844.0 26674
(—13.96%)  (—1320%) (—11.64%) (—1343%) (—17.06%) (—13.86%)
i /(- 52) 1.0122 4.1693 2.5482 1.9052 7.6730 3.4616
(—34.60%)  (=3779%)  (—3581%)  (—35.04%) (—39.56%) (—36.56%)
 MPC 2y — 2o /m 0.0044 0.0175 0.0121 0.0072 0.0309 0.0144
(HHLELQG) (=33.78%)  (—=3235%)  (—31.07%)  (—28.85%)  (—3891%)  (—32.99%)
k(i — 2.)/N 461.4 2149.3 1267.0 863.2 3986.5 1745.5
(—38.89%)  (—3533%)  (—3727%) (—38.11%) (—31.78%)  (—36.28%)
4 ?S '\l@ vehicle: A review of state of the art and challenges[J].

AR T — FhEE T ResNeSt W 4% % T IR 45 11
Sl (%) 3 2l 2 SR AR Tt 4 o) Oy . AR R BT R AR 7
Tolt 4% THI R 25 A5 S8 6 FT 130 1 55 T ResNeSt W 4% 1) #%
T DR 2 VR 0 B3y AT I 5 A A S 08, HE R SR A
98.61 % LA I, 3% 25 i I 4% 11 4 il ~F- 357 3K 1) B[] Oy
25.62 ms. 7ESEEEA B TH I T B THDIRAS TR A 80 FE 3
B MPC F ik, #E S £ 5 B 28 MPC TS Y, %
SE AN 7] 5 T 42 1) b BB 28 3R 0 1) 240 SRR A, AR A
W TDIR S AT BE A 5 % SR B T AT R A A Rt
HBEAT X oAl B4 BT, i SR A T LQG #5 il &
G, FETR N R B AR B AN G B H 1135
J7 MRAELF IME 2 51 B 36.56 % 32.99 % F136.28 %,
HRERTE T BB RS ZEE T RE.
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