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End-to-end Control for 4WISD Heavy-duty Robots in Complex Terrains

XU De-Gang'  WANG Yi-Zhi' XIE Yong-Fang'

Abstract To address the limited generalization of traditional control methods for four-wheel independent steering
and driving (4WISD) mobile robots in complex terrains, caused by their reliance on idealized constraints and para-
meter tuning as well as their susceptibility to non-ideal wheel-ground interactions, an end-to-end deep reinforce-
ment learning low-level control policy without explicit model-based computation is developed. Based on proximal
policy optimization, the method integrates curriculum learning and physics-based domain randomization to con-
struct a multi-terrain and multi-disturbance training process. With a structured state-action formulation and phys-
ically motivated reward shaping, the policy directly maps proprioceptive observations to four-wheel steering-angle
and wheel-speed commands, enabling coordinated multi-wheel control and slip suppression. Experiments in the high-
fidelity Isaac Sim simulator compare the proposed policy with PID-LS and MPC-LS cascaded baselines under rough
undulating terrains and low-friction flat terrains. Results show that the proposed policy exhibits smaller perform-
ance fluctuations across conditions, achieves more accurate linear-velocity tracking on rough terrains, and main-
tains low online computational cost, with a single-step latency of 0.304 ms. Real-world validation on an outdoor flat
concrete surface further demonstrates stable online execution through a ROS-PLC control pipeline, with velocity
root mean square error (RMSE) values of 0.169 m/s, 0.213 m/s, and 0.116 rad/s for the three velocity components.
The policy inference latency is 0.62 ms, while sensor synchronization and state construction take 56.15 ms on aver-
age. These results verify the feasibility of end-to-end data-driven low-level control for 4WISD platforms without pre-
cise modeling, offering an innovative approach to motion control of high-DOF wheeled mobile robots in complex en-
vironments.
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terrain
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Fig.1 End-to-end low-level control framework
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Fig.2  Schematic of the four-wheel independent steering
and driving mobile robot system architecture
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Fig.4 Physical photograph of the 4WISD mobile
robot (top), and its simulation models in URDF

(bottom left) and USD (bottom right) formats

SR A
3.2 REINESWHIES

RVEA BT 4 i 31 o 4 ] SRS 1R ZRBh A B U
R, AN G FE RSl FIF T L K8 4t
&, BRI (mean reward). IRFESEH
(curriculum level) LA 1 22 )il e& K 7> fif 45 21 10
T YW bR: Z0id IR ER L) frod BEERER AL ) 2
BRG] BN SER ARG S50
TR AR 2 &l 5 5K 6 s,

B 5 e B gs T URTE S5 2 BB I SRk 1 AR AL
WIZRATT A SR i A T R 45, 2 12 KRR X 45k
IR A B RE, SRR 5 oA 30 HE B R
BRACKF. B RSB D o H AR PR 5 %
A Ee Sy, WS R DGR ETE, IF BRIt E
29 4.5 MALE b, XL USRI REE 72 T R AN

TR 15 Rt RE
4
5 = 10
o ol
1
0
0 500 1000 1500 2000 0 500 1000 1500 2000
PR R AR
K5 IR IR SR 4 5 1 B IRl K AR L i 3
Fig.5 The changing trends of curriculum level and

mean reward during training
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Fig.6  The changing trends of six key reward and

penalty components during training
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FELLE EshiaE An 55 R As RAE, Hp
Tia N AR [0.05, 0.08] m. As = 0.03 m, 71, N Ah
€ 0.02, 0.10] m+ As = 0.05 m; KB F1H LAFS: /3h
FEHE R (s, pa) RAE, oA Tou 29 (0.9, 0.9), Tap
N (0.2, 0.2). iR E @ Uk L i AR 4 4%
1 R G AR AL 5 N M AR FRAR RN, T AR I8 AN [H]
TIEAE SR 2 T PRSP 22 . ARG E A N 8
Fotst LEAS [R5 v i) 4 il P -

o HEIRERIENR: LIHEIRE B (m/s) 5
HEERZE Fang (vad/s), F T VAl 6 A4 B 1 4
M PRERRE T,

o EHFEE IR B EIRINII TR Zos
(m/s) ST /R0 IEFE Y TTARME RPys (rad/s),
FF VPG RSB HOTE T [ SR A A e 1k ;

o IMERCRIE R P S HI T XE Ty (ms),
FH T PEAk 4 1) 2% 1) S

R T S R AL E T, A SO ES:
100 A H 2510 N — IRAE 4% A B, 1 8 H 1247 100
R SABRPR AR B Be A N [R) 28 1 B IR SR
FEXE 100 U Begh Gt BME S hrvE %, LLEiL[HE
—HCE T I R S Bha .

2R T v B iR ) SRS 5 P SR AL R
£ (PID-LS. MPC-LS) 7E VU th JE FL & T 1 4t
RO (MME £ dRiEZE). BAACRE, MR LA R
SR (T — Thp) BUERARSKAT B (T2a —
Tow ) W, iy 380 3y 425 1] S0 25 AR A 1) )M 55 07 2238
AR AT, R B St S — 8. | 7
JIR T i 3 iy 2 i) SR AE AL SRR R M TR 53
HuTH R ARR M2 B I 2.

FERARARERTE Tio /T 1, S 215547 ) S AE
LR FEIREF R By FHUSHAR (475104 0.124 m/s
50.149 m/s), HEshEER /N, FUHAE LT
) AT e 4 45 e G 2R IR L M 58 R PR R AT
%5, DRI, T T, HEOR A Ty W, 3 S 5
W) Eliy 5 Fang DUHIUE BRIERE AR (L (0.124 m/s —
0.149 m/s, 0.116 rad/s — 0.119 rad/s), MM 35 B4
TR 2R L B4R T BT — e G BN RE ). AR xS
M, MPC-LS £ 1 JE IR 7 F,y LML, X5
MPC FEHUAR S FE 20 3 B i 22 kAT i SR Ak 1)
HUHI—%L. PID-LS 7F Zuns 5 RPys FEUS F/IME,
B3 By, BB K, 22 W B g 1) DL ER ST HE 1 46 HY
BT, FEBRFNZ, BEBRERIEALA
ERE BRI RE A ERRE R b HERETE
I AN GO BRI LS B3], it
it 8 3 425 1) S M CEMLRE MBI R R s e br B IR A
e, ABATIAL T AT 4 52 S B, JFAE DR FF AR E 11 1) [R) Bf
HAS 7 ST AT 5% H A IR B R T

TEFHHIE Tou/Top ', MPC-LS T PR EFKE
RS, R B, (0.050 rad/s 5 0.063 rad/s),
S M A Hh AR U i B AR RN AR SR A
il 45 1) RE 8 5 78 70 AR S AR SRR RO 35 S

R 2 PRI R T RCE T i B v ] S S SR AT IR RO MR RE S E (BME + BRHER)

Table 2 Control performance comparison between the end-to-end control policy and baseline methods under
two terrain types and their sub-configurations (mean + standard deviation)

% Jii: By (m/s) B (rad/s) Zyms (m/s) RP.y (rad/s) Ten (ms)
PID-LS 0.246 £ 0.102 0.120 £ 0.062 0.086 + 0.008 0.130 + 0.026 0.850 £ 0.021
Tia MPC-LS 0.145 £ 0.125 0.070 + 0.064 0.101 + 0.012 0.160 £ 0.044 2.913 + 0.088
end-to-end (PPO) 0.124 + 0.057 0.116 £ 0.066 0.106 £ 0.009 0.173 £ 0.055 0.308 + 0.018
PID-LS 0.291 £ 0.137 0.132 £ 0.067 0.106 + 0.012 0.159 + 0.036 0.851 £ 0.015
Tib MPC-LS 0.217 £ 0.151 0.098 + 0.062 0.121 £ 0.015 0.209 £ 0.045 2.880 + 0.089
end-to-end (PPO) 0.149 + 0.070 0.119 £ 0.069 0.125 £ 0.018 0.205 £ 0.071 0.303 £ 0.020
PID-LS 0.222 £ 0.088 0.101 £ 0.053 0.075 + 0.007 0.061 + 0.010 0.852 £ 0.019
T2a MPC-LS 0.096 + 0.094 0.050 + 0.049 0.083 £ 0.008 0.064 £ 0.017 2.866 + 0.094
end-to-end (PPO) 0.105 £ 0.070 0.105 £ 0.064 0.085 £ 0.008 0.081 £ 0.029 0.305 + 0.019
PID-LS 0.210 £ 0.090 0.136 £ 0.062 0.078 + 0.009 0.060 + 0.013 0.848 £ 0.021
T2b MPC-LS 0.098 £ 0.079 0.063 + 0.040 0.085 £ 0.009 0.062 £ 0.019 2.870 £ 0.100
end-to-end (PPO) 0.098 + 0.057 0.102 £ 0.067 0.084 + 0.006 0.085 £ 0.029 0.301 % 0.030
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Fig.10  Real-world velocity tracking results
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