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Abstract 

Regular room inspections are crucial for the health and safety of elderly residents in nursing homes. To address the 

trajectory tracking problem of nursing robots, a hierarchical control framework is proposed. The upper layer combines 

an H∞ unscented Kalman filter (HUKF) with nonlinear model predictive control (NMPC) to enhance state estimation 

and optimize the reference trajectory, while the lower layer uses a sliding mode controller for high-response actuation. 

Simulation results demonstrate that the proposed control scheme achieves excellent tracking accuracy and robustness, 

significantly reducing deviations caused by slippage, modeling errors, and disturbances. These results offer a solid 

foundation for the intelligent control of skid-steering nursing robots in complex environments. 
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Introduction

Shortages of workers have been especially salient in 

elderly care. In many countries, nursing homes 

experience persistent staff shortages and high levels of 

turnover as the elderly population and demand for 

caregiving services grows [1]. With the development of 

robot technology and artificial intelligence, the 

emergence of nursing robots can address the above-

mentioned problems. Nursing robots are commonly used 

for delivery, fetching supplies, cleaning, and aiding in 

direct-care activities [2]. However, when applied to the 

complex, dynamic, and highly safety-critical environ-

ment of nursing homes, the core challenge for nursing 

robots lies in their ability to not only accurately and 

stably follow the preset patrol trajectory but also to 

flexibly and safely handle dynamic obstacles in the 

corridors, such as walking elderly individuals, moving 

wheelchairs, and temporarily placed objects. Therefore, 

trajectory tracking control for nursing robots has become 

a hot and challenging research topic. 

The performance of the trajectory tracking controller 

depends on the tracking accuracy and stability of the 

controller [3]. Traditional trajectory tracking control 

methods, such as proportional-integral-derivative (PID) 

control, fuzzy control, and neural networks, can, to some 

extent, satisfy control requirements under smooth road 

conditions [4-7]. However, in scenarios with severe 

slippage, parameter uncertainties, or significant external 

disturbances, these approaches often suffer from large 

tracking errors and poor system stability.  

Hua et al. addressed the trajectory tracking control 

problem for multi-robot systems in complex 

environments by proposing a robust control framework 

that combines multi mobile robot trajectory model 

predictive control (MMRT-MPC) and the trajectory 

action dependence graph (TADG) [8]. Xu et al. tackled 

the issue that most existing trajectory tracking methods 

primarily focus on pose errors while neglecting the 

effects of path curvature [9]. Li and Zhou addressed the 

need for simultaneous trajectory tracking and obstacle 

avoidance for unmanned surface vehicles (USVs) in 

complex marine environments by proposing a real-time 

nonlinear model predictive control (NMPC) method [10]. 

Jesús A. et al. proposed a nonlinear H∞ control strategy 

based on a disturbance observer, which is used to 
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enhance the robustness of wheeled mobile robots in 

trajectory tracking tasks [11]. 

This controller can handle both matching and non-

matching disturbances, by transforming the system into 

a second-order system affected by bounded disturbances 

and designing an H∞ controller to achieve trajectory 

tracking. Li et al. proposed an intelligent PID guidance 

control approach for autonomous underwater vehicle 

(AUV) path tracking [12]. The method integrates a 

traditional PID control algorithm with intelligent 

optimization techniques to enhance tracking 

performance, especially in dynamic and uncertain 

environments. Li et al. proposes an advanced nonlinear 

model predictive control (NMPC) method designed for 

autonomous trucks (ATs) to solve the trajectory tracking 

problem while managing the complexities of coupled 

longitudinal and lateral dynamics [13]. The key 

innovation in the study is the inclusion of terminal 

ingredients - such as terminal control gain, terminal 

constraints, and terminal cost functions - in the 

optimization control problem. 

In recent years, control methods based on the hierarchical 

structure of Model Predictive Control and Sliding Mode 

Control have become a research focus [14-18]. The 

hierarchical control framework typically divides the 

trajectory tracking task into a trajectory tracking layer 

and a drive control layer [19]. The upper layer uses MPC 

for trajectory planning and reference trajectory 

generation, while the lower layer employs sliding mode 

control or robust control to achieve wheel speed closed-

loop tracking, effectively enhancing the system’s overall 

performance under complex operating conditions. 

Considering that nursing robots require high stability and 

flexibility in their movement, a four-wheeled skid-

steering robot model, is introduced [20]. This paper 

addresses the kinematic and dynamic models of four-

wheel skid-steering mobile robots analyzes the effects of 

skid, and designs a hierarchical trajectory tracking 

control algorithm based on Heuristic Unscented Kalman 

Filter-nonlinear Model Predictive Control (HUKF-

NMPC) and sliding mode control. The trajectory tracking 

task is divided into two layers: The HUKF-NMPC based 

trajectory tracking layer and the robust control-based 

drive control layer. The block diagram of the control 

algorithm is shown in Figure 1. The effectiveness and 

robustness of the proposed approach are validated 

through simulations and experiments, providing both 

theoretical foundation and technical support for 

achieving high-precision trajectory tracking control of 

skid-steering robots. 

 

Figure 1. Hierarchical trajectory tracking control algorithm diagram. 
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Wheeled skid-steering robot model 

Skid-steering robot coordinate system 

The coordinate system of the skid-steering robot is 

shown in Figure 2. The global Cartesian coordinate 

system O(X, Y, Z)  is defined, with the Z-axis pointing 

vertically upwards. A local Cartesian coordinate system 

Or(Xr, Yr, Zr) is established at the robot’s center of mass, 

moving with the robot, where the X-axis is aligned with 

the robot’s longitudinal center line. The generalized 

position coordinate system of the robot is represented by 

the vector S=[x, y, θ]T, where x and y are the longitudinal 

and lateral coordinates of the robot’s center of mass, and 

θ is the robot’s yaw angle, the angle between the Xr-axis 

and the positive X-axis. The generalized velocity 

coordinate system of the robot is represented by the 

vector V = [vx, vy, ω]
T
 , where vx  is the robot’s Xr 

forward velocity, vy is the Yr lateral velocity, and ω is 

the yaw rate, the rotational speed around the Zr-axis. 

 

Figure 2. Force diagram of the four-wheeled sliding 

robot. 

Kinematic model 

𝑆̇ is the rate of change of the robot’s position, and the 

change between the vector V and 𝑆̇ is given by equation: 

S=Ḟ(θ)V                                   (1) 

Where the transformation matrix 𝐹(𝜃)  between the 

position coordinate system and the velocity coordinate 

system is: 

F(c)=[
cosθ -sinθ 0

sinθ cosθ 0

0 0 1

]                        (2) 

Dynamic model 

Assume the robot has motion in three directions: 

longitudinal, lateral, and yaw. Considering the forces 

acting on the robot during steady uniform motion around 

the instantaneous center of rotation, the dynamic model 

can be derived as follows: 

{
 
 

 
 𝑚𝑣𝑥̇ = 𝑚𝜔𝑣𝑦 + 𝐹𝑥𝑓𝑙 + 𝐹𝑥𝑓𝑟 + 𝐹𝑥𝑟𝑙 + 𝐹𝑥𝑟𝑟
𝑚𝑣𝑦̇ = −𝑚𝜔𝑣𝑥 + 𝐹𝑦𝑓𝑙 + 𝐹𝑦𝑓𝑟 + 𝐹𝑦𝑟𝑙 + 𝐹𝑦𝑟𝑟
𝐽𝜔𝜔̇ = 𝛾𝑙(𝐹𝑥𝑓𝑙 + 𝐹𝑥𝑟𝑙) − 𝛾𝑟(𝐹𝑥𝑓𝑟 + 𝐹𝑥𝑟𝑟)

+𝑙𝑓(𝐹𝑦𝑓𝑙 + 𝐹𝑦𝑟𝑙) − 𝑙𝑟(𝐹𝑦𝑓𝑟 + 𝐹𝑦𝑟𝑟)

                            (3) 

In the equation: m is the total mass of the robot; 𝐽𝜔 is the 

moment of inertia of the robot around the Zr-axis yaw; 

𝐹𝑥𝑖 is the longitudinal force applied by the ground to the 

wheel, and 𝐹𝑦𝑖 is the lateral force applied by the ground 

to the wheel; 𝑙𝑓  and 𝑙𝑟  are the longitudinal distances 

from the front and rear wheel axles to the robot’s center 

of mass, respectively; 𝛾𝑙 and 𝛾𝑟 are the lateral distances 

from the left and right wheels to the robot’s center of 

mass, respectively. The subscript i∈{fl, fr, rl, rr} refers 

to the left front, right front, left rear, and right rear wheels, 

respectively. 

The dynamic model of each wheel can be represented as: 

Jγωi̇ +RFxi=ηκτi                              (4) 

In the equation: 𝐽𝛾 is the moment of inertia of the wheel; 

𝜔𝑖̇   is the rotational speed of each wheel; R is the 

equivalent rotational radius of the wheel; 𝜂  is the 

transmission efficiency of the drivetrain system; 𝜅  is 

the transmission ratio of the drivetrain system; 𝜏𝑖 is the 

torque output from the motor to each wheel. 

Considering the design of the subsequent controller, the 

longitudinal motion and yaw motion of the robot are 

decoupled. Since the wheels at the bottom of the skid-

steering robot can be independently controlled, it is 

assumed that when the robot moves in a straight line, the 

output torque of the wheels on both sides is the same: 

τl=τr=τ0                                    (5) 

When the robot is turning, the torque of the wheel on the 

outer side of the turning arc is τ+, while the torque of the 

wheel on the inner side is τ-, and the wheels on the same 

side output the same magnitude of torque. The torques of 

the wheels on both sides can be expressed as: 

{
τfl=τrl=τ++τ-

τfr=τrr=τ+ − τ-
                                

(6) 

For most skid-steering robots, their chassis structure 

usually coincides with the robot’s longitudinal axis, i.e., 

γl = γr = γ.  Substituting this expression into the 

previous equation, the robot’s dynamic model can be 

expressed as: 
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MV̇+C(v)V+D(v)V=Eτ+τd 

{
 
 
 
 

 
 
 
 

M= [
m 0 0

0 m 0

0 0 Jω

]

C(v)= [
0 -mω 0

mω 0 0

0 0 0

]

D(v)= [

d11 0 0

0 d22 0

0 0 d33

]

                        (7) 

The control input vector is defined as the left and right 

wheel driving motor torques τ=(τl τr)T . When the 

robot moves in a straight line: 

𝐸 = [

2ηκ

R
0

0 0
0 0

]; 

when turning: 

𝐸 = [

ηκ

R

ηκ

R

0 0
ηκ

R
-

ηκ

R

]. 

τd = [τxd,  τyd,  τωd]
T
  represents the force and torque 

components exerted on the robot by external 

environmental disturbances. M denotes the inertia matrix, 

m is the mass of the robot, C(v) is the centripetal force 

matrix, and D(v) is the damping matrix. 𝑑11, 𝑑22, and 

𝑑33  represent the damping coefficients acting on the 

agent in the lateral, longitudinal, and yaw directions, 

respectively. 

{
 
 

 
 𝑑11 =

𝐶𝑟𝑜𝑙𝑙+0.5𝜌𝐶𝑑𝐴𝑣𝑥

𝑚

𝑑22 =
𝐶𝛼

𝑚

𝑑33 =
𝑅2𝐶𝛼

𝐽𝜔

                        (8) 

Where 𝐶𝑟𝑜𝑙𝑙  is the tire rolling resistance coefficient, 

ρCdA is the aerodynamic drag term, ρ is the air density, 

𝐶𝑑 is the wind resistance coefficient, and A is the frontal 

area; 𝐶𝛼 is the tire cornering stiffness. 

Environmental disturbance and measurement noise 

model 

The operating environment of the robot often introduces 

process disturbances due to factors such as uneven 

ground surfaces, wind forces, and irregular terrain. These 

disturbances can significantly affect the robot’s tracking 

accuracy and stability. Since it is difficult to model these 

disturbances precisely, they are represented using a zero-

mean time-varying random variable with weight αd  to 

simulate environmental disturbances, expressed as 

follows: 

τd= [

τxd

τyd

τωd

]=α

d

[

rand(t)

rand(t)

rand(t)

]                                                             (9) 

In the equation, rand(t) denotes a random number with a 

mean of 0 and a range between -1 and 1. 

Considering the precision errors of measurement sensors, 

it is assumed that the disturbance L follows a Gaussian 

distribution, i.e.,  L~N(0,∑L) . Here, ∑L  is the 

covariance matrix of the process noise, which describes 

the noise variance and the correlation between noise 

terms; the mean μ
L
=0 indicates that the expected value 

of the noise is zero, and it is generally assumed that the 

system has no external bias. 

Upper-level HUKF-NMPC controller design 

The upper-level controller is based on the combination of 

the H∞ filter with the unscented Kalman filter (HUKF) 

and nonlinear model predictive control (NMPC) 

algorithm. The controller consists of three parts: First, the 

robot’s state is estimated in real time by combining the 

unscented Kalman filter with the H∞ filter, which helps 

handle sensor noise and system model errors. Second, 

trajectory optimization is performed based on the 

predictive model. Finally, the optimal control is solved 

by the NMPC controller τk. 

Nonlinear state-space model 

Based on the kinematic and dynamic models of the robot, 

a nonlinear continuous-time state-space model of the 

agent is established. The state vector is q=[S G]T; the 

control input vector is τ=(τl τr)T; the output vector is 

Y= [x, y, θ]T ; W and L denote the environmental 

disturbance and measurement noise, respectively. The 

state-space representation is given as: 

{
q̇=f(q,τ,W)= [

F(θ)V

-M-1(C(V)+D(V))+M-1(τ+τd)
]

Y=Aq+L

                             (10) 

In the equation, A is a block diagonal matrix with 

A= [I33 033] , where I33  and 033  denote the 3×3 

identity matrix and the zero matrix, respectively. 

Model discretization 

Since the controller can only handle discrete-time data, 

the model needs to be discretized. Using the forward 

Euler method, the discretized model is obtained as: 

q̇=
q

k+1
-q

k

t
=f(q

k
,τk,Wk)                                                          (11) 

{
q

k+1
=q

k
+f(q

k
,τk,Wk)T

Yk=Aq
k
+Lk

                                                         (12) 
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where t is the sampling time; q
k
is the discrete state vector 

at time step k; q
k+1

  is the discrete state vector at time 

step k+1; τk is the control input vector at time step k; Wk 

is the environmental disturbance at time step k; Yk is the 

output vector at time step k; and Lk is the measurement 

noise at time step k. 

Constraints and optimization 

The nonlinear model predictive controller (NMPC) 

enables the robot to achieve an optimized desired motion 

trajectory. Within each control cycle, NMPC computes 

the optimal control input τk based on the current system 

state and the reference trajectory, such that the value of 

the designed cost function is minimized. By employing 

NMPC, the robot chassis can continuously adjust the 

control input to ensure accurate tracking of the reference 

trajectory and stable control of the system states. 

In practical trajectory tracking tasks, the control inputs of 

the robot are executed by the actuators of the robot 

chassis. However, these actuators are subject to 

mechanical limitations, and the robot itself has inherent 

performance constraints. Therefore, the following 

categories of constraints need to be considered: control 

input constraints, state constraints, and disturbance range 

constraints. 

{

τmin≤τk≤τmax

q
min

≤q
k
+Wk≤q

max

Wmin≤Wk≤Wmax

                                                       (13)  

In the equation: τmin  and τmax  represent the upper and 

lower bounds of the input vector, respectively; q
min

 and 

q
max

 represent the upper and lower bounds of the sum of 

the state vector and the external disturbance vector, 

respectively; Wmin  and Wmax  represent the upper and 

lower bounds of the external disturbance vector, 

respectively. The control objective is: 

‖Yk̃‖2
→0

k→∞

lim
                                                                           (14)  

In the equation: Yk̃=Yk -Yrk, where Yrk is the estimated 

value at time step k, provided by the planning module; 

‖ ‖2 denotes the Euclidean norm of a vector. 

During the optimization process, we consider the worst-

case scenario of disturbances, which means that the 

maximum or expected value of the disturbance needs to 

be introduced and incorporated into the optimization 

objective. The optimization problem is defined as 
min

τk

max

Wk
J, where maxWk

 represents solving for the worst- 

case disturbance and minτk
  represents designing the 

optimal control strategy. The optimization objective is 

typically to minimize the deviation of the system states 

from the reference trajectory while also taking into 

account the cost of the control input to avoid excessively 

large inputs. The quadratic cost function of the NMPC is 

defined as J: 

J=∑ ‖Yk+i
̃ ‖

Q

2
+∑ ‖τk+i‖G

2Nc-1

i=0 +∑ β‖Wk+i‖U
2Nc-1

i=0 )
NP

i=1     (15)  

Q, G, and U are the weighting matrices for the output, 

input, and disturbance, respectively; β is the weighting 

coefficient of the disturbance; Np  and Nc  denote the 

prediction horizon and the control horizon, respectively; 

i is an iteration variable used to traverse each time step 

during the summation process. 

H∞ unscented kalman filter 

In practical robotic trajectory tracking control, 

uncertainties such as modeling errors, sensor noise, and 

external disturbances often affect the accuracy of state 

estimation. To achieve stronger robustness and higher 

estimation precision, this paper proposes an H∞ 

unscented Kalman filter (HUKF) method by 

incorporating the H∞ robust filtering concept into the 

unscented Kalman filter (UKF) framework. HUKF 

employs the unscented transformation to directly 

generate sigma points from the original system model, 

thereby avoiding the linearization process and 

significantly improving the accuracy of nonlinear state 

estimation. To compute the optimal state estimate Yk
+ of 

the robot at time step k under environmental disturbances, 

an H∞ gain correction is introduced. Specifically, during 

the update phase of the UKF, the H∞ robustness criterion 

is applied to optimize and adjust the Kalman gain, 

thereby enhancing the resistance to model uncertainties, 

noise, and external disturbances. 

(1) Prediction step 

First, based on the given state estimate q̂
k
  and 

covariance matrix Pk at time step k,2n+1 sigma points 

are generated through the unscented transformation, 

where n is the dimension of the state vector. Each sigma 

point ξk

(σ)
 is: 

ξk
(σ)
=[q̂k，q̂k±√(n+λ)Pk]                                              (16)  

where 𝜆=ε2 (n+𝜅)-n , 𝜀  is a scaling factor, and 𝜅  is a 

constant. 

Each sigma point is propagated through the system’s 
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nonlinear state transition function f(ξ
k

(σ)，τk) to obtain the 

predicted sigma points: 

ξ
k+1|k
(σ)

=f(ξk

(σ)，τk)                                                                (17)  

By weighted averaging, the predicted state estimate q̂
k|k+1

 

and covariance Pk|k+1 are obtained: 

q̂
k|k+1

=∑ Wm
(σ) ξ

k+1|k
(σ)2n

i=0                                                    (18)  

Pk|k+1=∑ Wc
(σ) [ ξ

k+1|k
(σ)

-q̂
k|k+1

] [ ξ
k+1|k
(σ)

-q̂
k|k+1

]
T

+Z2n
i=0  (19)  

where x̂k|k+1  is the predicted mean state at time k+1, 

Pk|k+1 is the predicted covariance at time k+1, Wm
(σ) and 

Wc
(σ) are the mean and covariance weights of the sigma 

points, and Z is the process noise covariance matrix. 

(2) Update step 

Similarly, the predicted sigma points are mapped to the 

observation space through the observation model: 

ρ
k+1|k

(σ)
=A ξ

k+1|k
(σ)

                                                                     (20)  

whereρ
k+1|k

(σ)
  represents the predicted observation of the 

σ-th sigma point at time step k+1. 

By weighted averaging, the predicted observation Ŷk|k+1, 

observation covariance Pyy , and cross covariance  Pxy 

between the state and observation are obtained: 

Ŷk|k+1=∑ Wm
(σ)ρ

k+1|k

(σ)2n
i=0                                                          (21)  

Pyy=∑ Wc
(σ) [ ρ

k+1|k

(σ)
-Ŷk|k+1] [ ρk+1|k

(σ)
-Ŷk|k+1]

T

+T2n
i=0             (22)  

Pxy=∑ Wc
(σ) [ξ

k+1|k
(i)

-q̂
k|k+1

] [ξ
k+1|k
(i)

-q̂
k|k+1

]
T

+T2n
i=0             (23)  

where Ŷk|k+1 is the observation mean at time step k+1; 

Pyy is the predicted observation covariance at time step 

k+1; Wm
(σ)  is the mean weight of the σ -th sigma point; 

Wc
(σ) is the covariance weight of the σ-th sigma point; T 

is the observation noise covariance matrix; and Pxy  is 

the cross covariance between the state and the 

observation at time step k+1. 

Unlike the standard UKF, the H∞ filter does not aim to 

minimize the mean squared error but instead adopts the 

criterion of minimizing the worst-case effect of 

disturbances. This approach can effectively handle 

uncertainties caused by system noise, external 

disturbances, and model inaccuracies. By tolerating and 

compensating for model errors and disturbances, the 

accuracy of state estimation becomes less sensitive to 

such uncertainties. In the design of the Kalman gain Kk, 

an H∞ norm constraint is introduced, and the 

optimization problem is formulated as follows: 

 
‖g

k
‖

2

2

‖Wk‖2
2

<ϕ

qk≠0

sup

                                                                     (24) 

where g
k
=q

k
-q

k̂
  is the estimation error, Wk  is the 

disturbance, and ϕ is the prescribed robust performance 

bound parameter (the smaller, the more conservative). 

The filter gain designed in this way not only adapts to 

system parameter variations and uncertainties, but also 

provides stronger suppression against external 

disturbances and measurement noise. 

Based on the H∞ robustness criterion, the unscented 

Kalman gain can be expressed as: 

Kk=Pxy(Pxy+
1

ϵ2
I)

-1                                                                 (25) 

where ϵ is the H∞ filtering gain factor, which controls 

the suppression strength against noise. 

By applying this gain, the predicted state is corrected as 

follows: 

q̂
k+1

=q̂
k|k+1

+Kk(Yk+1-Ŷk+1|k)                                               (26) 

Where Yk+1 is the actual observation at time step k+1. 

Meanwhile, the covariance matrix is updated as: 

Pk+1=Pk+1|k-KkPyyKk
T                                                         (27) 

The entire filtering process is executed recursively at 

each time step, continuously fusing observation data with 

system predictions to produce the optimal robust state 

estimate. 

By introducing the H∞ constraint, the unscented Kalman 

filter is able to effectively enhance the reliability of state 

estimation and the overall robustness of the system when 

facing modeling errors, noise, and unknown disturbances. 

This method provides a solid foundation and guarantee 

for the precise implementation of the subsequent 

nonlinear model predictive control. 

Compared with the traditional UKF, the HUKF 

demonstrates better robustness against abnormal 

observations and disturbances, and achieves smaller 

estimation errors in the presence of significant noise or 

model uncertainties. 

As shown in the left panel of Figure 3, both filtering 

algorithms greatly suppress the effect of measurement 

noise, resulting in smoother trajectories that are closer to 

the ground truth. However, the HUKF estimates exhibit 

slightly better fitting with the true trajectory in certain 

curved and abrupt regions, with smaller fluctuations. 

As illustrated in the right panel of Figure 3, the overall 

error for both algorithms remain within 0.2 m, with small 

deviations at most time steps. Nevertheless, the HUKF 

shows slightly smaller errors than the UKF for the 

majority of the time, and exhibits stronger noise-
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suppression capability during periods of high disturbance. 

At local peak points, the error fluctuation of the HUKF 

also demonstrates a more pronounced convergence 

advantage. These results confirm the H∞ constraint’s 

theoretical advantages and support the subsequent 

NMPC controller. 

 

 

Figure 3. Comparison chart of UKF and HUKF state 

estimation with true values. 

Design of the bottom-level synovial controller 

The tracking velocity error vector of the robot is defined 

as e = [evx, evy, eω]
T
 , and its error dynamics can be 

expressed as: 

[

evx

evy

eω

]= [

vxk|ref-vxk

vyk|ref-vyk

ωk|ref-ωk

]                                                              (28)  

where evx , evy , eω  denote the errors of the robot’s 

longitudinal velocity, lateral velocity, and yaw rate along the 

reference trajectory, respectively. Here, vxk  is the 

longitudinal velocity of the system at time step k, and vxk|ref 

is the reference longitudinal velocity at the same time step. 

The other variables are defined in the same manner. 

To ensure that the system state error ek converges to zero, 

a sliding surface is designed, such that the control system 

performs sliding motion along it. A second-order sliding 

surface is selected as: 

s(t)=e-η∫ e(τ)
t

0
dτ                                                                 (29)  

Where η is the sliding surface coefficient. From (29), it 

can be observed that when η>0 and s(t)→0, the tracking 

error e→0.Based on the concept of equivalent control, 

the control law is designed in a switching function form, 

such that the tracking error on the sliding surface 

converges to zero: 

s(t)̇ =-χ∙sign(s(t))                                                                    (30) 

where χ>0 is the switching gain, which determines the 

control effort along the sliding surface to ensure that the 

system state performs sliding motion. The function 

sign(s(t)) takes values in {−1,1}. When s(t)>0, the 

control signal is positive; otherwise, it is negative.By 

combining the tracking error at the robot’s chassis level, 

the control torque outputs can be designed accordingly. 

Eτ+τd=M [

vxk|reḟ +ηevx+-χ∙sign(s(t))

vyk|reḟ +ηevy+-χ∙sign(s(t))

ωk|reḟ +ηeω+-χ∙sign(s(t))

]+C(v) [

vxk|ref-evx

vyk|ref-evy

ωk|ref-eω

]   

+D(v) [

vxk|ref-evx

vyk|ref-evy

ωk|ref-eω

]                                                                    (31)  

From the above expression, it can be observed that except 

for τd, all other terms are known. Substituting into the 

derivative form of the sliding surface yields: 

s(t)̇ =-χ∙sign(s(t))-τd                                                                 (32)  

To ensure that the system can reach the designed sliding 

surface, it is necessary to select an appropriate value of 

τd. As assumed earlier, τd is bounded and known, with 

-1≤τd≤1. Accordingly, the selection of τd must satisfy 

the following conditions: 

When s(t)＞0, to ensure s(t)̇ ＜0, set τd=-1; 

When s(t)＜0, to ensure s(t)̇ ＞0, set τd=-1. 

Based on this logical relationship, τd can be expressed 

as: τd=1-sign(s(t)). 

Data simulation and analysis 

To verify the effectiveness, robustness, and reliability of 

the proposed hierarchical controller, numerical 

simulations were conducted. The controller parameters 

were set as follows:  

 Ts=h=0.05 s,NP=10, NC=2, Q=diag(1,1,0.5), 

 G=diag(1,1,1), U=diag(1,1,1), η=1.2，χ=0.82，
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 αd=0.5，q
0
=[-1 0

π

2
0 0

π

2
]

T

. 

The input and state constraints were set as: 

q
min

=[-10 -10 -10 -2 -2 -2]T, τmin[-1 -1]， 

q
max

=[10 10 10 2 2 2]T, τmax[1 1].  

The simulation analysis was conducted to evaluate the 

tracking performance of the controller along a circular 

reference trajectory. The reference trajectory is defined 

as: 

Yr(t)= [

xr(t)

y
r
(t)

ϕ
r
(t)

]= [

4-4cos(0.2t)

4sin(0.2t)
π

2
-0.2t

]                                                (33)  

The corresponding simulation results are shown in 

Figure 4. 

 

 

 

Figure 4. Simulation results of circular trajectory 

tracking. 

From the simulation results, it can be observed that the 

actual trajectory of the robot closely follows the 

reference trajectory, indicating that the coordinated 

design of NMPC and the sliding mode hierarchical 

controller can achieve effective motion control of 

wheeled mobile robots. The detailed analysis is as 

follows: 

In the trajectory tracking plot, the reference trajectory 

and the actual trajectory almost completely overlap, with 

only a slight deviation at the initial stage. As the 

simulation progresses, the system rapidly corrects the 

error and achieves stable tracking, demonstrating the 

strong trajectory tracking capability of the proposed 

controller. 

The error curves show that both position errors and 

heading errors converge quickly at the beginning and 

remain within a very small range throughout the tracking 

process. The final steady-state errors are nearly 

negligible, confirming the high control accuracy of the 

system. 

The comparison between the actual velocity and the 

reference velocity shows that the actual velocity 

converges rapidly to the reference value and then remains 

almost identical, reflecting the fast response and high-

precision tracking performance of the velocity loop. 

The angular velocity comparison indicates that the actual 

angular velocity is almost identical to the reference, 

verifying the high accuracy and robustness of the system 

in steering control. 

The single-axis errors further illustrate that the position 

errors in both the X-axis and Y-axis remain very small, 

with the maximum absolute error less than 0.1 m and 

bounded oscillations. Similarly, the heading angle error 

stabilizes quickly around zero after the initial adjustment, 

without noticeable accumulated deviation. 

Overall, these simulation results consistently 

demonstrate the controller’s excellent tracking 

performance across position, velocity, and heading 

control. The system exhibits rapid convergence, minimal 

steady-state error, and strong robustness against 

disturbances. These characteristics are essential for 

practical deployment in complex environments. They 
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also indicate that the proposed method can maintain 

stable performance under varying operating conditions. 

The simulation analysis verifies the effectiveness of the 

controller for circular trajectory tracking. The reference 

trajectory is defined as: 

Yr(t)= [

xr(t)

y
r
(t)

ϕ
r
(t)

] = [

0.75t

cos(0.75t)+0.75t+1

arctan2(-0.75sin(0.75t)+0.75,0.75)
] (34)  

And the corresponding simulation results are illustrated 

in Figure 5. 

 

 

Figure 5. Simulation results of curved trajectory 

tracking for the bending curve. 

From the simulation results, it can be concluded that the 

hierarchical controller achieves satisfactory tracking of 

curved and bent trajectories, with all system performance 

indices demonstrating high robustness and accuracy. 

This confirms the controller’s capability to meet the 

high-precision tracking requirements of mobile robots 

operating in complex road environments. 

In the trajectory tracking plot, the actual trajectory (blue 

line) follows the reference trajectory (red dashed line) 

very closely, realizing accurate tracking of the complex 

curved path. During the entire motion process, the robot 

is able to promptly adjust its posture at each turning point, 

thereby remaining tightly aligned with the predefined 

path without exhibiting significant deviations. 

The tracking error plot illustrates the evolution of 

position and heading errors over time. It can be observed 

that the position error experiences slight fluctuations at 

the beginning of the trajectory and at points with high 

curvature variation, but overall remains at a low level, 

with the maximum position error not exceeding 2 m, and 

quickly converges thereafter. The heading error remains 

consistently small, indicating accurate attitude control 

without oscillations or accumulated deviations. 

The middle two plot show the tracking performance of 

velocity and angular velocity. The actual velocity almost 

coincides with the reference velocity, with minimal 

oscillations, demonstrating that the controller responds 

promptly to velocity commands. Similarly, the angular 

velocity tracking is highly accurate, as the actual angular 

velocity nearly overlaps with the reference value, 

providing strong dynamic support during turning and 

curvature transition phases. 

The XY error plot shows that the errors in both the X and 

Y directions remain within ±2 m and gradually decrease 

over time, indicating effective control in both lateral and 

longitudinal directions. The heading error comparison 

further demonstrates that the overall heading error 

remains small, with a maximum deviation of about 0.8 

rad, and mostly within 0.4 rad, confirming the system’s 

good convergence capability in heading control. 

Conclusion 

This paper addresses the trajectory tracking problem of 

four-wheeled skid-steering mobile robots by 

constructing a refined model that incorporates both 

dynamics and environmental disturbances, and proposes 

a hierarchical control strategy based on HUKF-NMPC 

and sliding mode control. The method fully considers 

multiple constraints, including control inputs, state 

variables, and external disturbances, and integrates state 

estimation, trajectory optimization, and robust actuation 

in a unified framework. 
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Simulation results demonstrate that the proposed 

controller achieves high-precision and robust trajectory 

tracking under various reference trajectories (e.g., 

circular and curved paths), while effectively resisting the 

influence of environmental disturbances and modeling 

uncertainties. The tracking errors converge rapidly and 

remain within a very small range, while both velocity and 

angular velocity exhibit excellent tracking performance. 

The findings provide new insights for the intelligent 

control of nursing robots in practical engineering 

applications and highlight promising application 

prospects. Future work will focus on optimizing the real-

time performance of the algorithm and extending the 

framework to cooperative robust trajectory tracking in 

multi-robot systems. 
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