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Abstract
This article proposes a Gaussian process (GP) based model predictive control (MPC) method

to solve the tracking control of wheeled mobile robot (WMR) with uncertain model parameters.
Firstly, a Gaussian process velocity prediction model is proposed to compensate for the unknown dy-
namic model, as the kinematic model cannot accurately characterize the motion characteristics of the
robot. Then, by introducing the Lorentz function, the improved iterative linear quadratic regulator
(iLQR) method is used to solve the nonlinear MPC (NMPC) controller with constraints. In addi-
tion, in order to reduce computational burden, a closed gradient calculation method is introduced to
improve algorithm efficiency. Finally, the feasibility and effectiveness of this method are verified
through simulation and experiment.
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0　 Introduction

Trajectory tracking is a fundamental function of
mobile robots, which needs to travel along the pre-
scribed path. However, mobile robots face complex
and severe challenges in practical applications, inclu-
ding model uncertainty and unknown noise interfer-
ence, which poses extremely high requirements on the
real-time performance and accuracy of trajectory track-
ing control systems. Model predictive control (MPC) [1]

is a widely adopted control strategy for trajectory track-
ing, whose performance heavily depends on the model’s
accurate depiction of system dynamics. However, due to
complex and unknown parameters, as well as changes in
system dynamics over time, it is very difficult to con-
struct an accurate system model. Therefore, a simple
nominal model can be used, supplemented by a learned
perturbation model, to characterize unmodeled dynamic
behavior. This perturbation model reflects the deviation
between the observed behavior and the nominal model.

Currently, scholars use methods such as neural
networks[2] or Gaussian process (GP) [3-4] for model-
ling. In contrast, GP provides a probabilistic and non-
parametric modelling approach, which has the advan-
tage of quantifying prediction uncertainty. In Ref. [5],
the GP MPC method was adopted in time-varying sys-

tems to handle the uncertainty of predictions and trans-
form the uncertainty into constraints for safe operation.
Although the GP-based model is random, the perform-
ance metrics used is deterministic and underutilizes
model information. Zhu et al[6] addressed the problem
of visual servoing for mobile robots with unknown actua-
tor dynamics by proposing an enhanced model incorpo-
rating GP. They transformed the stochastic problem into
a deterministic framework via an augmented model,
with experimental validation confirming the method’ s
effectiveness. Chen et al[7] developed a Gaussian
process-based predictive control method for underactu-
ated balancing robots to solve trajectory tracking and
balance modelling problems, experimentally verifying
its performance. Wu et al[8] proposed a Gaussian
process model predictive control framework for un-
manned surface vehicle trajectory tracking. Combining
a kinematic nominal model with a GP error model, ex-
perimental results showed GP MPC outperforms con-
ventional MPC in tracking accuracy, disturbance rejec-
tion, and stability. Ostafew et al[9] developed a nonlin-
ear model predictive control framework that employs
GP-learned constraints to ensure robust satisfaction,
with experimental results confirming its real-time feasi-
bility. Carron et al[10] achieved high-precision robotic
arm trajectory tracking; by training a GP error model
offline on joint deviation data from a 6-DOF (degree of
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freedom) flexible arm, they experimentally validated
the algorithm’s superiority.

To address computational complexity of GP induced
by covariance functions, Li et al[11] applied tightening
constraints only to the nominal state in the first step of
their Gaussian process based stochastic model predictive
control algorithm (GP-SMPC), ensuring real-time capa-
bility while enforcing worst-case constraints on subse-
quent steps. Hewing et al[12] utilized sparse GP to learn
mobile robot error models, experimentally demonstrating
real-time control performance. Lee et al[13] developed a
robust nonlinear dynamic inversion controller based on
sparse online Gaussian processes to compensate for
ground effects during forward flight. The controller in-
tegrates reference, GP, and robust inputs, with Lya-
punov stability theory proving finite-time asymptotic
convergence. Comparative results demonstrated superior
execution efficiency and enhanced tracking accuracy.
Janssen et al[14] proposed incremental sparse spectral
Gaussian process regression with real-time iterative algo-
rithms for embedded deployment, with simulation and
experimental results validating effective mobile robot
trajectory tracking. Kim et al[15] established a sparse GP
velocity model capturing the relationship between a mo-
bile robot’s actual and commanded velocities, providing
a novel approach to model unmodeled dynamics. Fur-
thermore, improved GP algorithms[16 - 19] have pointed
out the directions that can be studied in the future.

This paper proposes a Gaussian process model
predictive control method for trajectory tracking of
wheeled mobile robots with uncertain model parame-
ters. The main contributions are as follows.

(1) It integrates a nominal model enhancing per-
formance in regions distant from training data with a
GP model capturing actuator dynamics that cause nomi-
nal-actual model discrepancies.

(2) To mitigate static errors inherent in the itera-
tive linear quadratic regulator (iLQR) solver, the con-
ventional quadratic terminal cost is replaced with a
Lorentz function.

(3) A state-constrained iLQR solver is designed
within the nonlinear MPC (NMPC) framework. Utili-
zing closed-form gradient computation enhances real-
time performance.

In this paper, we use k to refer to the current time,
i and j denote the index. B·, j is referred to j-th column of
matrix B. We denote a Gaussian distribution f with mean
μ and covariance ∑ by fN μ, ∑( ). The state sk ∈
Rn, control input uk ∈Rm, and train input zk ∈Rz . The
input weight matrix is denoted as R = diag (r1, r2)
and the state weight is denoted as W ∈ Rn×n .

1　 Model description

Consider a two-wheeled mobile robot as shown in
Fig. 1.

Fig. 1　 Two-wheeled mobile robot

The kinematic model of the two-wheeled mobile
robot (WMR) is given as follows.

dx = vcos(θ)
dy = vsin(θ)
dθ = w

(1)

where x and y are the position variables of WMR, θ is
the heading angle, v is the linear velocity, and w is the
angular velocity. By employing the forward Euler meth-
od with a discrete time Δt, one has
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The reliance on the ideal kinematic model alone
may not provide the required accuracy in practical mo-
bile robot applications, especially under the influence
of model uncertainties. For instance, it is unrealistic to
assume that the actual speed can immediately track the
expected speed output from the controller. To address
the issue of reduced control accuracy caused by the lag
in speed tracking, we have established the following
velocity model for compensation.

vr, k

wr, k
[ ] = g(vr, k-1, wr, k-1, v- r, k, w- r, k) (3)

where vr, k and w r, k represent the actual velocity and
the commanded velocity v- r, k and w- r, k, respectively.
Let zk = [ vr, k-1, w r, k-1, v- r, k, w- r, k ]

T
, combining

Eqs. (2) and (3), Eq. (4) can be got.

sk+1 = Ask + B(sk)g(zk)

A = I3×3 03×2

02×3 02×2
[ ]

B(sk) = 0 0 Δt 0 1
Δtcosθk Tsinθk 0 1 0[ ]

T

(4)
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where sk = xk yk θk vr, k-1 wr, k-1[ ]T, I stands
the identity matrix, and T stands for the transpose of a
matrix.

The purpose of this paper is to model the uncer-
tain term g(zk) in Eq. ( 4 ) using the Gaussian
process. By this, we develop an enhanced Gaussian
process based model and design a corresponding model
predictive control scheme. Our approach aims to im-
prove the trajectory tracking performance of mobile ro-
bots under uncertainty.

2　 Gaussian process

In this section, we use GP to model the uncertain
term g(zk) in Eq. (4). Each output dimension is
learned independently[9], meaning that we assume the
vr, k and wr, k to be independent, one has:

vr, k = g1(z) + ε1

wr, k = g2(z) + ε2

,ε1, 2 ~ N(0, σ2
ε1, 2

) (5)

The dataset used for training the uncertainty model
is set as (ZK-1, y→k-1). ZK-1 = [z1, …, zj, …, zk-1]T;
and the target is defined as y→k-1 = [g i( z1), …,
g i( z j), …, g i( zk-1)] T + ε i, i = 1, 2

, where ε i repre-

sents noise. By using the GP, the uncertain term g i
→ =

[g i( z1), …, g i( zk-1)] T
i = 1, 2 obeys a multivariate

Gaussian process regression distribution as follows.
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where mi ·( ) and ϕi ·( ) are the mean and covariance
functions of the Gaussian process. In this paper, we
choose m(zk) = [α 0 1 - α 0]zk and the radial basis
function is used as the covariance function due to its
positive-definite, smooth and continuous realizations of
the underlying function, which has been validated as a
suitable choice for Gaussian process models[12] .

ϕi zi, zj( ) = σ2
s, iexp - 1

2 zi - zj( )TΛi zi - zj( )( )
(7)

where (σs, i, Λi) is the hyperparameter of the kernel
function, the parameter σs, i is related to the whole
scale of the distance, and parameter Λi has different
weights corresponding to each input dimension. The
hyperparameters can be optimized by utilizing maxi-
mum likelihood estimation with the log marginal likeli-
hood.

　 log(y→i
k-1 ∣ Zk-1, σs, i, Λi)

= - 1
2 (y→i

k-1 - m→ i
k-1)T(Φi

k-1 + σ2
􀆠, i) -1(y→i

k-1 - m→ i
k-1)

- 1
2 log (Φi

k-1 + σ2
􀆠, i) - k - 1

2 log(2π)

(8)

where m→ i
k-1 = [mi(z1), …, mi(zk-1)] T, Φi

k-1 =
ϕi(ZK-1, ZK-1) .

To obtain the hyperparameters, the L-BFGS (lim-
ited-memory Broyden-Fletcher-Goldfarb-Shanno) algo-
rithm is adopted to minimize the negative log-likelihood
function, which is given as

J = 1
2 y→′Δtk-1Φ′-1k-1 y

→′k-1 +
1
2 log Φ′k-1 + k - 1

2 log(2π)

(9)

where, y→′k-1 = y→i
k-1 - m→ i

k-1,Φ′k-1 = Φi
k-1 + σ2

􀆠, i, and we
can derive (σs, i, Λi) by

∂J
∂σs, i

= 2
σs, i

tr(Φ′-1k-1Φi
k-1) -

1
σs, i

y→′Δtk-1Φ′-1k-1Φi
k-1Φ′-1k-1 y

→′k-1

∂J
Λi

= y→′Δtk-1Φ′-1k-1
∂Φ′k-1
∂Λi

Φ′-1k-1 y
→′k-1 +

1
2 tr Φ′-1k-1

∂Φ′k-1
Λi

( )
(10)

where tr ·( ) denotes the trace of a matrix.
After obtaining the hyperparameters, for new pre-

diction point z∗k , the combined Gaussian distribution
can be obtained as Eq. (11).
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where ϕ→ i
k = ϕi Zk-1, z∗k( ). By using the conditional

probability formula, the posterior distribution for gi zk( )

can be expressed as Eq. (12).

Pr(gi z∗k( )∣ Zk-1, y→i
k-1, z∗k )N μgi, σ2

gi
( )

μgi = mi z∗k( ) + ϕ→ i Δt
k Φ′ -1

k-1 y
→i

k-1

σ2
gi = ϕi z∗k , z∗k( ) - ϕ→ iΔt

k Φ′ -1
k-1ϕ

→ i
k

(12)

3　 GP MPC controller design

In this section, an NMPC controller is designed
based on the GP velocity model, which enables the
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system state s to accurately track the desired trajectory
state s∗, while ensuring that both the system states and
inputs remain within the prescribed constraints.

The optimization problem of the proposed control-
ler is as follows.

min
Uk

Jk = ∑ k+N-1

i = k
l(si, ui) + h(sk+N)

s. t. 　 si +1 = f si, ui
( )

smin ≤ si +1 ≤ smax

umin ≤ ui ≤ umax

(13)

where f(si, ui) is a simplified model of Eq. (4).
Due to the nonlinearity of the model and the in-

creasing computational load as the prediction horizon
expands, we introduce the iLQR[20] method to reduce
the computational burden. This method utilizes the
first-order derivative of the system dynamics, ensuring
the accuracy of the optimal solution while significantly
reducing the computational time required to solve the
optimal control problem.

To ensure that WMR satisfies physical constraints
during trajectory tracking, this paper incorporates state
and input constraints into the algorithm, thereby address-
ing the limitation of the iLQR algorithm in Ref. [15],
which does not account for state constraints and input
constraints.

The stage-cost function l and the terminal-cost
function h are as follows.

l(s, u) = p2 + uTRu (14)
h( s) = ηp2 + ζρ(p2, ψ) (15)

where error square term is p2 = eTWe, defining the er-
ror state e = s∗ - s, which denotes the difference be-
tween the actual state and the desired state. The termi-
nal penalty function in this subsection is inspired by
Levine et al[21] , which introduces the Lorentz func-
tion ρ(p2, ψ) = log(p2 + ψ) with a concave shape.
This function ensures a negative curvature even as the
robot approaches the target, guaranteeing that the algo-
rithm converges accurately to the target. Specifically,
it enables the robot to reach the desired orientation
more precisely, reducing the steady-state error caused
by the local linearization approximation in iLQR. The
effect of different coefficients of the Lorentz function is
shown in Fig. 2.

In Fig. 2, let ζ = η = 1 and the terminal penalty
values of different coefficients are indicated by different
coloured solid lines.

To facilitate the solution of optimization problem,
this section converts the state hard constraints into soft
constraints and introduces the corresponding barrier

Fig. 2　 Value of the terminal cost function

function to simplify the optimization problem, the cost
function is as follows.

J′k = Jk + ∑ k+N-1

i = k
lb(si +1)

= ∑ k+N-1

i = k
l′(si, ui) + h′(sk+N)

(16)

where

lb(s) = rb(s - smax) + rb(smin - s)

rb(x) = 0, x ≤0
100x, x ≥0{

l′(si, ui) = l(si, ui) + lb(si)
h′(sk+N) = h(sk+N) + lb(sk+N)

By adding the state barrier function to the cost
function, the optimization problem Eq. (13) can be
written as Eq. (17).

min
Uk

J′k = ∑ k+N-1

i = k
l′(si, ui) + h′(sk+N)

s. t. 　 si +1 = f si, si( )

umin ≤ ui ≤ umax

(17)

Moreover, the tanh activation function is adopted
to ensure that the control inputs consistently satisfy the
prescribed bounds. The reparameterized control input
is defined as uk = [vmaxτ(vr, k)　 ωmaxτ(ωr, k)]T . The

activation function is chosen as τ(x) = ex - e -x

ex + e -x ∈ ( -

1, 1), which ensures that the resulting control inputs
automatically lie within the allowable range. With this
reparameterization, the constrained optimization prob-
lem in Eq. (17) can be rewritten as an unconstrained
problem.

min
Uk
J″k = ∑ k+N-1

i = k
l′(si,ui) + h′(sk+N)

s. t　 si +1 = f(si,ui)
(18)
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where f(si,ui) denotes the state update equation, and

l′(si,ui) represents the stage cost with input-constraint
handling. For the sequence (sk, uk,…,sk+N-1,uk+N-1,
sk+N), the optimization problem is solved using the iLQR al-
gorithm. Further, the cost function V(sk) can be defined as

V(sk) = min
Uk

∑
k+N-1

i = k
l′(si, ui) + h′(sk+N) (19)

In this section, in order to obtain the optimal con-
trol variables u∗

k , the following Q-function Q(δsk,
δuk) will be defined as Eq. (20).

Q(δsk, δuk) = l′(sk + δsk, uk + δuk) - l′(sk, uk) +

V(f(sk + δsk, uk + δuk)) -

V(f(sk, uk))
(20)

Then solving problem Eq. ( 19 ) is equivalent to
finding the optimal control variables δu∗

k for the function
Eq. (20). A second-order Taylor expansion of Eq. (20)
at (sk, uk) is given as
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where

Qsk = l′sk + fΔtskVsk+1

Quk = l′uk + fΔtukVsk+1

Qsksk = l′sksk + fΔtskVsk+1sk+1 fsk + Vsk+1 fsksk
Qukuk = l′ukuk + fΔtukVsk+1sk+1 fuk + Vsk+1 fukuk
Quksk = l′uksk + fΔtukVsk+1sk+1 fsk + Vsk+1 fuksk

where the higher-order terms in Qsksk, Qukuk and Quksk are
ignored to save computation. Therefore, the optimal
control variables δu∗

k can be calculated as

δu∗
k = arg min

δuk
Q(δsk, δuk) = - Q-1

ukuk(Quk + Qukskδsk)

(22)

Eq. (22) is a linear controller which can be writ-
ten as δu∗

k = Kkδsk + kk, where Kk = - Q -1
ukukQuksk and

kk = - Q -1
ukukQuk . Substituting Eq. ( 22 ) into

Eq. (21), Eq. (23) can be obtained.

Vsk = Qsk - QukQ
-1
ukukQuksk

Vsksk = Qsksk - QskukQ
-1
uk Quksk

(23)

Eq. (23) is a key step in the iterative computa-
tion of δu∗

k . By substituting the terminal cost functions
Vsk+Nsk+N = h′sk+Nsk+N and Vsk+N = h′sk+N into the iterative
computation, the feedback sequence of the reverse re-
cursive control variables (Kk+N-1, kk+N-1, …, Kk, kk)
is obtained, and with the help of the feedback se-
quence of the control variables, the predicted trajectory
sequence (s′k, u′k, …, s′k+N-1, u′k+N-1, s′k+N) is compu-
ted. In this case, the individual variables are calculat-
ed as follows.

s′k = sk
u′k = uk + Kk(s′k - sk) + kk

s′k+1 = f(s′k, u′k)
(24)

The optimal trajectory sequence (s∗k , u∗
k , …,

s∗k+N-1, u∗
k+N-1, s∗k+N) is obtained by alternating itera-

tions of back propagation and forward propagation as
described above.

To further illustrate how the algorithm operates,
this section presents the flow of the velocity model-
based predictive tracking control algorithm and its
pseudo-code provided in Algorithm 1.

Algorithm 1: NMPC trajectory tracking algorithm based on
GP velocity model
1:Obtain the state information of the mobile robot
2:Get the hyperparameters by minimizing Eq. (9)
3:Given the initial state sk, initial control input uk

4:Solve the optimization problem using the iLQR method
5:for k = 1, 2, …, N do
6:　 Initialize the control trajectory sequence

(s′k, u′k, …, s′k+N-1, u′k+N-1, s′k+N)
7: 　 　 for c = 1, …, C do

8:　 　 　 　 Computing the gradient fsk, fuk, l′sk, l′sksk, l′uk, l′ukuk,

l′uksk, h′sk+N, h′sk+Nsk+N .
9: 　 　 　 Perform backpropagation calculations according to
Eq. (21) - Eq. (23);
10:　 　 　 Perform forward propagation calculations accord-
ing to Eq. (24);
11:　 　 　 end for
12:　 　 Update the optimal control [u∗

k , …, u∗
k+N-1]

13:　 　 Applying the u∗
k to the mobile robot to update the

initial condition
14:　 　 end for
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4　 Improvement of iLQR

This section carries out a closed-form derivation
for the gradient used for back propagation in
Eq. (21) of the previous subsection and provides the

corresponding detailed calculation process of fsk, fuk, l′

sk, l′sksk, l′uk, l′ukuk, l′uksk, h′sk+N, h′sk+Nsk+N . For clarity, the
derivations are presented sequentially, and the sub-
scripts are omitted. Taking the partial derivative of Eq.
(4) with respect to state s, Eq. (25) can be ob-
tained.

　 fs = fs = ∂(As + B(s)g(z))
∂s

= A + μg1(z)
∂B·, 1(s)

∂s + B·,1(s)
∂μg1(z)

∂z
∂z
∂s +
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∂B·, 2(s)
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∂z
∂z
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(25)
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The derivation of
∂μg2(z)

∂z is similar to that of

∂μg1(z)
∂z , so it is omitted.

Since fu denotes the derivative of the state space e-
quation with respect to the back propagation control
quantity u, Eq. (26) can be got.

fu = B·,1(s)
∂μg1(z)
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∂u
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+ B·,2(s)
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0 wmax(1 - τ2(w))
é

ë
ê
ê

ù

û
ú
ú

For the gradient and Hessian matrix of the cost
function l(si, ui), this paper only considers scenarios
that does not violate state constraints. By adding the
derivative results of the barrier function to the above
gradient, the results can be converted to scenarios that
violate state constraints lb .

The gradientl′s is represented as

l′s =
∂l′
∂s = 2eTW (27)

Further, we obtain the Hessian matrix l′ss as

l′ss = 2W (28)

By differentiating the stage cost of Eq. (18), the

gradient l′u, Hessian matrix l′uu, and l′us can be obtained as
follows.

l′u =
∂l′
∂u

∂u
∂u

= 2r1v2max(τ(v) - τ3(v))

2r2w2
max(τ(w) - τ3(w))
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l′uu =
2r1v2maxF(v) 0

0 2r2w2
maxF(w)
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l′us = 02×5

(29)

where F(v) = 3τ4(v) - 4τ2(v) + 1.
By differentiating the terminal cost of Eq. (18),

the gradient h′s and Hessian matrix h′ss are as follows.

h′s =
∂h
∂p2

∂p2

∂s = 2 η + ζ 1
p2 + ψ( )eTW

h′ss = 2ηW + 2ζ 1
p2 + ψ

W - 2 1
p2 + ψ( )2

WeeTW( )

5　 Simulation and experiments

To verify the effectiveness of GP MPC trajectory
tracking controller, the velocity of the mobile robot is
modelled as follows in the simulation.
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vr, k = vr, k -1 + 0. 1 × ( v- r, k - vr, k-1)

wr, k = wr, k -1 + 0. 1 × (w- r, k - wr, k-1)
(30)

This model shows the real velocity converges toward the
desired velocity without ever reaching exact equiva-
lence. Other parameters are shown in Table 1.

A comparative experiment was conducted to evaluate
the tracking control performance of GP MPC and NMPC
for circular trajectories. The NMPC method mainly re-
fers to the implementation approach in Ref. [22], the
parameters used are consistent with those of GP MPC in
Table 1, and the model used without GP is
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Table 1　 Parameters used in the simulation
Parameter Value

Prediction horizon h 5

Terminal weight ψ 0. 001

Control horizon c 5
State constraints smax 11 m 3 m - - -[ ]

State constraints smin - 2 m - 3 m - - -[ ]

iLOR iterative times C 2

To validate the performance of the algorithm, the
tracking control effects of GP MPC and NMPC are
compared for circular trajectories. Presenting that the
initial state is so = [0, 0, 0] T, the initial linear veloc-
ity is v = 0 m·s -1, the initial angular velocity is w =
0 rad·s -1, the reference trajectory is x = 1.5cos(j ×
tau / λ), y = 1.5sin(j × tau / λ), where tau = 0.1,
λ =7, the running step j = 600. The linear velocity range
is set to [ -0. 8, 0. 8]T m·s -1, and the angular velocity
range is set to [ -0. 8, 0. 8]T rad · s -1, the control
weight matrix is Q = diag(0.05, 0.05), and the state
weight matrix is W = diag(200, 200, 100, 10, 10).

Fig. 3 and Fig. 4 present the circular trajectory
tracking performance of NMPC and the proposed GP
MPC controller. As shown in Fig. 3, both controllers are
able to follow the reference trajectory. However, GP
MPC exhibits noticeably faster convergence during the
initial phase. This improvement can be attributed to the
GP-based compensation of the velocity mismatch de-
scribed in Section 2, which effectively reduces the mod-
eling error caused by the simplified kinematic model.
Fig. 4 further compares the state-tracking errors along
the x, y and θ. The horizontal axis represents the run-
ning step, while the steady-state error of the GP MPC

controller is smaller than that of the NMPC controller.

Fig. 3　 NMPC and GP MPC trajectories

Fig. 4　 The state error between NMPC and GP MPC
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This is expected because the GP model learns the
systematic bias between the commanded and actual ve-
locities, enabling the controller to correct residual mod-
el discrepancies that NMPC cannot eliminate. The over-
shoot in both the x and y-axis errors is significantly re-
duced under GP MPC. This aligns with the theoretical
design of the Lorentz terminal penalty, which encourages
more accurate orientation alignment near the target and
reduces the steady-state error caused by the local linear-
ization approximation in iLQR. Overall, the experimental
results consistently validate the benefits of GP MPC.

Fig. 5 illustrates the relationship between the com-
manded and actual velocities for both NMPC and the
proposed GP MPC. The horizontal axis represents the
running step, while the result shows that learned GP-
based velocity model, which compensates for the sys-
tematic mismatch between the commanded and realized
velocities. Consequently, the GP MPC controller is a-
ble to generate more accurate actions. In contrast, lack
learning from the velocity model, the NMPC controller
exhibits poorer control performance. These deviations
arise because NMPC relies solely on the ideal kinemat-
ic model and lacks the ability to correct unmodeled dy-
namics or velocity lag.

Fig. 5　 The velocity relationship between NMPC and GP MPC

To verify the control performance of the algorithm
in non-circular trajectories, we establish a sin trajecto-
ry for tracking, with the reference trajectory equations
defined as x = j × tau / λ, y = sin( j × tau / λ), tau =
0. 2, λ = 16. The initial pose of the mobile robot is
s0 = [ - 0. 5, - 0. 5, π / 3] T, the initial velocity is
v = 0 m·s -1,w = 0 rad·s -1 . The linear velocity range

is set to [ - 0. 5, 0. 5] T m·s - 1, and the angular ve-
locity range is set to [ - 0. 5, 0. 5] T rad·s - 1, the
control weight matrix is Q = diag(0. 05, 0. 05), and
the state weight matrix is W = diag(500, 200, 100,
10, 10) . And set the running step to 700, the results
are shown as follows.

As shown in Fig. 6, the proposed GP MPC achieves
noticeably better tracking performance than traditional
NMPC, particularly during turning segments. Further-
more, as illustrated in Fig. 7, where the horizontal axis
represents the operational stride length, both the maxi-
mum absolute error and the average tracking error of GP
MPC are smaller than those of NMPC, and GP MPC en-
ters the convergence region earlier. These results dem-
onstrate that the proposed method maintains high control
accuracy even when tracking an S-shaped trajectory.

Fig. 6　 NMPC and GP MPC trajectories
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Fig. 7　 The state error between NMPC and GP MPC

With the horizontal axis representing the running
step, Fig. 8 illustrates the correspondence between the
commanded and actual velocities during sinusoidal
tracking. The controller based on the GP velocity mod-
el is able to generate more accurate actions, resulting
in smoother and more precise velocity responses. In
contrast, NMPC does not incorporate learning from a
velocity model, exhibiting degraded control perform-
ance.

Fig. 8　 The velocity relationship between NMPC and GP MPC

The comparison results of the tracking errors of
the two methods are shown in Table 2. It is obvious
that the GP MPC controller has better tracking per-
formance. The proposed method not only improves
trajectory accuracy but also enhances velocity tracking

quality and uncertainty modeling capabilities. These
results clearly highlight the advantages of GP MPC over
traditional NMPC. Furthermore, we evaluate the com-
putational impact of enabling closed-form gradient cal-
culation, and the results are summarized in Table 3.
The automatic gradient computation is performed using
the autograd package and evaluated on a machine
equipped with an Intel i7-1065G7 CPU and 16 GB of
memory. Table 3 compares the computational efficien-
cy of the proposed method with and without closed-form
gradient calculation. The results show that incorpora-
ting the analytic gradient significantly reduces computa-
tion time in both average and cumulative metrics. Spe-
cifically, the average computation time per iteration de-
creases from 0. 121 s to 0. 034 s, marking a 71. 9%
improvement in computational efficiency. A similar im-
provement is observed in the sinusoidal tracking sce-
nario, in which the analytic gradient achieves a reduc-
tion of over 77% in average computation time. This
substantial improvement demonstrates that closed-form
gradient derivation greatly enhances real-time feasibili-
ty, making the proposed GP MPC approach better sui-
ted for practical mobile robot applications.

Table 2　 Comparison of two methods

Method Reference
trajectory

Average
error / m

Cumulative
error / m

GP MPC
Circular 0. 099 59. 562

Sinusoidal 0. 046 32. 809

NMPC
Circular 0. 139 83. 597

Sinusoidal 0. 068 47. 731

Table 3　 Computation time comparison

Method With
closed-form / s

Without
closed-form / s

Average time-circle 0. 034 0. 121

Cumulative time-circle 20. 769 73. 175

Average time-sin 0. 035 0. 153

Cumulative time-sin 24. 605 107. 564

Based on the independently developed mobile ro-
bot platform running on Ubuntu 20. 04, the system ac-
quires the robot’ s position information using an IMU
and a UWB sensor. The effectiveness of the proposed
algorithm is validated through a circular trajectory
tracking experiment. The initial pose is initialized as
so = [0, 0, 0] T, and the initial input is set to
u0 = [0, 0] T . The weight matrices are defined as
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R = diag(0. 005, 0. 005), W = diag(200, 200,
100, 10, 10) . The constraints for linear and angular
velocities are set to [ - 0. 5 0. 5 ] T m · s - 1 and
[ - 0. 5 0. 5] T rad·s - 1, respectively. The equation
for the trajectory parameters is x = 2cos( j × tau / 3),
y = 2sin( j × tau / 3), where the trajectory parameter
update rate tau = 0 . 03, the total running step size of
j is 1 600. The experimental results are shown as fol-
lows.

As shown in Fig. 9 and Fig. 10, the circular traj-
ectory tracking results clearly highlight the perform-
ance differences among the tested control strategies.
GP MPC achieves more accurate and stable tracking
compared with traditional NMPC. In Fig. 9, the pro-
posed GP MPC exhibits smaller steady-state error and
faster convergence, which can be attributed to the GP-
based speed mismatch compensation mechanism. This
effect is further illustrated in Fig. 10 (where the hori-
zontal axis denotes the running step), demonstrating
that the proposed controller effectively corrects model
inaccuracies that traditional NMPC fails to capture.
Overall, the experimental results confirm that the pro-
posed GP MPC effectively controls the robot to follow
the target trajectory and achieves superior control per-
formance.

Fig. 9　 GP MPC and NMPC circular trajectories

Fig. 10　 GP MPC and NMPC circular trajectory
error and velocity

6　 Conclusions

This paper presents a GP MPC method for two-
wheeled differential mobile robots to address model un-
certainty in predictive control. By approximating the
robot’ s velocity model through Gaussian process re-
gression, the proposed controller compensates for nomi-
nal model inaccuracies and enables the formulation of a
nonlinear predictive tracking optimization problem.
State constraints and steady-state errors are further han-
dled using an improved iLQR algorithm. Both simula-
tion and experimental results demonstrate that the pro-
posed GP MPC consistently outperforms conventional
NMPC in terms of average tracking error, highlighting
its effectiveness and superiority in trajectory-tracking
control. Moreover, the incorporation of closed-form
differentiation further enhances the optimization effi-
ciency.
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