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Abstract— Data-enabled predictive control (DeePC) enables
model-free optimal control using input-output data; however,
its performance degrades in nonlinear systems, particularly for
trajectory tracking. In this paper, we propose a Kkinematics-
informed DeePC (KiDeePC) framework for mobile robots that
integrates known kinematic models with data-driven represen-
tations of unknown dynamics. The proposed approach enforces
behavioral constraints only on the dynamic variables while
propagating kinematic states analytically. This reduces the
reliance on the data-driven component and improves feasibility.
Simulation results on an unmanned ground vehicle demonstrate
improved tracking accuracy, faster convergence, and smoother
control inputs compared to conventional DeePC.

I. INTRODUCTION

Model predictive control (MPC) is a well-established,
model-based approach for solving constrained finite-horizon
optimal control problems [1f]. Its ability to handle state,
input, and output constraints while optimizing over a pre-
diction horizon has made it widely used in robotics and
autonomous systems. However, the performance of MPC
heavily relies on the accuracy of the system model [2].
In practice, many systems exhibit nonlinear and complex
behavior. As autonomous systems operate in uncertain and
unstructured environments, deriving their dynamic model
from first-principles or identifying their system parameters
are challenging and labor-intensive [3].

To address this limitation, data-driven approaches have
gained increasing attention in recent years [2]]. These meth-
ods aim to learn system behavior directly from data without
explicit modeling or system identification [4]]. Notably, ma-
chine learning-based approaches have shown strong potential
in handling complex and nonlinear systems. However, they
often lack guarantees for enforcing safety constraints [5]],
and typically rely on extensive offline training [6], which
can limit their applicability in autonomous systems.

As an alternative, data-enabled predictive control (DeePC)
has been proposed. This method leverages behavioral sys-
tems theory [[7] to represent system trajectories directly from
input-output data while satisfying safety constraints. DeePC
has been shown to be equivalent to model predictive control
(MPC) for deterministic linear time-invariant (LTI) systems
[8]l. Despite its success for LTI systems, extending DeePC
to nonlinear systems remains challenging. In particular, the
linear representation in the Hankel matrix may become inac-
curate when the system nonlinearities are significant. Several
approaches have been proposed to enhance the robustness of
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DeePC, including the incorporation of regularization terms
and slack variables [9]-[12]]. However, these methods focus
primarily on point-to-point tracking tasks, rather than follow-
ing a time-varying trajectory.

In contrast, trajectory tracking is a fundamental require-
ment in mobile robotics. In [10], nonlinear systems are con-
sidered as linear time-varying systems; therefore, the Hankel
matrix is updated along the trajectory to enable tracking of
time-varying references. Nevertheless, such approaches may
suffer from infeasibility due to strict equality constraints,
especially for high-dimensional systems.

A key observation in autonomous systems is that their
kinematic models are readily available, as they depend only
on geometric relationships. On the other hand, dynamic
models are significantly more complex and vary across plat-
forms due to actuation, mass distribution, and environmental
interactions. This motivates the development of a kinematics-
informed data-enabled predictive control (KiDeePC) frame-
work. Rather than treating the system as fully known or
unknown, the proposed approach incorporates available kine-
matic information into the DeePC algorithm, while learning
the system dynamics directly from input-output data.

In this paper, we propose the KiDeePC framework for
trajectory tracking of mobile robots. The main idea is to
decompose the system behavior into kinematic and dynamic
components, where the dynamics are captured from input-
output data, while the kinematics are propagated using
known analytical models. This structure improves tracking
performance and alleviates feasibility issues by reducing the
burden on the data-driven component.

The remainder of this paper is organized as follows. Sec-
tion [[I] presents the proposed KiDeePC method. Section
provides simulation results and comparisons. Section
concludes the paper.

II. METHODOLOGY
A. Modeling of Mobile Robots

In general, the motion of a mobile robot can be described
by a nonlinear control system of the form

Trp1 = f(Tr, ur),

where x; € R” and u; € RP denote the system state
and control input at time step k, respectively, and f is a
continuous function.

For mobile robots, the system behavior can be naturally
decomposed into kinematic and dynamic components. Ac-
cordingly, we define the state vector as

T = Lkin ,
Ldyn



where the kinematic state xy;, represents configuration vari-
ables of the system (e.g., position and orientation), while the
dynamic state x4y, consists of velocity-related variables.

The kinematic model is generally consistent across the
same class of mobile robots and can be readily derived from
geometric information, which is given by

Tkin k+1 = fiin(Tkin,k, Tdyn,k)- (1

In contrast, the dynamics typically varies from one robot to
another, and can be expressed as:

Ldyn,k+1 = fdyn (:L'dyn,lw uk)- (2)
B. Kinematics-Informed DeePC Algorithm

Given an initial data length Ti,; € Z~( and a prediction
horizon N € Z-, the total window length is defined as
L = Ti,; + N. Let T denote the total number of collected
data samples used to construct the Hankel matrices.

For a given input sequence {uk}fz_ol, the Hankel matrix
of windows L is defined as

Uo Ui ur—r,
ul U2 UT—-L+1
HL (’LL) =
ur—-1 UL ur—1

Similarly, H 1, (€ayn) is defined in the same way using the
state sequence {mdyn,k}ggol.

With data-driven system representations and kinematic
propagation, the trajectory tracking problem is formulated
as the following finite-horizon optimization problem:

N
min
a(t),o(t)
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k=0,1,...,N -1, (3h)

where & and u denote predicted states and control inputs.c
is the decision variable that parameterizes the behavioral
representation of the system, and A, > 0 denotes its
associated regularization weight. The slack variable o is
introduced to enhance robustness against measurement noise
and model mismatch, penalized by A\, > 0. The matrices

Q,R > 0 are positive definite weighting matrices that
penalize the tracking error and control effort, respectively.
When the system states are not fully observable, constraint
(3b) incorporates an observer to estimate the states. Based
on the estimated states, the DeePC constraint obtains
optimal control inputs, while the kinematic constraint (3d)
propagates the kinematic states xy;, using the dynamic
states Tqy,. Moreover, constraint enforces consistency
between the predicted trajectories over the past horizon and
the measured data. Furthermore, constraint @ introduces an
affine consistency condition on « to eliminate scaling ambi-
guity caused by linearization. In addition, both the inputs and
states are required to satisfy the constraints in (3g). Finally,
the optimization problem in is implemented in a standard
receding horizon manner, as outlined in Algorithm [I}

Algorithm 1 Kinematics-Informed DeePC
Offline: Select the past data length 7i,; (no smaller
than the upper bound on the system order), prediction
horizon N, weighting matrices Q, R > 0, regularization
parameters \,, A, > 0, and input/state constraints i,
Umax> Lmins Lmax- Collect a persistently exciting dataset
{ug, wdyn,k}f:—()l and construct the initial Hankel matrices.
Online:
1. Acquire the most recent 7' input-state measurements
{ug, wdyn,k}z;i_T using a sliding window and update the
Hankel matrices.
2. Solve the optimization problem (3] to obtain the optimal
control sequence {uj}a L.
3. Apply the first control input ug.

ITII. SIMULATION

In this section, we apply both DeePC and KiDeePC
schemes to the discrete-time nonlinear system obtained via
Euler discretization with sampling time 7; = 0.05s. We
consider an unmanned ground vehicle (UGV) system. The
state vector is defined as follows:

Lkin = [ z Dy 9] ! )
T
Ldyn = [U OJ} )

where p, and p, denote the planar position of the vehicle,
0 is the heading angle, and v and w represent the linear
and angular velocities, respectively. The kinematic model for
UGVs is usually described by

P k+1 = Pak + Tsvy cos O,
Py,k+1 = Py + Tsvg sin Oy,
Ok+1 = Ok + Tswy.
The control input is defined as w = [u,,u,]?, where u,
and wu,, correspond to control inputs related to throttle and
steering, respectively. The dynamic models of UGVs can
vary significantly across platforms; therefore, we assume the
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(a) Trajectory Tracking Performance Com-
parison

Fig. 1.

following model:

U1,k — Vi
Vg1 = Vg + T —
v
U2k — Wk

Wrt1 = wg + Ts———,
w

where 7, = 0.3, 7, = 0.2.

We implement both the conventional DeePC algorithm in
[10] and the proposed KiDeePC, as described in Algorithm
in MATLAB using the nonlinear optimization framework
CasADi [13]]. In the following simulation study, all states are
assumed to be fully measurable and noise-free. The control
objective is to track an eight-figure shape reference trajectory
while satisfying the input and state constraints: wu,,u, €
[-1,1], v € [0,1], and w € [—1,1]. The parameters are
chosen as Ti,; =5, N =30, L =T, + N =35, T = 150,
and the total number of simulation time steps is Num =
5000. The weighting matrices and regularization parameters
are set to Q@ = diag(50,50,10), R = I, A\, = 107°, and
As = 105 for both methods. A multi-sine input signal is
used for the offline data collection to ensure that the initial
Hankel matrices are persistently exciting of order L for both
methods. The tracking performance is evaluated using the
Euclidean distance error.

Fig. (1| compares the trajectory tracking performance of the
proposed KiDeePC and the conventional DeePC. It can be
observed that the proposed method achieves more accurate
and responsive tracking of the reference trajectory, with the
Euclidean error quickly decreasing and remaining close to
zero throughout the motion. In contrast, the conventional
DeePC exhibits slower response and larger tracking errors in
the considered high-dimensional nonlinear setting. Moreover,
the tracking error continues to oscillate along the trajectory,
indicating degraded tracking accuracy.

Fig. 2| presents the corresponding control inputs. The
control signals generated by the conventional DeePC ex-
hibit significant chattering, which is detrimental to real-time
robotic systems. By contrast, KiDeePC produces smoother
control inputs, thereby enhancing its practical applicability
in real-time control.
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Fig. 2. Control Signal Comparison

In terms of quantitative performance, DeePC achieves a
mean Euclidean error of 0.435 m, whereas KiDeePC attains
a significantly lower error of 0.036 m. This demonstrates that
KiDeePC substantially improves tracking accuracy compared
to DeePC. Furthermore, DeePC encounters a considerable
number of solver failures (404 out of 5000 instances),
while KiDeePC completes all runs successfully without any
failures, underscoring its superior robustness and numerical
reliability. These findings suggest that the incorporation of
kinematics effectively alleviates model mismatch in nonlin-
ear settings, thereby enhancing both accuracy and stability.

IV. CONCLUSIONS

In this paper, we propose a kinematics-informed DeePC
framework specifically designed for mobile robots to enable
effective trajectory tracking. Furthermore, we validate the
proposed approach through simulations and compare its
performance with that of conventional DeePC. The results
demonstrate that our method achieves higher tracking accu-
racy, faster convergence, and smoother control inputs. Future
work will focus on extending the approach to real-time
robotic systems through both simulations and experimental
validation.
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