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Abstract— This paper presents the preliminary results of a
Linear Parameter Varying-Autoregressive eXogenous model,
identified through Least Squares Support Vector Machines,
able to optimally drive a robotic arm system by emulating the
performance of a Nonlinear Model Predictive Control (NMPC)
policy. The support vector machine framework is employed
to replicate the control performance of a computationally
demanding NMPC. Due to the nonlinear characteristics of
the robotic arm, the NMPC is suitable to guarantee expected
control performance. However, its application in real-time
systems with fast dynamics is limited by high memory and
computational demands required at each sampling instant. In
this work, the linear parameter varying model is trained using
a data-driven approach to imitate the control actions of the
NMPC across different scenarios. The proposed controller and
the original NMPC are evaluated in simulation, considering
multiple operating conditions of the robotic arm. The control
performance of both approaches is then compared to assess the
effectiveness of the proposed method.

I. INTRODUCTION

In recent years, advances in control theory have enabled
the application of the most advanced control paradigms to
a wide range of systems, including those systems featured
by strong nonlinear dynamics, constraints, and in presence
of unpredictable disturbances and noise [1]. Among the
various control strategies, nowadays, Model Predictive Con-
trol (MPC) is considered a feasible solution to achieve
optimal performance from controlled plants [2]. MPC needs
a mathematical model of the plant to predict the system
dynamics over a specified time horizon, while optimizing
the control result and directly taking into account physical
and logical limits characterizing the controlled system [3].
When the plant is characterized by linear dynamics, the
application of MPC to control problems characterized by
fast dynamics represents a feasible approach. This is due
to the form of the optimization problem to be solved that,
in the case of linear-like systems, can be formulated as
convex optimization problem that can be solved in real-
time by exploiting several different optimization approaches
requiring limited computational power and memory footprint
[4]. This is commonly extended to quasi-linear systems
by using different theoretical strategies, like the Linear
Parameter-Varying (LPV) [5] or Linear Time-Varying (LTV)
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[6] modeling approaches or the iterative local linearization
of the original nonlinear plant model [7].

Despite these advancements, in case of complex nonlinear
plants, a suitable control strategy is the nonlinear exten-
sion of the predictive control framework, commonly termed
Nonlinear Model Predictive Control (NMPC) [8]. NMPC
is commonly formulated by using the nonlinear model of
the plant, resulting in a non-convex optimization problem
that requires higher computational resources to solve the
optimization problem within the required sample time. In the
optimization field, efficiently solving such problems remains
an open challenge, which limits the application of NMPC
in real-world control scenarios [9]. While various solutions
have been successfully developed and implemented for lin-
ear or linear-like MPC formulations [10], [11], a general
and effective approach has not been yet found for NMPC.
In this paper, this limitation is addressed by leveraging
the emulation capabilities of a Machine Learning (ML)
technique, developed using a supervised learning approach.
Although not a new concept in control research [12], several
studies have proposed to use Artificial Intelligence (AI) to
replicate the performance of complex control strategies that
are otherwise unsuitable for real-time implementation due to
their high computational demand.

In this work, a NMPC scheme designed to control a
robotic arm is emulated by a Linear Parameter Varying-
Autoregressive with eXogenous Input (LPV-ARX) model,
identified through Least Squares Support Vector Machines
(LS-SVM) [13]. LS-SVM is a modified version of SVM
that employs an [ loss function, leading to a linear problem
in an efficient computational way, providing a unique solu-
tion. This method has been applied to different data-driven
identification problems, including LPV systems identifica-
tion in both Single-Input Single-Output (SISO) and Multi-
Input Multi-Output (MIMO) configurations, considering both
transfer function and state-space form [14]. Nowadays, LS-
SVM represents an effective and computationally efficient
alternative to the most common Neural Network (NN) frame-
work [15], and has been widely used in different control
applications, due to its ability to capture complex functional
relationships from data generated by unknown nonlinear
processes [16]—[18]. In particular, the method adopted in
this paper was originally proposed for nonlinear black-box
system identification [19]. Here, the LPV-ARX model is
trained to learn and reproduce the control actions of the
NMPC tested over a wide set of operating scenarios during
the control of a robotic manipulator’s kinematic. After an
initial training and calibration phase, the LPV-ARX model



is directly used to control, in closed-loop, the robot arm. Both
baseline NMPC and LS-SVM-based LPV-ARX controller
are tested and validated using a simulation model of the
robotic arm, which is based on the nonlinear model of
the 7-DOF Baxter manipulator [20], [21]. The two control
strategies are compared in terms of control performance and
computational efficiency to assess the effectiveness of the
proposed approach.

This paper is organized as follows. Section II presents the
mathematical model of the robot arm. Section III introduce
the NMPC framework. Section IV describes the proposed
LS-SVM-based approach. Section V provides the simulation
performance and Section VI concludes the paper.

II. ROBOT ARM MODEL

In this section, the robotic arm system model used to
test the proposed approach is presented. The robot is the
7-DOF Baxter manipulator. This is a redundant dual-arm
manipulator, and here, the control of a single arm of the
robot is considered. The Baxter arm consists of 7 revolute
joints forming a serial manipulator and the mathematical
model of the arm is derived using the Denavit-Hartenberg
convention for forward kinematics. The robot, shown in
Fig. 1, is characterized by the Denavit-Hartenberg (DH)
parameters provided by the manufacturer, which are reported
in Table I. The position and orientation of the end-effector
relative to the base frame are derived using homogeneous
transformation matrices defined by the DH parameters. The
transformation matrix from frame ¢ — 1 to ¢ is given by:
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where 0; is the i, joint angle, d; is the offset along previous
z to the common normal, a; is the length of the common
normal and «; is the angle about the common normal (from
zi—1 to z;). The complete transformation from the base to
end-effector is obtained by the sequential multiplication of
the individual transformations:
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where each “~!T; is the homogeneous transformation ma-
trix derived from the corresponding DH parameters. The
kinematic model is directly derived from the well-known
differential kinematics equation [22]:

x. =J(a)q 3)

where q,¢ € R” represent the joint position and velocity
vectors, respectively, X, € RS is the end-effector velocity
vector, containing both linear and angular velocity compo-
nents, and J(q) € R®*7 is the Jacobian Matrix of the robotic
arm.

(a) (b)

(c)

Fig. 1: (a) The 7-DOF Baxter manipulator; The joints’ configuration: (b) sagittal view;
(c) top view [23].

TABLE I: Baxter Manipulator Arm Specifications

Link  a; [m] d; [m] «; [rad] 6; [rad]
1 0.069  0.27035 —7/2 01
2 0 0 w/2 02 + /2
3 0.069  0.36435 —7/2 03
4 0 0 w/2 04
5 0.010  0.37429 —7/2 05
6 0 0 w/2 06
7 0 0.3945 0 07

III. NONLINEAR MODEL PREDICTIVE CONTROL

MPC is a control policy able to exploit the full knowledge
of the plant model to predict the behavior of the system
over a predefined prediction horizon. One of its advantages
is the ability to directly handle constraints characterizing the
system dynamics. This is made by formulating and solving
a constrained optimization problem. The solution of this
problem provides the optimal control input at each sampling
time. When the system to be controlled exhibits strong
nonlinearities and several input, state and output variables,
the optimization problem would become non-convex and
computationally demanding to be solved within the limited
sampling interval. Furthermore, increasing the prediction
horizon, and introducing other advanced controller features
(e.g., disturbance or reference previewing) would increase
further the computational burden of the controller and limit
its applicability in real-time control of systems with fast
dynamics. In this work, a NMPC policy is employed for
the kinematic control of the selected robot arm. The NMPC
formulation considered in this paper is the following Eq. (4),



such that:
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where N, is the prediction horizon, N, is the control
horizon, (), R are the weight matrices penalizing the state
tracking and the rate of change of the control effort, respec-
tively. The term x4, denotes the prediction of the variable
x at time k + ¢, based on the information available at time
k, upyi is the vector of the input sequence, ., is the state
vector reference, U and X are sets of constraints on inputs
and states, respectively. Eq.(4b) is the equality constraint of
the nonlinear system model given by the nonlinear function
f(), corresponding to the plant dynamics introduced in
Eq.(3), and reformulated in discrete-time as follows:

Fra(k+1) =z(k)+ T, [J(IQ)] u(k) )

with T the sampling time, I an identity matrix of appropriate
dimension and considering following input and augmented
state vectors:

u(k) = a(k) , » = [x.(k) a(k)]’ (6)

with x.(k) the end-effector pose and q(k) the joints state.
This model is characterized by constraints embedded as
in Eq. (4d) and Eq. (4e). The computational complexity,
required to solve this optimization problem for general
nonlinear systems, would be too high for implementation
on real-time control hardware. To address this limitation, the
aim of this work is to develop a ML model that can be
executed on embedded boards while maintaining comparable
performances to that of the NMPC. This is achieved by
testing the NMPC on the simulated model of the robotic
arm and storing optimal NMPC input and output signals such
that a dataset is collected to identify the LPV-ARX model
able to approximate the control actions of the NMPC. In the
following section, tthe LS-SVM-based LPV-ARX modeling
approach is introduced. The formulation of the control policy
is presented, and the procedure for using the collected dataset
to emulate the behavior of the NMPC is described.

IV. LEAST SQUARES SUPPORT VECTOR MACHINES

In this section, the LS-SVM framework for the identi-
fication of LPV-ARX models is presented. This machine
learning approach is employed to develop an algorithm
capable of effectively replicating the performance of the
NMPC introduced in the previous section, while significantly

reducing the associated computational complexity. A SISO
discrete-time LPV system in ARX form can be expressed as:

i=1 (7)

where k € Z is the discrete time index, n, is the output
order, ny is the input order, u : Z — U C R is the vector
of input variables, y : Z — Y C R is the vector of output
variables, p : Z — P C R"» is the vector of scheduling
variables and e : Z — E C R is a vector of white stochastic
noise processes. The time-varying parameters a;(p) : P — R
and b;(p) : P — R have a static dependence on the schedul-
ing parameter vector p. Without loss of generality and to
simplify the notation, in the proposed approach only the
instantaneous value of the scheduling parameters vector p(k)
influences the value of a; and b;. The number of parameters
to be estimated is ny = ny +np. A usual assumption in LPV
system identification is that the coefficients a;, b; are linear
combinations of a set of basis functions:
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where i = ng +1,...,n,, ¢i(p(k)) : R — R™# denotes
an undefined, potentially infinite dimensional (ng = o0)
feature map with static dependence on p(k), and w; € R"#
is a vector of weights. By using (8), LPV-ARX model can
be rewritten in regression form:

96 = 3wl dulplk))ai (k) ®

The goal of the identification process in primal space is to
find an approximation of the feature maps ¢; and subse-
quently calculate the weight vectors w; given the identifica-
tion dataset Dy = {u(k), p(k),y(k)}_,, where N is the
number of observations and

k—1 ifi=1,...,n,

ri(h) = V0 A ¢ (1)
uk—i+ng,+1) ifi=ne+1,...,n4

In this work, we consider the Multi-Input Multi-Output

(MIMO) version of the model and the dual form deﬁl%ed as

follows. Defining the vector Y = [y(1),...,y(N)]", the

regression equation can be written in compact form

Y =(K+7y 'Iy)a=Qa (11)

where [ is the identity matrix of dimension N, v is the
regularization parameter of the LS-SVM problem and the



matrix K € RV*Y is computed as

K(p(k), p(k)) = Y _ zi(k) ¢i(p(k))" ¢i(p(k)) xi(k)
i=1

K{(p(k),p(k))
(12)

where k is related to the training dataset, and k to the
prediction dataset. Rearranging Eq. (12), the matrix K €
RN can be defined as the Hadamard product of two kernel
matrices as

K:iKgng

i=1

13)

where Kf is a kernel matrix whose kernel function is defined
a priori, whereas Kﬁ is the kernel matrix of a linear kernel
function. Considering the Radial Basis Function (RBF) as
kernel function, therefore the entries of K7 are

. k) — p(k)|3
K2 (p(k). p(F)) = exp <—"’””””) (14
20 i
where o; are the kernel parameters. The matrix K is used to
compute the vector of Lagrangian multipliers @ representing
the solution of Eq. (11)

a=0"1Y (15)

and the solution shown in Eq. (15) of LS-SVM dual for-
mulation corresponds to a form of ridge regression. Based
on the kernel trick, the coefficients a;(p(k)) and b;(p(k))
are estimated without explicitly defining the involved feature
maps ¢;. This gives that the estimated coefficient functions
are obtained as

N
ai(p(k) =Y k) (k)K! (p(k), p(k)), i=1,...,n
= (16)
A ~ N ~
bi(p(k)) = a(k)a; (kK (p(k), p(k)), i=1,...,m
k=1
(17)

V. SIMULATION RESULTS

The task addressed in this work is the kinematic con-
trol of the Baxter robotic arm to simulate a handwriting
motion—specifically, tracking a desired end-effector pose
trajectory. The reference trajectory dataset is a pre-processed
version of the ’Simplex’ dataset originally introduced by
Hershey [24] and later adapted by Corke [25]. The dataset,
sampled at 10 Hz, provides Cartesian coordinates represent-
ing the first 128 ASCII characters. From these, 41 usable
trajectories were selected, by discarding short trajectories
having less than 10 samples. To test the baseline NMPC
controller, each of the selected trajectories was executed 10
times, with white Gaussian noise N(0,0.05) added to the
plant input signals. This approach increased the variability
of the data, enhancing the robustness of the LPV-ARX
model identification across a wider range of operating con-
ditions. For each trajectory ¢—th, the corresponding dataset

TABLE II: NMPC Calibration Parameters

Parameter Value
Ts 0.1 [s]
Np 10
Ny, 5
R Ix0.1
Q I
um —[1.5,1.5,1.5,1.5, 4, 4, 4] [rad/s]
uM [1.5,1.5,1.5,1.5,4,4,4] [rad/s]
™ —[1.702, 1.047, 3.054, 2.618, 3.059, 2.094, 3.059] [rad]
M [1.702,1.047,3.054, 2.618, 3.059, 2.094, 3.059] [rad]

is denoted as D; = {ug, pk,yr}. The LPV-ARX systems
input is @ = [z(k),z.(k)]', with z(k) the robot states
and z,.(k) the robot state reference signals. The scheduling
variable pp = wu(k — 1) is the previous NMPC control
move and § = u(k) is the computed control action driving
the robot. Noisy trajectories were used for training the LS-
SVM models, while noise-free reference trajectories were
employed for the testing of the proposed ML. The NMPC
tuning parameters are reported in Table II, while the LS-
SVM hyparameters ¢ and y were optimized separately for
each symbol and its associated set of trajectories using a
grid search based on the Best-Fit-Rate performance metric.
The considered work has been implemented within the
Mathworks MATLAB/Simulink suite by using the fmincon
routine to solve the NMPC optimization problem.

Table III summarized the control performances of both
the NMPC and the LS-SVM-based controller, averaged over
the entire set of nominal, noise-free trajectories. This table
reports the Root Mean Square Error (RMSE) for both linear
and angular end-effector pose, including the mean values
and related standard deviations. Additionally, the maximum
linear position error is provided, along with the control policy
computational time.

TABLE III: Results evaluated on the tracking of 41 trajectories

NMPC LPV-ARX

RMSE Linear [cm] 0.21+£ 0.09 0.85+£ 0.25
RMSE Angular [rad] | 0.0008+ 0.0003 | 0.007+ 0.0092

Max Linear Error [cm] 0.88+ 0.4 191+ 0.65

Inference Time [ms] 224.6+ 310 0.27+ 0.26

The results show that the proposed approach, while less
accurate than the NMPC in terms of tracking performance
accuracy, reduces computational complexity and execution
time. This trade-off is the key outcome of the study, given
that the NMPC requires an average computation time of 225
ms, which exceeds the sampling time constraint of 0.1 s,
making real-time implementation infeasible.

Fig. 2 and Fig. 3 show the trajectory tracking performances
for symbols 1 and 19, respectively. Furthermore, Fig. 4, Fig.
5 and Fig. 6 show the control performances along the three
axis for symbol 1 and Fig. 7, Fig. 8 and Fig. 9 for symbol
19, respectively. These results show that the proposed ML
achieves results comparable to NMPC, while reducing the
computational burden.
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VI. CONCLUSIONS

In this paper, a control approach based on Linear
Parameter-Varying Autoregressive with eXogenous Input
(LPV-ARX) model identified using a Least Squares Support
Vector Machines (LS-SVM) framework has been proposed,
to mimic the control performance of a Nonlinear Model
Predictive Control (NMPC) policy designed to drive a robotic
arm. The NMPC was designed to control a simulated model
of the robotic arm, leveraging its ability to deliver optimal
performance for complex nonlinear systems subject to phys-
ical and logical constraints. However, due to the high com-
putational complexity and memory requirements associated
with solving the NMPC optimization problem in real time,
direct implementation on embedded control hardware is not
feasible. To address this limitation, an LS-SVM-based LPV-
ARX model has been trained to emulate the baseline NPMC
by using data collected from multiple NMPC-controlled
simulation runs. The trained model was then validated in
simulation and its performance was compared to the baseline
NMPC controller. The results demonstrate that the LS-SVM-
based controller achieves comparable control accuracy while
significantly reducing computational time. Future research
will be focused to the test of the developed LS-SVM-based
LPV-ARX controller on a real robotic arm. This will include
the analysis of the computational complexity of the LS-
SVM-based LPV-ARX model, in order to optimally evaluate
the trade-off between performance and algorithm execution
effort. To further reduce the computational burden and mem-
ory footprint, especially when trained on large datasets, tech-
niques for dataset selection and pruning—under both open-
loop and closed-loop configurations—will be investigated.
These enhancements aim to enable real-time execution of the
proposed LS-SVM-based controller on low-power embedded
systems, while maintaining the desired control performance.
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