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Abstract
This paper presents a comprehensive approach to dynamicmodeling and parameter identification for SCARArobots. The focus
is on accurately capturing nonlinear friction and coupling effects, which are frequently inadequately addressed in standard
modeling and identification techniques. A novel two-step identification procedure is proposed, where friction parameters
are identified independently from inertial parameters. This decoupled approach allows for a more accurate representation of
friction behavior, especially at low velocities. Additionally, the influence of ball screw spline coupling between joints 3 and
4 is investigated, revealing its impact on the robot’s dynamics, particularly under payload conditions. The identified dynamic
model is validated through both standard torque prediction and model-based control. Experimental results demonstrate the
superiority of the proposed approach over traditional methods, leading to significantly improved torque prediction accuracy
and enhanced tracking performance in model-based control.

Keywords Robot dynamics · Parameter identification · Least-squares identification · Friction identification · Nonlinear
friction

1 Introduction

Accurate dynamic modeling and parameter identification are
essential for a wide range of robotic applications. Model-
based control strategies, such as trajectory tracking [1] and
impedance control [2], rely on precise dynamic models.
Moreover, comprehensive dynamic models are crucial for
optimizing robot trajectories for energy efficiency [3, 4]
and enabling sensorless collision detection in collaborative
robots [5–7]. Additionally, accurate dynamic parameters are
fundamental for realistic simulations in virtual environments
like V-REP, Gazebo, or Simscape Multibody [8].
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A robot’s dynamic model relies on both geometric and
dynamic parameters, including inertial and friction proper-
ties. While geometric parameters are typically determined
through kinematic calibration [9, 10], identifying dynamic
parameters presents a greater challenge [11]. Disassembling
the robot to measure individual link inertias is impractical,
and CAD-based models, although convenient, often lack the
detail necessary for accurate dynamic modeling, particularly
in terms of hollow links, internal components, and friction
[12]. To address these limitations, experimental identification
is commonly employed. This approach involves deriving a
linear, non-redundant inverse dynamic model, designing an
optimal excitation trajectory, collecting experimental data,
and estimating the dynamic parameters using an appropriate
identification algorithm.

The first step in robot parameter identification consists
in deriving an inverse dynamic model, which relates joint
torques to joint positions, velocities, and accelerations. Such
a model is typically obtained following Euler-Lagrange or
Newton-Euler formulations [13] and is nonlinearwith respect
to the link parameters (link masses, center of masses and
inertia tensors), making the straightforward identification
of those parameters rather difficult [14]. To address this,
robot dynamic models are often linearized in terms of a
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set of standard parameters, which are nonlinear combina-
tions of link parameters. However, some standard parameters
have no influence on the robot dynamics, while others affect
the dynamics only in combinations and are not separately
identifiable. To overcome these challenges, a reduced set of
dynamic coefficients, which are linear combinations of stan-
dard parameters, is typically identified [15]. To excite all
relevant model parameters and improve the signal-to-noise
ratio, an optimized excitation trajectory is then designed and
executed [16]. By collecting joint position, velocity, and
torque data, dynamic coefficients can be estimated follow-
ing various identification techniques, such as least-squares
(LS) [17]. While these coefficients are sufficient for certain
applications like trajectory planning, other applications such
as real-time model-based control require the identification
of individual link parameters. To achieve this, optimization
techniques are employed to derive a physically consistent set
of link parameters from the estimated dynamic coefficients,
subject to constraints on mass positivity and inertia tensor
positive definiteness [18].

This paper focuses on the dynamic modeling and parame-
ter identification of a Selective Compliance Assembly Robot
Arm (SCARA), with a particular emphasis on nonlinear fric-
tion at the joint level and the coupling introduced by the ball
screw spline in the last two joints. In fact, identifying fric-
tion is critical, as it is usually the most difficult term to model
and accurately estimate. Although the friction model in real
manipulators is complicated and depends on a multitude of
factors, a simple model with Coulomb and viscous friction is
normally employed to describe the friction phenomenon [19–
23]. However, this model cannot fully reflect the behavior of
friction torque, especially at low velocities. For this reason,
more complex friction models have been proposed in the
literature, including the Stribeck model, in which an expo-
nential function represents the transition between Coulomb
and viscous friction [24–26], or the polynomial model, in
which a polynomial expression describes the relationship
between friction torque and velocity [27, 28]. Frictionmodels
may also include an additional term for smooth commutation
between positive and negative velocities [29, 30] or to con-
sider the influence of load [31–33] and temperature [34].
Some works, such as [35], also take into account frictional
lag and pre-sliding displacement, phenomena that are well-
captured by the LuGre model. In most of these works, the
friction model is established a priori (and not on an exper-
imental basis), and its parameters are estimated along with
the inertial parameters. The latter is particularly problematic,
as, due to the high reduction ratio of the reduction gears, fric-
tion typically plays a much more significant contribution in
the overall torque than inertial parameters. Only in [26], the
friction parameters are separately identified from the iner-
tial parameters on a 6 degrees of freedom (DOF) robot by
counteracting the nonfriction torque through a specific tra-

jectory. In this work, we follow a similar approach and show
that it is possible to exploit the SCARA manipulator struc-
ture (i.e., the fact that the gravity term is constant) to identify
the friction parameters separately from inertial ones in a pre-
liminary step of the identification procedure. This allows to
choose the most appropriate friction model on the basis of
the experimental data collected and to observe the behavior
of the friction torque in the neighborhood of zero velocity.
In addition, all above mentioned works are based on theo-
retical rigid body dynamics, in which motor couplings are
ignored. However, motor couplings widely exist in commer-
cial industrial robots, and motor toques are affected by the
transmission systems [36, 37]. More in detail, the last two
joints of a SCARA robot are typically modeled as a pris-
matic and revolute joint [38, 39] although a ball screw spline
is practically used, which is a combination of a ball screw nut
and a ball spline nut. While other works have considered the
elasticity introduced by harmonic drives [40, 41], to the best
of the authors’ knowledge, no previous study has addressed
the coupling introduced by the ball screw spline and its effect
on robot dynamics. In this paper, we include the presence of
the ball screw spline and assess its influence on the motor
torques. Finally, validation of the obtained dynamic model
is usually carried out comparing the torques predicted by the
identified model with the actual robot torques. However, this
approach can be misleading, as incorrect parameter sets may
still yield good fits for specific trajectories. To overcome this
limitation, we employed a more rigorous validation method.
In addition to the conventional approach, we utilized the pre-
dicted torques as feedforward inputs in a control scheme: a
significant improvement in themanipulator’s tracking perfor-
mance unequivocally demonstrates the effectiveness of our
identification strategy. The main contributions and novelty
are summarized as follows:

1. Separate identification of friction parameters:we propose
a novel approach to identify friction parameters indepen-
dently from other dynamic parameters. This decoupled
approach aims to enhance the accuracy of the identified
model;

2. Ball screw spline coupling modeling: we incorporate the
influence of ball screw spline coupling between joints 3
and 4 of a SCARA robot into the dynamic model. This
refinement aims to improve the model’s predictive capa-
bilities, particularly in high-speed and high-acceleration
trajectories;

3. Model validation using model-based control: to compre-
hensively assess the quality of the identified model, we
employ amodel-based control scheme.By comparing the
tracking performance of this controller with a standard
decentralized PID controller, we can quantitatively eval-
uate the model’s accuracy and its suitability for advanced
control applications.
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The remainder of this paper is organized as follows:
Section 2 formally outlines the research problem, while
Section 3 presents the proposed identification procedure.
Section 4 describes the SCARA robot and its PLC-based con-
troller utilized for experimental validation. The experimental
results and related discussion are presented in Section 5 and
Section 6 respectively. Finally, Section 7 summarizes our
findings and draws our conclusions.

2 Problem Statement

2.1 Robot Dynamic Modeling and Parameter
Identification

The dynamic model of an n degrees of freedom rigid manip-
ulator is written as:

M(q)q̈ + c(q, q̇) + g(q) = τ , (1)

where q ∈ R
n×1 is the vector of joint positions (with n being

the degrees of freedom of manipulator), M(q) ∈ R
n×n is

the positive definite, symmetric inertia matrix of the robot
links, c(q, q̇) ∈ R

n×1 is the vector of Coriolis and centrifugal
terms, g(q) ∈ R

n×1 is the gravitational vector and τ ∈ R
n×1

are joint torques. Additional dynamic effects, such as friction
(detailed in Section 2.4) and rotor inertia, can be incorporated
into the model. Accounting for rotor inertia, Eq. 1 becomes:

(M(q) + Bm)q̈ + c(q, q̇) + g(q) = τ , (2)

where Bm ∈ R
n×n is the diagonal matrix containing the

rotor inertia of each motor reflected through the reduction
ratio, Imi,eq = Imi n

2
i (where ni is the i−th joint reduction

ratio). The model in Eq. 2 is a nonlinear function of q, q̇,
q̈ and of the unknown dynamic parameters: link masses mi ,
position of the center of masses ri,ci ∈ R

3×1 and inertia
tensors Ii ∈ R

3×3 with respect to the link’s center of mass,
defined as

ri,ci =
⎛
⎝
cix
ciy
ciz

⎞
⎠ , Ii =

⎛
⎝
Ii,xx Ii,xy Ii,xz
Ii,xy Ii,yy Ii,yz
Ii,xz Ii,yz Ii,zz

⎞
⎠ . (3)

However, the dynamicmodel in Eq. 2 is linear in the standard
parameters π i ∈ R

10×1, which represent, for each link, the
0−th, 1st, and 2nd order moments of mass, respectively. Let
us define the link inertia tensors Ji ∈ R

3×3 calculated about
the i−th link frame as:

Ji =
⎛
⎝
Ji,xx Ji,xy Ji,xz
Ji,xy Ji,yy Ji,yz
Ji,xz Ji,yz Ji,zz

⎞
⎠ . (4)

The standard parameters can be then defined as:

π i = (
mi mi cix mi ciy mi ciz Ji,xx Jixy Ji,xz Ji,yy Ji,yz Ji,zz

)T
.

(5)

If rotor inertia is included, an additional parameter Imi,eq is
added to the standard parameter vector, resulting in a total
of 11 parameters per link, π i ∈ R

11×1. As a consequence,
Eq. 2 can be rearranged as:

(M(q) + Bm)q̈ + c(q, q̇) + g(q) = Y(q, q̇, q̈)π = τ , (6)

where Y(q, q̇, q̈) ∈ R
n×11n is the regressor matrix, which

only depends on joint position, velocities, accelerations and
robot kinematic parameters (typically, DH parameters) and
π = (π1 . . . πn)

T ∈ R
11n×1 is the vector of standard

parameters. Nevertheless, some standard parameters have
no influence on the robot dynamics, while others affect the
dynamics only in combinations and are not separately iden-
tifiable, leading to a rank-deficient regressor matrix. For
this reason, before proceeding with the identification, it is
necessary to determine a set of dynamic coefficients (or
base parameters), which contain linear combinations of the
standard parameters. The minimum number p of dynamic
coefficients is unique, while their expression is not. Several
approaches can be followed to determine the base parame-
ters in symbolic or numeric form, the latter typically based
on the SVD or QR decomposition of the regressor matrix
[42]. Once a minimal set of base parameters π R ∈ R

p×1

and a full-rank regressor matrix YR(q, q̇, q̈) ∈ R
n×p have

been determined, the dynamic coefficients are identified by
imposing a desired trajectory andmeasuring the joint torques
and positions. Velocity and acceleration data, q̇ and q̈, are
obtained through numerical differentiation from joint posi-
tions q. The choice of the excitation trajectory significantly
impacts the accuracy and robustness of the identification pro-
cess, as discussed further in Section 2.2. For each numerical
sample k = 1, . . . , M , the corresponding full-rank regressor
matrix YRk (qk, q̇k, q̈k) can be calculated, obtaining:

YRk (qk, q̇k, q̈k)π R = τ k . (7)

Stacking these quantities in vectors and matrices yields:

Y Rπ R = τ , (8)

with τ ∈ R
Mn and Y ∈ R

Mn×p. The dynamic coefficients π

can be identified by solving an ordinary least-squares (OLS)
problem via pseudoinversion as follows:

π̂ R = (Y
T
RY R)−1Y

T
Rτ . (9)
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In addition, a priori knowledge of some parameters or noise
level can be included in the estimation, making the problem
a damped least-squares (DLS) or a weighted least-squares
(WLS) respectively [15]. With the identified dynamic coef-
ficients π̂ R , a joint torque estimate can be provided, for any
desired trajectory q(t), as

τ̂ = YR(q, q̇, q̈)π̂ R . (10)

2.2 Trajectory Parametrization and Optimization

The trajectory executed by the robot during data acquisition
strongly influences the quality of the estimated parameters.
A well-designed trajectory should excite all model parame-
ters while minimizing the impact of measurement noise. To
achieve this, various techniques have been proposed to design
excitation trajectories [43, 44]. As periodic and bandlimited
excitation trajectories are proven to improve parameter esti-
mation, the joint trajectory qi (t) is typically parametrized as
a finite Fourier series [14] as follows:

qi (t) = qi,0 +
N∑

k=1

(ai,k sin(kω f t) + bi,k cos(kω f t)), (11)

where t represents time, andω f is the same for all joints. This
Fourier series is periodic with period T f = 2π/ω f , which
is chosen to be an integer multiple of the sampling period.
Each Fourier series contains 2N + 1 parameters, which are
the degrees of freedom for the trajectory optimization: the
coefficients ai,k and bi,k define the amplitudes of the sine
and cosine functions, while qi,0 is a constant offset. Optimal
trajectory parameters are determined by solving a nonlinear
optimization problem that maximizes the information con-
tent of the excitation trajectory, subject to constraints on joint
limits, velocities, and accelerations. The optimality criterion
(i.e., the cost function) used to find the optimal trajectory
parameters is typically based on the condition number or the
determinant of the stacked regressor matrix Y R(q, q̇, q̈), or
some scalar depending on it. Among the different optimality
criteria, the D-optimality criterion is generally regarded as
the best for robot parameter identification, because it mini-
mizes the variance of the parameters [45]. When using this
criterion, the problem of finding the optimal trajectory coef-
ficients can be stated as:

max
ai,k ,bi,k

f (ai,k, bi,k) = det
(
Y R(q, q̇, q̈)TY R(q, q̇, q̈)

)
(12)

subject to:
⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

qi (0) = q̇i (0) = q̈i (0) = 0

qi,min ≤ qi (t) ≤ qi,max

q̇i,min ≤ q̇i (t) ≤ q̈i,max

q̈i,min ≤ q̈i (t) ≤ q̈i,max

, (13)

where these these constraints impose a null initial posi-
tion, velocity and acceleration for each joint and ensure that
the position, velocity and acceleration of each joint remain
within the allowable range.

2.3 Parameters Retrieval

Through Eq. 9, only dynamic coefficients are identified, i.e. a
linear combination of the robot’s dynamic coefficients.While
for some applications identifying these coefficients is suffi-
cient, for some others such as implementation of real-time
model-based control schemes, it is necessary to identify, for
each link, themassmi , position of the center ofmass ri,ci and
barycentric inertia Ii . The relation between the barycentric
inertia Ii and the inertia with respect to the i-th link frame Ji ,
which appear in vector π i , is given by the Huygens-Steiner
theorem

Ji = Ii + mi S(ri,ci )T S(ri,ci ), (14)

where S(ri,ci ) is the skew-symmetric matrix operator:

S(ri,ci ) =
⎛
⎝

0 −ciz ciy
ciz 0 −cix

−ciy cix 0

⎞
⎠ . (15)

The dynamic parameters vector p = (
pT1 pT2 pT3

)T
can be

defined as follows:

p1 = (
m1 . . .mn

)T ∈ R
n, (16)

p2 = (
c1x c1y c1z . . . cnx cny cnz

)T ∈ R
3n, (17)

p3 = (I1 . . . In
) ∈ R

6n, (18)

where:

Ii = (
Ii,xx Ii,xy Ii,xz Ii,yy Ii,yz Ii,zz

)T
. (19)

In general, retrieving a feasible set of numerical values for
dynamic parameters p from the identified dynamic coeffi-
cients π̂ R is a nonlinear problemadmitting an infinite number
of solutions, though not all physically consistent. This prob-
lem is typically treated as a nonlinear optimization problem

min
p

f ( p) = ‖π R( p) − π̂ R‖2 (20)

under the following constraints

{
mi > 0

Ii � 0
, (21)

which ensure the positivity of the link masses and the
positive definiteness of the link inertia tensors. The latter

123



Journal of Intelligent & Robotic Systems (2025) 111 :96 Page 5 of 28 96

condition can be rewritten as a triangle inequality [18] as
follows:

tr(Ii )
2

− λmax(Ii ) > 0, (22)

where tr(Ii ) and λmax(Ii ) are respectively the trace and max-
imum eigenvalue of the inertia tensor Ii . In addition to the
constraints outlined in Eq. 21, further constraints can be
incorporated, such as bounds on the total robot mass and the
center ofmass position,whichmust be confined to the convex
hull of each link. Moreover, data obtained from CAD pro-
vided by robot manufacturers, can be included to obtain a set
of optimal dynamic parameters closest to a priori consistent
dynamic parameters, based on the SVD and Cholesky fac-
torization [46]. Finally, the problem of retrieving a feasible
set of robot parameters can also be formulated by means of
a linear matrix inequality (LMI) semidefinite programming
(SDP) framework [47]

2.4 FrictionModeling and Identification

Friction, resulting from complex interactions between joint
surfaces at the microscopic level, presents a significant mod-
eling challenge. For robot dynamic identification, simplified
models are often employed, including onlyCoulomb and vis-

cous friction. In this case, the friction torque acting on joint i
can bewritten as a function of the joint velocity q̇i as follows:

τ fi (q̇i ) = fCi sign(q̇i ) + fvi q̇i . (23)

Using this simplified friction model, Eq.2 can be rewitten as:

M(q)q̈ + c(q, q̇) + g(q) + FC sign(q̇) + FV q̇ = τ , (24)

where FC = diag( fC1 , . . . , fCn ) ∈ R
n×n and Fv =

diag( fv1 , . . . , fvn ) ∈ R
n×n are the diagonal matrices of

Coulomb and viscous friction parameters. As these parame-
ters appear linearly in Eq. 24, they can be included in the
vector π i and can be estimated along the other dynamic
coefficients as described in Section 2. As an alternative, the
friction torque acting at the joint level is often written as a
third-order polynomial model, which is a generalization of
the Coulomb and viscous model:

τ fi (q̇i ) = a0i sign(q̇i )+a1i q̇i +a2i sign(q̇i )q̇
2
i +a3i q̇

3
i . (25)

In this case, 4 friction parameters for each joint need to be
identified. Similarly to the previous case, the friction coef-
ficients appear linearly in the dynamic model of the robot:
therefore, they can be included in the vectorπ i and estimated
along with the inertial coefficients. However, both friction
models described by Eqs. 23 and 25 cannot fully reflect the
friction characteristics at commutation and at low velocities:
the sign(q̇i ) function causes a large error at joint commuta-
tion and there is no term that takes into account static friction
at breakaway due to the transition from boundary lubrication
to mixed lubrication regimes. To address the latter issue, the
Stibeck model can be adopted: according to this model, the
friction torque acting on joint i is written as:

τ fi (q̇i ) = FCi sign(q̇i )+FVi sign(q̇i )+(Fsi −FCi )e
−

(
q̇i sign(q̇i )

q̇si

)μi

sign(q̇i ),

(26)

where Fsi is the maximum static friction, q̇s is the Stribeck
angular velocity and μ is the curve shape coefficient. As
μ typically assumes values within the range 0.5 − 2, it is
sometimes arbitrarily set as μ = 1, becoming Tustin friction
model [26]. In addition, different functions can be defined
to model a smooth transition of the friction torque between
positive and negative values. For this purpose, in [29, 30]
a sigmoid function is introduced, and the friction torque is
written as:

τ fi (q̇i ) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

FCi sign(q̇i ) + FVi sign(q̇i ) + (Fsi − FCi )e
−

(
q̇i sign(q̇i )

q̇si

)μi

sign(q̇i ) q̇i > δ

Fsi sigmoid(q̇i ) −δ ≤ q̇i ≤ δ

FCi sign(q̇i ) + FVi sign(q̇i ) + (Fsi − FCi )e
−

(
q̇i sign(q̇i )

q̇si

)μi

sign(q̇i ) q̇i < δ

, (27)

where the sigmoid function is defined as:

sigmoid(q̇i ) = a

b + e−cq̇i
, (28)

with a, b and c being the parameters of the sigmoid func-
tion. A sigmoidal friction model was also used in [18] and
[48]. The friction models described by Eqs. 26 and 27, while
more accurate, introduce nonlinearities with respect to the
friction parameters, hindering the use of the standard iden-
tification procedure. Several approaches have been explored
to address this challenge. Some methods, such as those pre-
sented in [29, 30], determine at priori the parameters of
the sigmoid function used to model friction. Alternatively,
modern collaborative robots allow to carry out the identifi-
cation procedure following a reverse engineering approach
[49]: these robots provide the numerical values for the iner-
tia matrix, Coriolis and centrifugal vector, and gravity vector,
which allows the identification of inertial parameters. This,
in turn, allows to exploit the difference between measured
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torques and predicted torques using the identified inertia
parameters to identify friction parameters through nonlin-
ear optimization [18, 48]. A similar approach is followed
in [26], where nonlinear friction is identified by counteract-
ing the nonfriction torque through a specifically designed
trajectory. More sophisticated methods involve iterative or
multi-stage identification. In [24], a three-loop parameter
identification method is proposed. Dynamic coefficients are
calculated using a regression model while keeping Stribeck
coefficients constant. Nonlinear friction is then identified
using nonlinear optimization, followed by a final optimiza-
tion of all identified coefficients. Similarly, [7] and [50]
utilize a two-stage approach with least squares for linear
parameters and non-linear iterative optimization for friction
parameters. Advanced algorithms like swarm optimization
are also being explored [25]. However, thesemethods require
careful tuning of algorithm parameters and initial conditions.

3 Proposed Identification Procedure

The identification procedure described here was designed
for the dynamic parameter identification of a SCARA robot,
whose details are provided inSection4, but could be extended
to any manipulator in which the joints are not affected by
gravity or where the gravity vector is constant. Let us denote
the friction vector as a generic function of the velocity, and
the gravity vector as a constant, as follows:

τ f (q̇) =

⎧⎪⎨
⎪⎩

τ f1(q̇i )
...

τ fn (q̇n)

⎫⎪⎬
⎪⎭

, g =

⎧⎪⎨
⎪⎩

g1
...

gn

⎫⎪⎬
⎪⎭

. (29)

Equation 2 can therefore be rewritten as:

(M(q) + Bm)q̈ + c(q, q̇) + g + τ f (q̇) = τ . (30)

When the robot is notmoving (q̇ = q̈ = 0), the inertial terms,
(M(q) + Bm)q̈, and the Coriolis/centripetal forces, c(q, q̇),
vanish. Furthermore, since static friction is only presentwhen
the velocity is non-zero, the friction term τ f (q̇) is also zero
in this case. Therefore, only the gravity term remains:

g = τ . (31)

As a consequence, it is possible to first separately identify
the gravity vector ĝ and the link masses m̂i simply by mea-
suring the joint torques under static conditions. Once the
constant gravity vector has been identified, it is then possible
to estimate friction: in fact, if we impose a constant velocity
trajectory for one joint at a time, the term (M(q) + Bm)q̈
is null (because the acceleration vector is null) and so is the

term c(q, q̇) (because only one joint is moving at a time).
Under these conditions, Eq. 30 becomes:

g + τ f (q̇) = τ . (32)

and therefore:

τ f (q̇) = τ − g. (33)

An experimental friction curve for each joint can be obtained
by either commanding different desired velocities and mea-
suring the corresponding steady-state torques, or vice versa.
Once the experimental friction torque is determined, amathe-
matical function τ̂ f (q̇) and its corresponding parameters can
be identified to best fit the experimental data. This allows us
to characterize low-velocity friction behavior and assess the
presence of Stribeck effects. This process can be repeated
with various payloads to investigate the influence of load
on the gravity vector and on friction behavior. The remain-
ing terms on the left-hand side of Eq. 30 can be linearly
parameterized with respect to the dynamic coefficients π R

as follows:

YR(q, q̇, q̈)π R + ĝ + τ̂ f (q̇) = τ (34)

Therefore, the dynamic coefficients π R can be identified
using pseudoinverse estimation. By imposing an optimized
excitation trajectory τ andmeasuring the corresponding joint
positions, velocities, and torques, we can solve the following
equation:

π̂ R = (Y
T
RY R)−1Y

T
R(τ − g − τ f (q̇)) (35)

With the identified dynamic coefficients π̂ R , a joint torque
estimate can be provided, for any desired trajectory q(t), as

τ̂ = YR(q, q̇, q̈)π̂ R + ĝ + τ̂ f (q̇). (36)

The estimates of dynamic coefficients π̂ R , gravity vector ĝ,
and friction parameters τ̂ f can be further refined through
constrained nonlinear optimization. Byminimizing the resid-
ual between measured and predicted torques during the
excitation trajectory, we solve the following optimization
problem:

min
π R ,g,τ f

f (π R, g, τ f ) = ‖τ (π R, g, τ f ) − τ̂‖2. (37)

The optimization is initialized with the previously identi-
fied parameters and constrained to a specific range around
these initial values. The flowchart describing the complete
proposed identification approach is reported in Fig. 1.
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Fig. 1 Flowchart of the proposed identification procedure

4 Materials andMethods

4.1 Description of the SCARAManipulator

The SCARA is a four degree-of-freedom (DOF) robotic
manipulator, mostly used for pick-and-place applications.
During our experiments, we used the SCARA 550 Table

Top manipulator, originally manufactured by Adept Omron
Inc, commanded through a PLC-based controller that ensures
real-time direct joint control [51]. The SCARA robot with
attached DH frames and its simplified kinematic scheme are
reported in Fig. 2, while its DH table according to the conven-
tion described in [52] is presented in Table 1. The total weight
of this manipulator is approximately 40 kg, with a rated pay-
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Fig. 2 SCARA 550 Table Top
manipulator with attached DH
frames and associated kinematic
parameters (left), and its
simplified kinematic scheme
(right)

load of 5.5 kg. No knowledge of its inertial parameters is
available and previous experiments have revealed substantial
friction torques. The drive gains (current-to-torque gains),
reduction ratio, and rotor inertia of each motor are known
a priori (while sometimes these parameters also need to be
identified along the inertial and friction parameters [53]) and
are reported in Table 2.

The PLC-based robot controller enables the SCARA
manipulator to operate in various control modes, includ-
ing position control, velocity control, and torque control, as
shown in Fig. 3. While the first and second control modes
are useful during the identification procedure, the third is
exploited during the validation procedure when implement-
ing a model-based control scheme. The PLC-based robot
controller provides the motor encoder and current signals
at 1ms sampling rate. Joint torques are computed by scaling
the motor currents using the drive gains and gear ratios. Joint
velocities and accelerations are obtained by numerically dif-
ferentiating the motor encoder readings, taking into account
the gear ratios, and then filtering the results using a 4th-order
zero-phase Butterworth filter with a 5 kHz cutoff frequency.

4.1.1 Ball Screw Spline

The kinematics of a SCARA manipulator is typically mod-
eled as three revolute joints and one prismatic joint, as in
Fig. 2. In this idealized representation, linear motion of the

Table 1 DH table of the SCARA robot used during experimental tests

i αi ai θi di
(◦) (mm) (◦) (mm)

1 0 0 q1 510

2 0 300 q2 0

3 180◦ 250 0 q3
4 0 0 q4 0

end-effector along the z axis is achieved by actuating joint
3, while rotational motion of the end-effector is achieved by
actuating joint 4. However, SCARA robots typically employ
a ball screw spline for the linear and rotational movement of
the end-effector [54, 55], which is depicted in Fig. 4. A ball
screw spline is a device composed of a ball screw nut, a ball
spline nut, and a shaft, which features both screw threads and
spline grooves, which intersect along its length. Ball screw
spline assemblies restrict the linear movement of both the
ball screw nut and the ball spline nut. By controlling the
movement of these nuts independently or simultaneously,
three distinct types of motion can be achieved: linear, spi-
ral, and rotary. To produce linear motion, the ball nut is
driven while the spline nut remains stationary: as the ball
nut’s linear movement is constrained by the spline nut, the
shaftmoves linearlywithout rotating.Alternatively,when the
spline nut is driven and the ball nut remains stationary, the
ball spline induces rotational motion while the screw threads
passing through the stationary ball nut cause the shaft tomove
linearly while rotating, resulting in spiral motion. Simulta-
neous driving of both nuts by the opposite amount cancels
out the linear component, leaving only rotational motion of
the shaft. In practice, linear motion of the end-effector along
the z axis of a SCARA robot is achieved by actuating joint
3, spiral motion of the end-effector is achieved by actuating
joint 4 and rotational motion of the end-effector is achieved
by appropriately actuating joint 3 and 4 simultaneously. The

Table 2 Drive gains, rotor inertia and reduction ratio of each motor

i kti Imi ni
(Nm/A) (kg/m2)

1 0.54 0.37 · 10−4 80

2 0.42 0.17 · 10−4 50

3 0.37 0.063 · 10−4 1.5

4 0.37 0.063 · 10−4 50
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Fig. 3 Signal flows from and to
the controller. Depending on the
mode of the PLC-based
controller (position, velocity or
torque control) the user input
uuser can be a desired set of
joint positions qd , velocities q̇d ,
or torques τ d , and is then
converted to the commanded
torques τ c. The robot returns the
actual joint positions qact and
actual torques τ act at 1 kHz rate

joint variables q3 and q4 are therefore related to the motor
positions q3m and q4m as follows:

[
q3
q4

]
=

[
p/2π p/2π
0 1

] [
n3 0
0 n4

] [
q3m
q4m

]
, (38)

where p is the screw pitch. Therefore, let us define the fol-
lowing transmission coupling matrix between joint positions
and motor positions:

	 =
[
p/2π p/2π
0 1

] [
n3 0
0 n4

]
=

[
γ33 γ34
γ43 γ44

]
(39)

4.2 Identification Procedure

The identification process followed the methodology out-
lined in Section 3. First, a dynamic model of the SCARA

Fig. 4 A ball screw spline assembly, shown here integrated into a
SCARA robot, utilizes a shaft with both screw threads and spline
grooves. The ball screw nut and ball spline nut, constrained by the
shaft’s geometry, can be driven independently or simultaneously. This
allows for linear, spiral, and rotary motion of the shaft, and therefore of
the end-effector

robot was derived and linearized with respect to the robot’s
standard dynamic parameters. A linearly independent set of
dynamic coefficients was identified, with the detailed deriva-
tion provided in Appendix A. The robot’s gravity vector was
determined under static conditions, while friction parame-
ters for each joint were identified using the PLC-based robot
controller in velocity mode. Next, an exciting trajectory was
optimized using a genetic algorithm, spanning a total time
of T = 12 s and is reported in Fig. 5. This trajectory was
imposed on the robot (using the PLC-based controller in
position mode) and repeated 10 times to mitigate the effects
of noise, while the corresponding torque and position mea-
surements were then collected at 1 kHz rate. Subsequently,
pseudoinverse estimation was employed to obtain initial esti-
mates of the dynamic coefficients, taking into account a
priori knowledge of the rotor inertias reflected through the
reduction ratio. To further refine these estimates, a nonlinear
constrained optimization using Sequential Quadratic Pro-
gramming (SQP) was conducted. Finally, a feasible set of
dynamic parameters was extracted from the refined dynamic
coefficients through another genetic algorithm optimization.

To assess the effectiveness of the proposed identification
procedure, the identification was also repeated following the
standard identification procedure, where friction parameters
are estimated alongside other dynamic parameters. Two fric-
tion models were considered: a simple model incorporating
Coulomb and viscous friction, and a more complex third-
order polynomial friction model.

4.3 Validation Procedure

Validation of the identified dynamic parameters is often per-
formed comparing the torques predicted by the model with
the measured robot torques for a number of validation tra-
jectories. However, this validation procedure may not be
sufficient to ensure model accuracy, as an incorrect parame-
ter set can still yield acceptable torque predictions for certain
trajectories. For this reason, we carried out the validation
procedure not only using the standard validation proce-
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Fig. 5 Optimized excitation trajectory for each joint

dure, further described in Section 4.3.1, but also employing
the identified dynamic parameters in a model-based control
scheme, as described in Section 4.3.2.

4.3.1 Standard Validation Procedure

The standard validation procedure was carried out by com-
paring the torques predicted by the identified model with the
measured robot torques using a number of validation tra-
jectories. This procedure was carried out using 6 different
trajectories and with the PLC-based controller in position
mode. The six trajectories included the optimized Fourier
series used for the identification (for which a very good fit
is expected), a spline trajectory defined by 10 end-effector
poses, a circular and quadratic trajectory in the plane with
varying end-effector orientations and z positions, and linear
trajectories along the x and y axes with similar variations.

4.3.2 Validation Using Model-based Control

To further validate the identified dynamic model, we com-
pared the tracking errors of two control schemes: a non-
model-based controller and amodel-based controller employ-
ing the identified dynamic parameters. In fact, an improve-
ment in the robot’s trajectory tracking capabilities unequiv-
ocally proves the goodness of the identified robot dynamic
model. The non-model-based controller is the PLC-based
controller in position-mode, in which the desired torque is
evaluated by a standard decentralized PID controller. On the
other hand, the model-based controller is obtained by using
the PLC-controller in torquemode and evaluating the desired

torque using a computed torque control scheme (also known
as feedback linearization), reported in Fig. 6. The desired
torque can be expressed as:

τ d = M̂(q) (q̈d+KP (qd − q) + KD(q̇d − q))+ ĉ(q, q̇)+ ĝ+τ̂ f (q̇),

(40)

where KP and KD are the respectively the diagonal pro-
portional and derivative gain matrices. The inertia matrix
M̂(q) and the vector of Coriolis and centrifugal terms ĉ(q, q̇)

are calculated using the recursive numerical Newton-Euler
algorithm, which is preferred over the computationally more
expensive symbolic Euler-Lagrange approach.

5 Results

5.1 Gravity Vector Identification

For the SCARA robot, gravity only acts in the third joint,
as derived in Appendix A. Under static conditions and no
applied payload (mp0 = 0 kg), the measured motor torque
is:

ĝ3(mp0) = −0.0255 Nm (41)

This value must be reflected through the reduction ratio of
the joint (due to the presence of a transmission belt) and the
screw nut gear ratio, obtaining the gravity force:

F̂3(mp0 )= ĝ3(mp0 )γ33=−0.0255 ·1.5 · 2π

20 · 10−3 =−12.0166N (42)
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Fig. 6 Block diagramof themodel-based computed torque controller, utilizing the identified dynamicmodel to achieve improved trajectory tracking.
The inertia matrix M̂(q) and the vector of Coriolis and centrifugal terms ĉ(q, q̇) are calculated using the recursive Newton-Euler algorithm

The mass of the third link (ball screw spline shaft) can be
directly calculated as:

m̂3 = −F̂3(mp0)

g0
= 12.0166

9.80665
= 1.2254 kg. (43)

5.2 Friction Identification

Figure 7 shows the experimental friction curves (depicted in
blue) obtained for the four joints of the SCARAmanipulator.
While the friction torque on joints 1, 2, and 4 exhibits signifi-
cant nonlinear behavior, which cannot be accurately captured

by a conventional Coulomb and viscous friction model, the
measured torque on joint 3 appears to increase almost linearly
with velocity. This difference may be attributed to the dis-
tinct mechanical coupling between the motors and the joints.
Joints 1, 2, and 4 are coupled with their respective motors
through harmonic drives with large reduction ratios, which
introduce significant friction. In contrast, joint 3 is coupled
to its motor via a transmission belt with a small reduction
ratio, resulting in a less pronounced nonlinear friction behav-
ior. In addition, the Stribeck effect is observed on all four
joints, with a more significant increase in friction torque at
low velocities for joints 3 and 4. To accurately capture the

Fig. 7 Experimental data and identified nonlinear friction model torque for the four joints of the SCARA manipulator
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observed friction behavior, the following friction model was
employed:

τ̂ fi (q̇i ) = ϕ1,i

1 + e−ϕ2,i (q̇i+ϕ3,i )
− ϕ1,i

1 + e−ϕ2,iϕ3,i

+ϕ4,i q̇i + ϕ5,i sign(q̇i )q̇
2
i + ϕ6,i q̇

3
i

+
(
ϕ7,i − ϕ1,i

2

)
sign(q̇i )e

−
(
q̇i sign(q̇i )

ϕ8,i

)ϕ9,i

. (44)

The proposed model incorporates a sigmoidal function to
capture Coulomb friction and smooth transitions between
positive and negative velocities. Parameters ϕ1,i and ϕ2,i

influence the magnitude and slope of this transition, respec-
tively. An offset term, ϕ3,i , accounts for potential asymme-
tries. Additionally, a third-order polynomial is included to
model more complex friction behaviors, with coefficients
ϕ4,i , ϕ5,i , and ϕ5,i . Finally, a Stribeck effect term is incorpo-
rated, where ϕ7,i , ϕ8,i , and ϕ9,i represent the maximum static
friction, Stribeck velocity, and curve shape factor, respec-
tively. The identified friction parameters for each joint are
reported in Table 3, while the corresponding frictionmodel is
depicted with a dashed line in Fig. 7. However, experimental
friction curves were obtained for each joint by commanding
a specific velocity and measuring the resulting steady-state
torque: due to physical limitations in joint range of motion,
the experimental datawas limited to a specific velocity range.
Consequently, the fitted mathematical model might exhibit
deviations when extrapolated to velocities outside this range.
To address this, we modified the mathematical model by
approximating the friction outside the experimental veloc-
ity range as a linear function as follows:

τ̂ fi (q̇i ) =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

−ϕ10,i + ϕ11,i (q̇i + ϕ12,i ) q̇i < −ϕ12,i
ϕ1,i

1 + e−ϕ2,i (q̇i+ϕ3,i )
− ϕ1,i

1 + e−ϕ2,iϕ3,i
+ ϕ4,i q̇i + ϕ5,i sign(q̇i )q̇

2
i + ϕ6,i q̇

3
i

+
(
ϕ7,i − ϕ1,i

2

)
sign(q̇i )e

−
(
q̇i sign(q̇i )

ϕ8,i

)ϕ9,i −ϕ12,i ≤ q̇i ≤ ϕ12,i

ϕ10,i + ϕ11,i (q̇i − ϕ12,i ) q̇i > ϕ12,i

, (45)

where the additional parameters ϕ10,i , ϕ11,i and ϕ12,i rep-
resent the initial offset, slope of the friction torque and
maximum experimental velocity respectively. The corre-
sponding identified value, for each joint, is reported in
Table 3.

5.2.1 Effect of Payload on Friction Torque

The friction identification procedure was repeated with two
different payloads: mp1 = 2.24 kg and mp2 = 3.32 kg.
While the friction torque on joints 1 and 2 remained rela-

tively unaffected by payload variations, the friction behavior
of joints 3 and 4 exhibited appreciable differences. The exper-
imental friction curves for joints 3 and 4, under both payload
conditions, are presented in Fig. 8. The friction torque pro-
file as a function of velocity remained largely unaffected,
indicating that the previously derived models remain valid.
A consistent negative offset with respect to payload was
observed, both in joint 3 and 4, which can be attributed to the
change in the gravity vector. This suggests that not only joint
3, as predicted by the classical kinematic model, but also
joint 4 experiences a gravitational effect, albeit to a lesser
extent.

The curves in Fig. 8 incorporate the gravity vector act-
ing on joint 3 identified Section 5.1, from which the mass
of the screw m̂3 was determined. The test in this section,
conducted with two different known payloads, enables the
calculation of the gravity vector corresponding to a known
mass, thereby allowing for the determination of the screw’s
efficiency. Knowing the applied payload (mp1 or mp2 ), and
thus the gravitational force, it can be transformed as a torque
acting on the motor side through the ratio of the screw-nut
coupling and the reduction ratio due to the transmission belt,
as follows:

g̃3m (mp1) = F3(mp1)

γ33
= −mp1g0

γ33
. (46)

However, the calculated theoretical torque is smaller than
the measured offset in the curve, which is attributed to the
low efficiency of the screw-nut coupling. By calculating the
ratio between the theoretical torque and the measured offset

in friction torque (averaging the values obtained for both
payloads), the efficiency of the screw-nut coupling can be
determined:

η3 = g̃3m (mp)

g3m (mp)meas
. (47)

As the corresponding torque offset for adding a payload of
2.24 kg is 0.0562 Nm, and the corresponding torque offset
for adding a payload of 3.32−2.24 = 1.08 kg is 0.0275 Nm,
the efficiency of the screw-nut is η3 = 0.8237. Therefore, for
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Fig. 8 Effect of payload on friction torque on joint 3 and 4

a given payload mp the corresponding gravity vector acting
at the motor side can be calculated as:

ĝ3m (mp) = ĝ3(mp0) − 1

η3
· mpg0

γ33
. (48)

In addition, while the payload was not expected to influ-
ence joint 4 torque, experiments revealed a torque offset. By
analyzing the torque offsets resulting from the two different
payloadsmp1 andmp2 , a constant k4 relating the offset to the
end-effector payload can be determined. The corresponding
torque offset on joint 4 for adding a payload of 2.24 kg is
−8.8 · 10−3 Nm, and the corresponding torque offset for
adding a payload of 3.32− 2.24 = 1.08 kg is 4.2 · 10−3 Nm.
Therefore, the constant k4 is 0.0039 Nm/kg and, for a given
payload mp, the corresponding gravity vector acting at the
motor side can be calculated as:

ĝ4m (mp) = −k4mp. (49)

5.3 Dynamic Identification

The identified dynamic coefficients following the standard
identification procedure and considering Coulomb and vis-
cous friction or considering a third-order polynomial model
are reported in Table 4 and Table respectively Table 5. On
the other hand, the identified dynamic coefficients following
the proposed identification procedure, before and after the
final optimization step are reported in Tables 6 and 7 respec-
tively.

5.4 Validation Results

5.4.1 Validation Using the Standard Procedure

Figure 9 shows the evolution of the measured torque τmeas ,
filtered torque τ f ilt torque and predicted joint torque for all
four robot joints when the optimized Fourier series trajec-
tory is performed. The predicted torque is calculated from
the resulting dynamic parameters obtained using four dif-

Table 4 Dynamic coefficients
identified employing the
standard identification
procedure considering coulomb
and viscous friction

Coefficient Identified value Coefficient Identified value

m2a21 + Im1,eq + J1,zz 2.4465 m3 1.6828

fv1 17.3010 Im3,eq 1.4 · 10−5

fC1 13.7267 fv3 0.0033

m2c2x 1.6211 fC3 0.1319

J2,zz + J3,zz 0.4462 J4,zz 0.1358

Im2,eq 0.0425 Im4,eq 0.0158

fv2 2.3557 fv4 0.9558

fC2 4.6119 fC4 2.1985
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Table 5 Dynamic coefficients
identified employing the
standard identification
procedure considering a
third-order polynomial friction
model

Coefficient Identified value Coefficient Identified value

m2a21 + Im1,eq + J1,zz 2.4151 m3 1.5377

a01 9.8212 Im3,eq 1.4 · 10−5

a11 34.9500 a03 0.0958

a21 −13.3431 a13 0.0097

a31 2.6284 a23 −0.0002

m2c2x 1.6293 a33 1.4 · 10−4

J2,zz + J3,zz 0.4558 J4,zz 0.1359

Im2,eq 0.0425 Im4,eq 0.0158

a02 3.1274 a04 1.3063

a12 4.8187 a14 2.8949

a22 −0.8766 a24 −0.4986

a32 0.0864 a34 0.0323

ferent identification methods: standard identification method
considering viscous and Coulomb friction (τpred,CV ), stan-
dard identification method considering a third-order friction
model (τpred,T O ), identification method with a separate step

for friction and gravity (τpred,FS), identificationmethodwith
a separate step for friction and gravity and subsequent final
optimization (τ ∗

pred,FS), which is the proposed identification
procedure. The same quantities are reported, for the spline,

Table 6 Dynamic coefficients
identified employing the
proposed identification
procedure before optimization

Coefficient Identified value Coefficient Identified value

m2a21 + Im1,eq + J1,zz 2.4982 m3 1.2254

ϕ11 20.2081 Im3,eq 1.4 · 10−5

ϕ21 6.31 · 103 ϕ13 0.2614

ϕ31 0 ϕ23 0.57 · 103
ϕ41 36.4859 ϕ33 0

ϕ51 −12.1858 ϕ43 0.0118

ϕ61 2.2721 ϕ53 −9.55 · 10−4

ϕ71 10.7521 ϕ63 0

ϕ81 0.0035 ϕ73 0.1445

ϕ91 2 ϕ83 0.0349

ϕ101 59.688 ϕ93 2

ϕ111 16.547 ϕ103 0.1653

ϕ121 2.4435 ϕ113 3.87 · 10−3

m2c2x 1.6079 ϕ123 4.3633

J2,zz + J3,zz 0.4291 J4,zz 0.1401

Im2,eq 0.0425 Im4,eq 0.0158

ϕ12 7.7121 ϕ14 3.475

ϕ22 5.16 · 103 ϕ24 6.87 · 103
ϕ32 0 ϕ34 0

ϕ42 5.0421 ϕ44 1.2778

ϕ52 −1.1949 ϕ54 −0.1124

ϕ62 0.1834 ϕ64 2.61 · 10−3

ϕ72 4.205 ϕ74 2.5051

ϕ82 0.0017 ϕ84 0.0105

ϕ92 3 ϕ94 1

ϕ102 12.285 ϕ104 6.0712

ϕ112 2.4867 ϕ114 0.1106

ϕ122 2.6181 ϕ124 6.9813
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Table 7 Dynamic coefficients
identified employing the
proposed identification
procedure after optimization

Coefficient Identified value Coefficient Identified value

m2a21 + Im1,eq + J1,zz 2.6001 m3 1.7533

ϕ11 18.7841 Im3,eq 1.4 · 10−5

ϕ21 1.89 · 103 ϕ13 0.2376

ϕ31 0 ϕ23 272.9578

ϕ41 40.8739 ϕ33 0

ϕ51 −16.9275 ϕ43 0.0098

ϕ61 3.3487 ϕ53 −9.16 · 10−4

ϕ71 8.688 ϕ63 0

ϕ81 0.0059 ϕ73 0.1207

ϕ91 3.4 ϕ83 0.0014

m2c2x 1.6511 ϕ93 3

J2,zz + J3,zz 0.4298 J4,zz 0.1531

Im2,eq 0.0425 Im4,eq 0.0158

ϕ12 6.775 ϕ14 3.6915

ϕ22 1.55 · 103 ϕ24 4.12 · 103
ϕ32 0 ϕ34 0

ϕ42 5.3388 ϕ44 1.6643

ϕ52 −1.1452 ϕ54 −0.1518

ϕ62 0.1219 ϕ64 3.66 · 10−3

ϕ72 3.1421 ϕ74 1.5002

ϕ82 0.0003 ϕ84 0.0147

ϕ92 5 ϕ94 1.4

circular, quadratic and linear trajectories along the x and y
direction respectively in Figs. 10, 11, 12, 13 and 14.

In the case of theFourier series trajectory used for the iden-
tificaton, the torque estimations for joint 1 and 2 are almost
perfectly superimposing the measured ones for all the dif-
ferent prediction models, as expected. Joints 3 and 4 exhibit
slightly larger prediction errors, probably due to unmodeled
effects like the elasticity of the transmission belts. For other
cross validation trajectories, more significant differences are
observed between the torque predicted by the different mod-
els, especially for joints 3 and 4, with larger errors in the two
models obtained using the standard identification procedure.
The presence of the sign function in the friction model is evi-
dent in the torque oscillations observed near zero velocity,
both before and after movement. Additionally, for all mod-
els, it is observed that once the movement is completed, the
predicted torque rapidly decreases to zero (or to the value
corresponding to the gravity term for joint 3), while the mea-
sured torque reaches the same value more slowly. This is due
to the fact that during these tests, the PLC-based controller is
in position-mode and does not utilize any feedforward term,
thus resulting in a slower response. Similarly, for some tra-
jectories, the torque does not start exactly from zero and does
not settle exactly to zero after the movement (or to the value
corresponding to the gravity term for joint 3): this is also due
to the fact that the robot controller is in position-mode.

For a more effective comparison of the torque prediction
error between different models, Fig. 15 presents a histogram
of the mean square error (RMSE) in torque prediction for the
different models and trajectories.While for the Fourier series
trajectory, the torque prediction error was similar across
different models, for validation trajectories, the model utiliz-
ing viscous and Coulomb friction consistently exhibited the
highest error, followed by the model employing a polyno-
mial friction model. The proposed approach, which involves
separate identification of friction parameters, consistently
outperformed the standard identificationmethod, even before
the final optimization step. Furthermore, Fig. 15 reveals that
the reduction in torque prediction error achieved by the pro-
posed identification approach is more pronounced for joints
1 and 2, while being less evident for joints 3 and 4.

5.4.2 Validation Using Model-based Control

The tracking errors of the non-model-based andmodel-based
controller, the latter employing identified dynamic parame-
ters, were measured and compared for an end-effector helix
trajectory at 300mm/s. Figure 16 illustrates the tracking
error for both control modes, demonstrating the significant
improvement achieved through accurate dynamic parameter
identification. While the non-model-based PLC controller
operating in position mode exhibits a substantial tracking
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Fig. 9 Comparison between measured τmeas torques and predicted
torques for the optimized Fourier series trajectory, using four different
identification methods: standard identification method considering vis-
cous and Coulomb friction (τpred,CV ), standard identification method

considering a third-order friction model (τpred,T O ), identification
method with a separate step for friction and gravity (τpred,FS), iden-
tification method with a separate step for friction and gravity and
subsequent optimization (τ ∗

pred,FS)
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Fig. 10 Comparison between
measured τmeas torques and
predicted torques for the spline
trajectory, using four different
identification methods: standard
identification method
considering Coulomb and
viscous friction (τpred,CV ),
standard identification method
considering a third-order friction
model (τpred,T O ), identification
method with a separate step for
friction and gravity (τpred,FS),
identification method with a
separate step for friction and
gravity and subsequent
optimization (τ ∗

pred,FS)
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Fig. 11 Comparison between
measured τmeas torques and
predicted torques for the circular
trajectory, using four different
identification methods: standard
identification method
considering Coulomb and
viscous friction (τpred,CV ),
standard identification method
considering a third-order friction
model (τpred,T O ), identification
method with a separate step for
friction and gravity (τpred,FS),
identification method with a
separate step for friction and
gravity and subsequent
optimization (τ ∗

pred,FS)

123



96 Page 20 of 28 Journal of Intelligent & Robotic Systems (2025) 111 :96

Fig. 12 Comparison between
measured τmeas torques and
predicted torques for the square
trajectory, using four different
identification methods: standard
identification method
considering Coulomb and
viscous friction (τpred,CV ),
standard identification method
considering a third-order friction
model (τpred,T O ), identification
method with a separate step for
friction and gravity (τpred,FS),
identification method with a
separate step for friction and
gravity and subsequent
optimization (τ ∗

pred,FS)
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Fig. 13 Comparison between
measured τmeas torques and
predicted torques for the linear
trajectory along x , using four
different identification methods:
standard identification method
considering Coulomb and
viscous friction (τpred,CV ),
standard identification method
considering a third-order friction
model (τpred,T O ), identification
method with a separate step for
friction and gravity (τpred,FS),
identification method with a
separate step for friction and
gravity and subsequent
optimization (τ ∗

pred,FS)
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Fig. 14 Comparison between
measured τmeas torques and
predicted torques for the linear
trajectory along y, using four
different identification methods:
standard identification method
considering Coulomb and
viscous friction (τpred,CV ),
standard identification method
considering a third-order friction
model (τpred,T O ), identification
method with a separate step for
friction and gravity (τpred,FS),
identification method with a
separate step for friction and
gravity and subsequent
optimization (τ ∗

pred,FS)
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Fig. 15 Root mean square error (RMSE) of the predicted torque on
the four joints of the SCARA robot for different trajectories using four
different identification methods: standard identification method consid-
ering viscous and Coulomb friction (τpred,CV ), standard identification

method considering a third-order friction model (τpred,T O ), identifi-
cation method with a separate step for friction and gravity (τpred,FS),
identification method with a separate step for friction and gravity and
subsequent optimization (τ ∗

pred,FS)

error, especially for joint 3 (due to the absence of feedfor-
ward and gravity compensation), the model-based controller
achieves a markedly improved tracking performance across
all joints. Usingmodel-based control, theRMS tracking error
was reduced by approximately 90% for joints 1 and 2, by 83%
for joint 3, and by 95% for joint 4.

6 Discussion

Theprimaryobjective of this studywas to investigatewhether
separately identifying friction in industrial robots improves
dynamic parameter identification and torque prediction accu-
racy. Our results demonstrate that separately identifying
friction for each joint yields superior torque prediction com-
pared to standard identification approaches where friction
and inertial parameters are estimated together.

By separately identifying the friction torque acting on each
joint, we were able to observe its behavior at low velocities,
assessing the presence of Stribeck friction and the veloc-
ity threshold for commutation between positive and negative
torque values. This enabled us to determine the most suit-

able friction model to fit the experimental data. We observed
distinct friction torque characteristics for different joints,
highlighting the potential inaccuracies of a priori friction
model selection. Subsequently, we identified the dynamic
coefficients through pseudoinversion, employing an opti-
mized trajectory and recording joint positions and torques.
While this approach effectively isolates friction within a spe-
cific velocity range, it may not fully capture the behavior of
joints operating beyond this range. To address this limita-
tion, a final nonlinear optimization step was incorporated to
refine the coefficient estimates. Our results demonstrate that
the separate identification of nonlinear friction significantly
outperforms the standard identification procedure, even prior
to the final optimization stage. Our experiments revealed
that the inertial coefficients could be accurately identified
even with the standard identification procedure and simpli-
fied friction models. This suggests that simplified friction
models may not substantially impact the estimation of iner-
tial parameters, as evidenced by the close similarity to values
obtained using our proposed approach. Consequently, the
observed differences in the quality of the identified dynamic
model can be attributed to the accuracy of the friction model.
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Fig. 16 Tracking error of the four joints using a non-model-based controller (standard decentralized PID) or using a model-based controller
(feedback linearization) employing the identified parameters when the end-effector is performing an helix trajectory

Furthermore, our results indicate that employing a friction
model incorporating the sign function can lead to chattering
near zero velocity. While this may not pose significant issues
for certain applications like trajectory planning, it can be
detrimental when using the robot dynamic model for model-
based control. Our proposed friction model exhibits smooth
commutation between positive and negative velocity values,
mitigating this problem. A secondary objective of this work
was to assess the influence of the ball screw spline coupling
joint 3 and joint 4 on the robot dynamics, particularly in com-
parison to the ideal case of a prismatic and revolute joint.
Our findings suggest that the ball screw spline does not sig-
nificantly impact the dynamics in the absence of payload.
However, when a payload is applied, its influence extends
beyond joint 3, affecting joint 4 as well.

Compared to previous studies [19–23], our approach uti-
lizes a more sophisticated nonlinear friction model, leading
to a more accurate description of friction behavior. Our find-
ings align with those reported in [7, 24, 26, 50], supporting
the feasibility of separate identification of friction and iner-
tial parameters. However, our method distinguishes itself
by employing an experimentally-based friction model and a
non-iterative identificationprocedure.Additionally,we avoid
the use of the sign function in the friction model, which can
lead to discontinuities at low velocities.

The implications of this work are significant. A precise
dynamic model, enabled by accurate friction modeling, can

improve the performance of various robotic applications,
including trajectory planning, control, and simulation. In
addition, having a separate step for friction identification
allows to repeat this stepwhen environmental conditions such
as lubrication or temperature change, without the need for a
complete re-identification.

7 Conclusion

This paper presents a comprehensive approach to dynamic
modeling and parameter identification for SCARA robots,
focusing on accurate friction modeling and the impact of
ball screw spline coupling. The proposed two-step iden-
tification procedure, which involves separate identification
of friction and inertial parameters, yields superior results
compared to standard methods. The accurate modeling of
friction, particularly at low velocities, and the considera-
tion of ball screw spline coupling contribute to improved
torque prediction and control performance. The experimen-
tal results validate the effectiveness of the proposed approach,
demonstrating significant improvements in torque predic-
tion accuracy and tracking performance. These findings
have important implications for various robotic applications,
including trajectory planning, control, and simulation. Future
research directions may involve investigating the impact
of environmental factors, such as temperature and lubri-
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cation, on friction behavior, and exploring more advanced
friction models to further enhance the accuracy of dynamic
modeling.

Appendix A Dynamic Model of a SCARA
Robot and its Linear Parametrization

The dynamic model of the SCARA robot is derived here
under the following assumptions: the center of themass of the
first and second link lies on the y axis of the corresponding
DH frame, therefore c1y = 0 and c2y = 0; the screw, by
construction, has its center of mass on its revolute axis (axis
z3), therefore c3x = c3y = 0; when no payload is attached,
c4x = c4y = c4z = m4 = 0.The computationof the dynamic
model can be performed in symbolic form by means of the
moving frames algorithm [13], which yields:

⎡
⎢⎢⎣
m11 m12 0 m14

m21 m22 0 m24

0 0 m33 0
m41 m42 0 m44

⎤
⎥⎥⎦

⎡
⎢⎢⎣
q̈1
q̈2
q̈3
q̈4

⎤
⎥⎥⎦ +

⎡
⎢⎢⎣
c11
c21
0
0

⎤
⎥⎥⎦ +

⎡
⎢⎢⎣

0
0
g31
0

⎤
⎥⎥⎦ =

⎡
⎢⎢⎣

τ1
τ2
τ3
τ4

⎤
⎥⎥⎦ ,

(A1)

where:

m11= I1,zz+ I2,zz + I3,zz + I4,zz + a21(m2 + m3) + a22m3 + c22xm3

+ 2a1 cos(q2)(c2xm2 + a2m3) + Im1,eq (A2)
m12 = m21 = I2,zz + I3,zz + I4,zz + c2xm2(c2x + a1 cos(q2))

+ a2m3(a2 + a1 cos(q2)) (A3)
m14 = m41 = m24 = m42 = −I4,zz (A4)

m22 = I2,zz + I3,zz + I4,zz + c22xm2 + a22m3 + Im2,eq (A5)
m33 = m3 + Im3,eq (A6)
m44 = I4,zz + Im4,eq (A7)

c11 = −a1 sin(q2)(a2m3 + c2xm2)(2q̇1q̇2 + q̇22 ) (A8)
c21 = q̇1a1 sin(q2)(a2m3 + c2xm2) (A9)
g31 = −g0m3. (A10)

The robot dynamic parameters do not appear linearly in the
link dynamic parameters: in particular, the term c2x appear
squared in Eqs. A2, A3 andA5.However, the dynamicmodel
can be rewritten in the standard dynamic parameters as fol-
lows:

m11= J1,zz+ J2,zz+ J3,zz + J4,zz + a21(m2 + m3) + a22m3

+ 2a1 cos(q2)(c2xm2 + a2m3) + Im1,eq (A11)

m12=m21= J2,zz+ J3,zz+ J4,zz + a2m3(a2 + a1 cos(q2))

+ a1m2c2x cos(q2) (A12)

m14 = m41 = m24 = m42 = −J4,zz (A13)

m22 = J2,zz + J3,zz + J4,zz + a22m3 + Im2,eq (A14)

m33 = m3 + Im3,eq (A15)

m44 = J4,zz + Im4,eq (A16)

c11 = −a1 sin(q2)(a2m3 + c2xm2)(2q̇1q̇2 + q̇22 ) (A17)

c21 = q̇1a1 sin(q2)(a2m3 + c2xm2) (A18)

g31 = −g0m3. (A19)

The standard dynamic parameters all appear linearly in the
manipulator’s dynamic model. Before proceeding with the
identification, it is necessary to identify the set of non redun-
dant dynamic coefficients. For the SCARA manipulator,
employing the approach proposed in [56], the following 8
dynamic coefficients are determined:

π R =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

m2a21 + Im1,eq + J1,zz
m2c2x

J2,zz + J3,zz
Im2,eq

m3

Im3,eq

J4,zz
Im4,eq

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (A20)

The corresponding full-rank regressor matrix YR(q, q̇, q̈)

can be written as:

YR(q, q̇, q̈) =

⎡
⎢⎢⎣
Y11 Y12 Y13 0 Y15 0 Y17 0
0 Y22 Y23 Y24 Y25 0 Y27 0
0 0 0 0 Y35 Y36 0 0
0 0 0 0 0 0 Y47 Y48

⎤
⎥⎥⎦ ,

(A21)

where:

Y11 = q̈1 (A22)

Y12 = −a1(sin(q2)(q̇
2
2 + 2q̇1q̇2) − cos(q2)(2q̈1 + q̈2))

(A23)

Y13 = Y23 = q̈1 + q̈2 (A24)

Y15 = −a1a2(sin(q2)(q̇
2
2 + 2q̇1q̇2) − cos(q2)(2q̈1 + q̈2))

(A25)

Y17 = Y27 = Y47 = q̈1 + q̈2 − q̈4 (A26)

Y22 = a1(sin(q2)q̇
2
1 + cos(q2)q̈1) (A27)

Y24 = q̈2 (A28)

Y25 = a22 q̈2 + a2q̈1(a2 + a1 cos(q2)) + a1a2q̇
2
1 sin(q2)

(A29)

Y35 = q̈3 − g0 (A30)

Y36 = q̈3 (A31)

Y48 = q̈4. (A32)
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