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Abstract—This paper presents a novel approach for identifying
the dynamic parameters of a 6 DoF serial manipulator charac-
terized by coupling and springs, which is a common mechanics
for industrial robots. The proposed method consists of two steps:
at first, a static identification process for estimating the masses
and centers of gravity (CoGs) of the links is performed; then, a
dynamic identification process for determining the inertias, motor
inertias, and frictions is executed. In the dynamic identification
process, a trajectory is used to generate the required dynamic
response of the system, and a regression matrix is employed
to combine the identified parameters. Finally, a constrained
optimization method is utilized to extract the parameters. The
proposed method has been validated through simulations and
experiments, showing high accuracy and reliability. This research
contributes to the advancement of robot modeling and control,
and has potential applications in various industrial fields.

Index Terms—dynamic parameter identification, serial manip-
ulator, constrained optimization, industrial robots

I. INTRODUCTION

Robotic manipulators are widely used across various in-
dustries, including manufacturing, healthcare, and automation.
Accurate dynamic modeling and parameter identification are
essential for effective simulation, control, and teleoperation
of these systems [1]. However, obtaining reliable dynamic
parameters is challenging due to factors such as system
noise, unmodeled dynamics, and limited manufacturer data
[2]. This paper addresses these challenges by presenting a
novel approach for dynamic parameter identification in a
robotic manipulator characterized by coupled joints and load-
assisting springs. Our approach integrates static and dynamic
trajectories with constrained optimization methods to improve
parameter estimation accuracy.

Typically, the process of identifying a robot involves several
key steps: creating a model, planning experiments, gathering
data, processing signals, estimating parameters, and confirm-
ing the model’s accuracy [3]. For the initial step, one must
decide between two modeling options.
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The first option is the Euler-Lagrange (E-L) robotic model,
which has garnered considerable attention from numerous
researchers. For instance, Gaz et al. [4] employed this model
to extract feasible parameters using penalty-based optimization
methods. Similarly, Jubien et al. [5] used the E-L model to
compare the actual and confidential parameters of a Kuka
robot, and Liu et al. [6] applied it to enhance the identification
method for redundant manipulators.

The second option is the Newton-Euler (NE) model, chosen
by Atkeson et al. [7] for estimating the inertial parameters
of robot links, and also by this research. The preference for
the NE model is due to its iterative nature, which facilitates
fast computation, especially beneficial when dealing with
complex manipulators. Additionally, this method simplifies the
formulation of the regression matrix, which is crucial for the
identification phase.

The literature presents a crucial distinction in the methods
used for parameter identification, showcasing a diverse range
of estimation techniques [8]. Traditional least-squares methods
are a popular choice, as demonstrated by Gautier et al. [9],
who employed both direct and inverse dynamic identification
models to derive parameters from torques, and by Jia et al.
[10], who refined these methods using proprioception data.
The Inverse Dynamic Identification Model with Least-Squares
(IDIM-OLS) [11] and its variants, including the Weighted
Least-Squares (IDIM-WLS) and Total Least-Squares (IDIM-
TLS) methods [12], while effective, encounter challenges
such as noise sensitivity and dependency on the trajectory’s
conditioning, as shown in [13] and [14]. These issues can lead
to biased estimates, including negative masses. Alternative
approaches have been investigated, such as the integration of
the cuckoo search algorithm with the least-squares method
by Ding et al. [15] for dynamic parameter estimation, and
the application of Lie theory-based identification by Fu et al.
[16] to formulate the dynamic model as a closed-form ma-

Copyright notice: 979-8-3503-7636-4/24/$31.00 ©2024 IEEE



trix equation. Recent developments suggest using constrained
optimization to ensure physical consistency in parameter es-
timates, with some approaches reformulating identification as
a Semi-Definite Programming problem as illustrated in [17],
[18], [19] and [20]. Although Deep Neural Networks have
been explored for dynamics learning, as in the study by Su
et al. [21], this work prioritizes approaches that offer a more
transparent link between parameters and robot dynamics.

The existing literature on dynamic parameter identification
of robotic manipulators focuses on industrial robots with
uncoupled joints and no additional components like springs
[3]. In contrast, our work examines robots with coupled joints
and springs, adding complexity to the dynamic identification
challenge. Springs introduce external forces converted into
torques on the robot’s joints, influenced by the robot’s position
and requiring accurate accounting during identification. Joint
coupling further complicates the structure, such as using a
closed-kinematic chain to redistribute the robot’s weight [22].

Identifying dynamic coefficients typically suffices for robot
control and simulation tasks. However, deriving practical nu-
merical values for the original dynamic parameters is crucial
for dynamic simulations in CAD-based systems like Cop-
peliaSim [23], where users must input specific dynamic pa-
rameters for each link, and for model-based control strategies
relying on the recursive Newton-Euler algorithm [24], which
require knowledge of each link’s dynamic parameters. Gaz et
al. [25] addressed this issue by finding a full set of parameters
using nonlinear optimization methods.

We selected the least-squares approach for its simplicity,
interpretability, and computational efficiency, and developed a
novel regression matrix that effectively captures the dynamics
of manipulators with coupled joints and springs. By integrating
the Newton-Euler method with least-squares-based parameter
identification, our methodology employs a two-step process
involving static and dynamic trajectories to estimate dynamic
parameters such as masses, centers of gravity (CoG) positions,
inertias, motor inertias, and friction coefficients. However, the
resulting system of equations is under-determined, leading to
infinite solutions. To address this issue, an optimization phase
is introduced to identify the optimal set of parameters and
minimize errors. Considering the nonlinear nature of the prob-
lem, we further impose constraints on the parameters and link
masses to eliminate infeasible solutions and ensure physical
relevance. Springs are modeled based on the robot’s position
to introduce additional torque accurately. The influence of
coupled joints is integrated into the analysis, recalibrating
torques to ensure a refined parameter identification process.

Our method starts with multiple static poses to estimate
link masses and CoG positions, laying the groundwork for
dynamic parameter estimation. The second phase involves
dynamic trajectories to determine inertias, motor inertias, and
friction coefficients.

This paper demonstrates the effectiveness of the proposed
methodology in accurately identifying the dynamic parameters
of robotic manipulators with coupled joints and springs, en-
hancing the accuracy of dynamic models for real-time control

and simulation.
The contributions of this paper are as follows:

¢ Introduction of a new methodology for identifying dy-
namic parameters in robotic manipulators with coupled
joints and springs, employing a combination of the
Newton-Euler model, static and dynamic trajectories, and
constrained optimization.

o Addressing a research gap by focusing on a complex and
under-studied category of robotic manipulators, and pre-
senting results that validate the approach’s effectiveness.

o Experimental validation using the Gaiotto GA-OL robot
to demonstrate the proposed methodology’s applicability
in real-world scenarios.

The remainder of this paper is organized as follows: Section
Il presents the theoretical foundations of the proposed ap-
proach, covering static and dynamic identification along with
optimization techniques. Section III provides the experimental
validation, including a description of the robot, an ideal case
study in MATLAB, and the results using the real robot. Finally,
Section IV concludes the paper and outlines potential future
research directions.

II. METHODOLOGY

The proposed method exploits the Least Squares (LS)
method [26] to identify parameters for a 6-DOF industrial
serial manipulator. Grounded in Newton-Euler equations, our
methodology comprises two phases, depicted in Fig. 1:

o Static Identification: Utilizes the robot’s static configu-
ration to ascertain arm masses and centers of gravity
(CoGs).

e Dynamic Identification: Aims to identify motion-related
parameters, including inertia and friction.

Data for both phases are collected from experiments and sim-
ulations. All identified parameters undergo validation against
benchmarks. The identification phase results in a system of
equations that intertwines the identifiable parameters. This
complexity makes isolating individual parameter values chal-
lenging without further analysis. Thus, an under-determined
system emerges, necessitating additional steps for resolution.
Consequently, an optimization phase was introduced to pin-
point the parameter set that most accurately represents the
system model.

A. Robot Information

The method presented herein aims to identify the dynamic
parameters of serial manipulators that are characterized by
specific features, including load springs and mechanical cou-
plings. These distinctive features necessitate a meticulous and
precise parameter identification process to accurately charac-
terize the dynamics of the manipulator.

To achieve this, we first articulate the dynamic parameters
in symbolic form. For the purpose of identification, vectors of
dynamic parameters are established, denoted as 7,, € RP=*!
for static identification and 7y, € RP<*! for dynamic iden-
tification. Here, ¢ specifies the link number, while ps and pg
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Fig. 1: Parameter Identification Workflow. It explains the general design and depicts the most important steps of the procedure.

represent the number of unknown parameters for each joint
during the static and dynamic identification, respectively.

Ts; = [miamilimmiliyvmiliz]T (D)

Td;, = [Iia::ry I’pr IiZZ7 Iina Iizz7 IiyZ7 Imiy Fsi7 F’ui]T (2)

Where m; € R represents the mass, (I;5, l;y, l;.) the three
components of the CoG, (Jizz, Liyys Lizz Linys Lizz, Liy-) the
tensor inertia components of the i-th link; meanwhile I,,,; € R
represents the motor inertia, Fy; € R the static friction and
F,; € R the viscous friction of the i-th joint.

B. Parameter Static Identification

1) Computation of the regression matrix: In order to
identify the dynamic parameters, we exploited the Newton-
Euler model. The algorithm involves a forward recursion,
starting from the base frame and proceeding to the end-
effector, and a backward recursion, starting from the end-
effector and proceeding to the base. Once the forward recur-
sion values are computed, the backward recursion is executed
with modifications from the standard algorithm. Specifically,
we aim to obtain the regression matrix Y € R"*"Ps (where
n is the number of the manipulator’s degrees of freedom),
which, when multiplied by the vector of dynamic parameters
Ts,,, € R¥Ps*1 yields the joint torque vector 7 € R™. Here,
Ts,,. 1S an aggregation of all the vectors mg; € RP+, each
corresponding to an individual joint/link.

T =Y(q,4,G)Ts,,, 3)

In order to find the regression matrix, the following steps
are performed:

o The expressions for force f; € R® and moment u; €

R3*! are combined into a single column vector 7; € RS:

vi=fi i ]T = Dit17viv1 + T “4)

Where ;11 € RS groups the parameters of force and
moment which depend on the value at the next, while
I'; € R? contains the remaining parameters. The matrix

D;y1 € RY%C is a pseudo-rotation matrix that contains
the multiplicative factors and is defined as:

: 0
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Di+1 =

where the operator S(-) represents the skew-symmetric
matrix, R!, | € R**? is the rotational matrix between the
link i 4+ 1 and 4, and 7}_, ; € R® represents the distance
between the i — th and the (i — 1) — th reference systems
(RFs).

The actuated torque on each joint can be expressed in
terms of ~;, starting from the definition of torque in the

Newton-Euler equations:

Ti = [ 0 ( 2_1)'1“20 ] |: le :| (6)
K
Where Zy € R? is the z-axis coordinates of the first RF.
The vector that applies this transformation is called the
transformation vector:

Tri=[0 (R_)"% ] @)

The vector v; is composed of two components, D; 1741,
which is a function of the dynamic parameters, and I';.
I'; needs to be expressed as a function of the vector 7g;.
To perform this operation, I'; is decomposed into the
product of a matrix K; € R%*Ps, which is a function
of the kinematic quantities calculated with Newton-Euler
equations, and the vector mg;:

[ Km Kas m
F1 = Kl’f('sz = |: Ki21 Ki22 :| |: miF;,Ci :| (8)

Where 7} ., € R? is the distance between the i —th CoG
and the i — th RF. All the values of K;;; € R can be
defined to compose the matrix K; for each link:

B0 ]
S, DB —S(P)

i—1,i

K; = [ 9



Where P; € R? represent the linear acceleration of the
joint 7. Based on these calculations, the vector v; can be
rewritten as:

Vi = Dit1vi41 + Kims; (10)

o Upon computing all the D;;; and K; matrices, we pro-
ceed to formulate the composite matrix K, € REX7Ps
which incorporates all of them. K3,; will then be used to

compute the column vector 7;,; € RS™*! that group all
7y; vectors.
Ytot = Ktotﬂ'swt (11)
Where:
K, DK, D{Kg
0 K> DiKs
Ko=| . . . (12)
0 0 . Kg
And: _
D =D;11Diya...D; (13)

In the computational implementation, all individual T'r; €
RS> matrices are computed and then incorporated into
the diagonal of the Tr;,; € R®™X™ matrix. To obtain
the output matrix Y, the transformation matrix 77, is
multiplied by the matrix K.

Ultimately, the output matrix Y can be represented as:

Y =Triot Kot (14)

2) Reduction of the regression matrix: The regression ma-
trix lacks full rank due to zero-norm columns and linear
dependencies. Dynamic parameters fall into three categories:

« Non-Identifiable: Negligible effect on manipulator dy-
namics.

o Linear Combinations: Dependent on other parameters.

« Singularly Identifiable: Independently identifiable.

A multi-step procedure refines the matrix and discriminates
between parameter types.

1) Initialization: N > 10 sets of positions g(k) € R",
velocities ¢(k) € R™, and accelerations ¢(k) € R™ are
selected.

2) Total Regression Matrix: Yy, € RN X"Ps is formed by
concatenating individual matrices corresponding to the
N sets. Each i — th column is denoted as f.; € R™V:

Y(q(t1),q(t1),G(t1))
Y (q(t2),q(t2),G(t2))

Y(q(tn),4(tn), 4(tn))

3) Rank: The rank of Y;,; defines the dimension of the
minimum parameter vector.

4) Non-Identifiables: Columns with zero norm are re-
moved.

5) Identifiability: The ¢ — th column of the Y;,; matrix is
removed, and the rank of the new matrix is computed.

5)

1/tot =

If the rank is reduced, the ¢ —th parameter is considered
singularly identifiable, and its corresponding column in
Y;o: 1s added to a new matrix Y;gen:.

6) Linear Combination: If a linearly combined parameter
corresponding to the current parameter already exists in
the minimum parameter vector, then it is not included;
otherwise, it is added, and its corresponding column is
included in Ygen:.

7) Coefficients: Coefficients o; € R are computed for
previously excluded parameters

Q= (Y;gent}/;de7lt)y;§entfci

where f.; is the ¢ — th column of Y}, corresponding to
the considered parameter.

8) Minimal Parameter Vector: The minimum identifiable
parameter vector 7,,;, is obtained by adding the product
of the coefficients «; and the excluded parameters (from
step 5) that were inserted into m. to the identifiable
parameter vector m;gen¢:

(16)

len(me)

Tmin = Tident + Z aiﬂ-e(i)

i=1

A7)

3) Parameter Identification: In this phase, the minimum
parameter vector’s elements are identified, usually comprising
linear combinations of multiple dynamic parameters. Datasets
of joint positions ¢ € R", velocities ¢ € R", accelerations
g € R™, and motor torques T,,,: € R™ are loaded. Torques
are mapped back to joints via the mechanical coupling matrix.
The regression matrix is numerically evaluated, resulting in
Aot of dimensions (N x n) x (length(mpmin)), a numerical
estimate of Y;.¢. Aso is formed by stacking evaluations of the
reduced matrix A, using values from the N static poses:

A(q(tl)v (Ktl)v q(tl))

A(q(ta), 4(t2), q(t2))
) (18)

tot =

A(q(tn), 4(tn), G(tn))

The process of parameter identification inherently involves
the resolution of the following linear equation system:

7(t1)

7(t2)

= Atothin (19)

Ttot =

7(tw)

Where I1,,,;, represents the numerical evaluation of the sym-
bolic vector m,,in.

To solve for the minimum parameters, the matrix Ay, is
pseudo-inverted using the following formula:

T —1 4T
Hmin = (AtotAtot) AtotTtot (20)

Through this mathematical manipulation, one derives the
vector encapsulating the estimated minimal dynamic parame-

ters.



C. Parameter Static Optimization

Minimal parameters often represent linear combinations of
actual dynamic parameters. The under-determined system thus
necessitates global optimization techniques.

An optimization algorithm typically involves defining an
objective function, constraints, and bounds, mathematically

expressed as:
{ min f(x)

st.g(x) =0 @D

Here, f(x) represents the objective function, and g(x) signifies
the constraint function.

This method optimizes relevant parameters under set con-
straints, offering a robust solution to parameter identification.
Single-variable equations were removed, as they don’t require
optimization. The right-hand terms were shifted to the left,
resulting in:

ar+b=c—ar+b—c=0 (22)

These terms formed a vector eqs,;. The objective function
for static optimization was:

f(z) = eqsoreql, (23)

This setup minimizes the square of the terms, aiming for
accurate and low-error solutions.

The parameters obtained from the static identification are
finally grouped inside the vector II;.

D. Parameter Dynamic Identification

In dynamic identification, remaining parameters dependent
on joint velocities and accelerations are ascertained through
operational trajectories. Target parameters include motor in-
ertias Im;, inertia tensor elements, and frictions F, F,. The
friction model is both simple and effective, consisting of a
viscous term proportional to the joint velocity and a static
(Coulomb) component. This static part has a constant absolute
value and depends on the direction of the joint velocity. [27]

The methodology resembles that of static identification, but
with modifications. Kinematic and dynamic data are included
in the regression matrix for parameter estimation. The focus
is on parameters like motor inertia and frictions, requiring
tailored optimization techniques.

1) Computing of the regression matrix: Typically, joint
torques are calculated using:

T =K, Tmot — K',Q-Imij (24)

Where K, € R" "™ is the transmission ratio matrix and
I,, € R3*3 the diagonal matrix of motor inertias. The first
term indicates motor-to-joint torque, the second accounts for
resistant torque due to motor inertia.

Lacking motor inertias, a pseudo-joint torque 7* € R" is
used:
(25)

*
T = KrTmot

This 7* also accounts for resistant torques. The equation
becomes:

*

T =Y"(¢, ¢, §)7a,.. (26)

Motor inertias are treated as unknown dynamic parameters in
Tdyor -

The matrix I'; is defined through the sum of two terms,
similar to the static case. The first is K;74,, and the second
is a constant C; € R%*Ps, dependent on previously identified
dynamic parameters.

j/
Jitl m;

Ti = Kimg, +Cyme, = Ki | 'm0 | +Ci [ mif c, ] 7
Fv

I ;,j L F,, and F, denote motor inertia and friction coefficients.
The vector I’ represents inertia tensor terms, transformed via
a Huygens-Steiner transformation:

fii = IZ? + miST(Tf,ci)S(Tf,m) (28)

The creation of the regression matrix K, follows the
same steps as previously outlined, and a similar approach is
used for C;, treated as another regression matrix. The overall
expression becomes:

Vot = KiotTd, o, + CrotTs,o: (29)

Yiot is then obtained as the sum of these transformed regres-
sion matrices:

Yiot = T7tot(KtotTa,,, + CtotTs,,,) (30)

Components related to friction and motor inertia are integrated
into T'ry ot Kiot, finally obtaining the regression matrix Y *.

2) Parameter Identification: The procedures for regression
matrix reduction and parameter identification are consistent
with the static case.

Only Kj,;’s regression matrix is reduced; C},; remains con-
stant. In parameter identification, the mapped motor torques
yield joint torques incorporating inertial resistant torques.
Additionally, C},; becomes fully defined when joint kinematic
parameters are substituted, and is treated as a subtractive term
in the total torque:

Teot = AtotIlmin + Crolls 3D

Consequently:

Min = (Ao Avor) " ALy (Teot — CrorIly) (32)

ITII. EXPERIMENTAL VALIDATION

The proposed methodology has been experimentally vali-
dated using the Gaiotto GA-OL robot', as shown in Fig.2.
This 6-DOF industrial serial manipulator features two springs
positioned between the first and third joints to enhance its load
handling capabilities, a detail depicted in Fig.3. Additionally,
it includes mechanical couplings between the second and third
joints (shown in the diagram in Fig.3), and between the fourth
and fifth joints (using a bevel pair). These couplings result in
a non-diagonal gear reduction matrix.

' www.gaiotto.com
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Fig. 2: The Gaiotto GA-OL diagram illustrates the positioning
of joints and highlights the coupling between joints 2 and
3 through a closed-kinematic chain (Joint 2a and 3a). The
coupling between Joints 4 and 5 (a bevel pair) and

Springs are not depicted in this diagram.

Joint 3
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Joint 2
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Fig. 3: The Gaiotto GA-OL Spring Layout details the place-
ment of springs within the robot’s structure, specifically be-
tween joints 1 and 3. These springs extend as joint 2 moves,
exerting torque along joint 2.

A. Ideal Case Study

Three different MATLAB models of an ideal manipula-
tor were generated to validate the code, using parameters
similar to those of the Gaiotto GA-OL robot. The unknown
dynamic parameters were derived from the manipulator’s CAD
drawings. The three idealized models evaluated include: 1)
a basic serial manipulator, ii) a serial manipulator equipped
with mechanical couplings, and iii) a serial manipulator that
incorporates both mechanical couplings and compensation
springs.

In the static identification phase, we used a dataset consist-
ing of around 1600 points arranged in a 3D grid, covering most
of the robot’s workspace. This comprehensive dataset allowed
us to thoroughly analyze the spatial distribution of joint
torques. Utilizing the methods outlined in previous chapters,
static identification and optimization processes were applied to

Static Identification Static Optimization
MSE SDE MSE SDE
Link 1 | 5.08¢-33 | 7.00e-15 || Link 1 | 5.08e-33 | 7.00e-17
Link 2 | 1.41e-04 | 1.19e-02 || Link 2 | 1.64e-04 | 1.19e-02
Link 3 | 6.66e-04 | 2.58e-02 || Link 3 | 6.82e-04 | 2.58e-02
Link 4 | 2.09¢-05 | 4.56e-03 || Link 4 | 2.93e-05 | 4.56e-03
Link 5 | 6.02¢-05 | 7.75¢-03 || Link 5 | 6.02e-05 | 7.75e-03
Link 6 | 1.43e-11 | 3.77e-06 || Link 6 | 1.36e-10 | 8.18e-06

TABLE I: Static identification and optimization results of
the Ideal MATLAB Model. MSE: Mean Square Error, SDE:
Standard Deviation of Error

these ideal models. Data sets were generated using the actual
joint positions at rest, which then informed the computing of
joint torques for the specific poses imposed on the models.

Table I presents the validation results for the static iden-
tification and optimization of the third model, incorporating
an added noise of 5% of the torque range to reflect its
idealized nature. These results were obtained by comparing
the torques measured on the ideal robot model in various poses
to those inferred by the static identification model in the same
positions. The low Mean Squared Error (MSE) values indicate
a high precision level in the identification process.

Regarding the dynamic identification phase, to create a
coherent data set for the ideal robot, data on real-time joint
position, velocity, and acceleration were utilized. The dataset
was constructed from seven distinct trajectories, each consist-
ing of approximately 70,000 samples at varying speeds, to
extensively cover the robot’s workspace. Similar to the static
case, this data informed the recalculation of torques for the
imposed trajectories.

In Fig.4, the measured and predicted joint torques for the
six joints during the model validation phase are presented.
The identification process demonstrates a close match between
the actual and predicted data, accurately reflecting the robot’s
behavior. However, the validation phase leads to an under-
determined system of equations without a single definitive
solution. Consequently, the optimization phase seeks to at
least match the results of the identification phase, without
necessarily improving the model’s accuracy.

B. Gaiotto GA-OL Static Identification

The static identification procedure yields the previously
mentioned under-determined system of equations for the actual
manipulator. To validate these parameters, the torques mea-
sured on the robot’s motors were compared to those predicted
by the derived system. The outcomes, showcased in Table II,
illustrate the model’s precision through the calculation of the
Mean Squared Error (MSE) and the Standard Deviation of the
errors for each joint.

It is important to note that the optimization phase may
reduce the precision of the inferred parameters. Therefore,
establishing an accurate system of equations during the iden-
tification phase is crucial.

The model accurately predicts most of the joint torques but
shows noticeable inaccuracies for joint 3, likely attributable
to insufficient real-world testing for this joint. Additionally, a
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Static Identification Static Optimization

MSE SDE MSE SDE
Link 1 169.69 12.54 Link 1 169.67 12.54
Link 2 803.85 24.19 Link 2 | 1071.41 | 25.59
Link 3 | 6497.74 | 74.50 || Link 3 | 6821.87 | 74.14
Link 4 15.73 2.89 Link 4 16.89 3.07
Link 5 14.02 3.67 Link 5 14.04 3.73
Link 6 0.53 0.48 Link 6 0.56 0.52

TABLE II: Static identification and optimization results of the
Gaiotto GA-OL. MSE: Mean Square Error, SDE: Standard
Deviation of Error

minor inaccuracy for joint 2 suggests a need for refinement in
the spring model. During the static optimization phase, limits
for individual parameters were established based on CAD
estimates and geometric constraints [25]. The optimization
commenced with initial parameters derived from CAD data,
with results detailed in Table II. The obtained Mean Squared
Error (MSE) reflects the same challenges identified during the
identification phase.

C. Gaiotto GA-OL Dynamic Identification

The dynamic identification phase yielded a comparison
between model-predicted and actual joint torques. Fig. 5a

illustrates the high precision of the model predictions, although
the resulting system of equations for defining the robot’s
dynamic parameters is under-defined. Similar to the static
identification phase, the model accurately predicts most joint
torques but shows inaccuracies for joint 3. To enhance the
results, a deeper analysis of the closed-kinematic nature of
joints 2 and 3, along with the spring model, is necessary. In
the dynamic optimization phase, initial constraints based on
the physical limits were applied to the dynamic parameters.
These constraints were deliberately broad to allow an extensive
algorithmic exploration of the solution space. Before optimiza-
tion, initial parameters were established using CAD estimates
for the links. Unlike in the static case, the dynamic scenario
requires that inertia tensors be positively defined, ensuring that
the inertia matrix is positive-definite, denoted as A(Z;) > 0.
The results of the optimization, shown in 5b, closely align
with the identification results, indicating that the optimization
phase successfully identified the optimal set of parameters
for an accurate representation of the real model’s system of
equations.



D. Models obtained

For future model-based control, two modeling approaches
are considered:

« Newton-Euler Model: Uses Newton-Euler equations with
substituted dynamic parameters from optimization to find
joint torques based on position, velocity, and acceleration.

. . i T7 . T i
= TR 2+ KT Wil E

mTTm Tm

(33)

o Regression Matrix: Utilizes the regression matrix to
recalculate minimum parameters without optimization,
sacrificing individual parameter knowledge but gaining
model precision.

Ttot = Atothin + Ctot]-_-[s (34)

Both cases offer different dynamic parameter sets for
model-based control testing.

IV. CONCLUSIONS

In conclusion, this paper offers a significant contribution to
the field of robotics and automation, particularly for industrial
applications requiring 6-DoF serial manipulators. The authors
introduce a novel, two-step approach for the identification
of dynamic parameters, which is critical for improving the
performance and reliability of these systems. The paper paves
the way for more accurate and efficient manipulators by
addressing the complexities introduced by coupled joints and
load-assisting springs. Future work could build on these results
by conducting a more detailed study of the closed-kinematic
model to more precisely evaluate weight distribution during
the robot’s operation. Additionally, the proposed methodology
could be applied to a wider variety of manipulator configu-
rations, or these algorithms could be integrated into real-time
control systems.
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