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ABSTRACT The primary goal of this project was to develop a general identificationmethod via software that
can be applied to collaborative robots. To achieve this, the collaborative ultralight robots Kinova Gen2 and
Kuka LWR4+ with seven degrees of freedom (M-DOF) were used. Specifically, the ‘‘recursive Newton-
Euler’’ formulation was used to provide a set of parameters that could describe the body structure and
to create a general symbolic representation for collaborative robots. For parameter estimation, the least
squares method was used. In addition, trajectories generated with random numbers typically do not produce
consistent results; thus, verified trajectories were used. To verify trajectories, real robots were simulated
with V-Rep before being executed. When untested trajectories are first tested on robots, undesirable results
may occur. This method was convenient for parameter estimation and robot health; saves time; and increases
the consistency of results. Algorithms were coded in MATLAB and ROS packages via Python. MATLAB,
ROS, and V-Rep worked together in the Ubuntu operating system. The identification methods were modeled,
implemented, tested, and validated successfully, and the results for both robots are reported in this article.

INDEX TERMS Collaborative robot, dynamic modeling, identification model, rigid body.

I. INTRODUCTION
A typical collaborative robot is a highly nonlinear multi-
degree-of-freedom (M-DOF) rigid body mechanical system.
Symbolic representations are included in the dynamic model
calculated within the common configuration space. The
model also includes multiple control inputs that are generated
by the actuators included in the dynamic model. This type of
model can be used to plan and control movement efficiently.
Model-based control approaches, in particular, make it pos-
sible to improve the performance of the collaborative robot
in terms of precision while also increasing the task execution
speed [1].

The design and implementation of control algorithms
necessitate an understanding of robot dynamics. It is com-
mon for collaborative robots to have dynamic models
that are not precisely known beforehand. When computer-
aided design (CAD) software is used to approximate some
parameters, collecting real data during robot motion and
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using experimental identification techniques allow for fur-
ther improvement of the robot model and modifying the
robot model to be slightly based on CAD estimate circum-
stances. [2].

According to the relevant literature, identifying dynamic
parameters depends on a few key factors. [3] Initially, the
dynamic model of the manipulator is only a symbolic rep-
resentation of the manipulator and is calculated based on
fundamental parameters, which are also referred to as the
miniature set of dynamic parameters that can be determined.
Also, by ignoring the contribution of specific factors to joint
torques or by taking advantage of specific topological fea-
tures of the manipulator’s construction, the dynamic model
can be made smaller andmore manageable. To obtain the best
possible data collection for the estimated method in a sense
that has not yet been defined, the manipulator trajectory must
be set to an optimal value. It is thus necessary to compute
the recommended values of the dynamic parameters using an
appropriate estimation methodology.

This paper describes the various steps of the proposed
identification procedure in greater detail. The identification
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software was developed via MATLAB and ROS. First, the
symbolic representation is implemented in MATLAB, and
then, the ROS collects the data from the real robot and
is sent to MATLAB. Second, the data were processed in
MATLAB and sent to V-Rep by ROS. This identification
software runs on the Linux/Ubuntu operating system (now
CoppeliaSim) [3]–[5].

The software enables the user to make changes to the
environment to accommodate the robot. For example, the user
may wish to identify all links or only certain links using DH
parameters [6]. Additional extensions (e.g., a grinder, a hand)
may be implemented by the user. For safety, the trajectory is
first tested in the V-Rep simulation before being tested with a
real robot because V-Rep allows the user to execute the robot
in the simulation without harming the real robot and lets the
user see the trajectory if sufficiently excited.

Finally, the procedure is tested experimentally to verify the
simulation results.

A. DESCRIPTION OF ALGORITHM
The identification software has three different algorithm
loops and one analysis step.
• The first loop performs symbolic calculations, where
DH and vector parameters of the robot should be added
to the model.m script by the user and run. The model.m
script runs kinematic.m and dynamic.m, which represent
the kinematics and dynamics of the robot. MATLAB
derives the model of the robot kinematics and dynam-
ics in the symbolic form, and saves the answer as a
regressor .mat . Then, the software gives a notification
that regressor .mat has been successfully created and
asks the user if it allows running the fullregressor .m
script. If no, the loop repeats. If yes, fulllregressor .m
loads regressor .mat and uses an optimization algorithm
to optimize the model of the robot dynamics and saves
the answer as a fullregressor .mat; then, the first loop
ends successfully.

• The second loop plans the trajectory, which executes
the simulation and the real robot regarding the planned
trajectory. The user should create a trajectory in the
trajectory.m script or simulate a trajectory via V-REP
and save the trajectory into the trajectory.m file. V-Rep
provides the user with a chance to see whether the final
trajectory is harmful to the robot’s structure. If the sim-
ulated trajectory appears harmful or does not satisfy the
user, this step must be repeated. Then, the trajectory.m
script is run by the user, and MATLAB sends data to
the ROS and runs the real robot. Real data are col-
lected by the ROS and saved in real time as a .txt file
(e.g., position.txt , velocity.txt). When the execution fin-
ishes, and real data are saved, the software asks the
user to save the .txt file as a .mat file. If no, the loop
ends, which means that the .mat file is not created,
but this part can be done manually later on. If yes,
trajectory.mat is created, which means that the second
loop ends successfully.

• The third loop defines the dynamic parameters. The
parameters.m script identifies relevant parameters, and
the user runs the script, which loads fullregressor .mat
from the first loop and trajectory.mat from the sec-
ond loop. The kinematically and dynamically cre-
ated symbolic robot executes the trajectory and
saves the answers in two different .mat files. First,
fullnumericregressor .mat stores information about the
dynamic parameters, which are not yet categorized or
estimated as identifiable, non-identifiable, and linear
combinations; this estimation and categorization will
be done slightly later. Second, estimatedmotion.mat
stores information about the estimated position, veloc-
ity, acceleration, and torque. Then, the software prints
a notification that fullnumericregressor .mat has been
successfully created and asks the user if to run
identification.m script. If no, the loop repeats. If yes, the
identification.m script loads fullnumericaregressor .mat ,
estimates the parameters using the Least Square method,
and saves the results as parameters.mat . This .mat
file contains information about parameters including Xi
(identifiable parameters), Xni (non-identifiable parame-
ters), and Xlc (linear combinations), and reports them as
output, ending the third loop.

Finally, we analyze the collected and symbolically gener-
ated data. This last part is called the validation model, which
runs the myplot.m script. This script loads the trajectory.mat
and estimatedmotion.mat runs and compares the estimated
and measured motions in addition to reporting information
about the identification of dynamic parameters. The accu-
racy of the comparison between the estimated and measured
motions shows that the identified parameters are correct and
that the validated model performs as expected.

II. MATERIALS AND METHODS
• For the first experiment, a Kinova Gen2 7-DOF
lightweight robot was used [7], [8]. This robot has a
maximum payload of 2.4 kg and a total weight of 5.5 kg.

• For the second experiment, a Kuka LWR4+ lightweight
robot was used [9]. This robot is a 7-DOF lightweight
robot that is similar to the Kinova Gen2, and has a
payload of 7 kg and a total weight of 16 kg.

• Tools and software packages: ROS Melodic Morenia,
Ubuntu 18.04 (Bionic), VREP Release 3.5.0, MATLAB
2015b, Python 3.8.

• Computer features: Intel Core i7 4710MQ CPU
@2.50 GHz, Intel Haswell HM87 Chipset, DDR3
2×8GB(800MHz) Ram, Intel HDGraphics 4600 GPU,
Kingston mS200 120GB M.2 SSD @520MB/s write,
550MB/s read.

• For the identification method, this software was cre-
ated from four different perspectives. First, the sym-
bolic representation was programmed in MATLAB.
Second, V-Rep was used for trajectory simulation and
validation. Then, the validated trajectory was used to

24628 VOLUME 10, 2022



Ö. Ayvaci et al.: Identifying Dynamic Parameters With Novel Software Design for M-DOF Collaborative Robot

execute the trajectory in the real robots. Third, parameter
estimation was used to identify dynamic parameters.
Fourth, we validated the model by comparing the esti-
mated and measured data.

A. MODEL DERIVATION
Wenow review the conditions ofmovement for an open-chain
controller made out of n inflexible connections, which are
obtained using the recursive Newton-Euler formalism [10].
We consider that the Denavit-Hartenberg (DH) [11], [12]
notation is used to identify the frame ith associated with
the relevant link and that the rotation matrix describing the
orientation of frame k with respect to frame j is denoted by
Rjk .With rotating joints, the equations ofmotion for the frame
I connected to the link, with its origin on the axis of the joint
i+ 1, can be composed as follows [13].

We consider the case of an open-chain manipulator com-
posed of rigid links connected by joints and eventually by
rigid gears. Using the recursive Newton-Euler formulation
[10], it is feasible to determine the equations of motion
for a system with a given set of initial conditions. Using
the Denavit-Hartenberg notation [14], you could choose, for
example, the frame I that is linked to the relevant link and
then express the rotation matrix that indicates the orientation
of frame k concerning frame j in Rjk . With rotating joints, it is
necessary to write out the equations of motion for the frame
connected to the first link, which has its origin on the axis of
joint i+ 1, in the following form [13]:

ωii =
(
Ri−1i

)T (
ωi−1i−1 + q̇iz0

)
, (1)

ω̇ii =
(
Ri−1i

)T (
ω̇i−1i−1 + q̇iω̇

i−1
i−1 × z0 + q̈iz0

)
, (2)

v̇ii = (Ri−1i )T
(
v̇i−1i−1 + ω̇

i−1
i−1 × r

i
i−1,i+

+ ωii ×
(
ωii × r

i
i−1,i

))
, (3)

A vector is represented in a certain frame, denoted by the
superscript. If vi is the linear velocity of the frame origin
i, then ωi is the angular frame velocity, and qi is the joint
variable in the preceding equations i,and is the joint variable.
Then, the unique terms for edge i are fulfilled:

f ii = Rii+1f
i+1
i+1 + miv̇

i
i + ω̇

i
i × mir

i
i,ci

+ωii ×
(
ωii × mir

i
i,ci

)
, (4)

µii = Rii+1µ
i+1
i+1 + r

i
i−1,i × f

i
i + mir

i
i,ci × v̇

i
i

+Iiω̇ii + ω
i
i × Iiω

i
i, (5)

τi =
(
Rii−1µ

i
i

)T
z0 + Imot,iq̈i + τf ,i, (6)

where z0 = [0 0 1]T is a unit vector, force applied is the fi
at the frame origin i, momentum applied is the µi connected
to link, and torque applied is the τi connected to link. The
link mass is mi; the vector position is ri−1,i which is from the
center of the body; the center point of mass is i connected to
link i; the vector position ri−1, is from the center of frame

i − 1 to the frame origin i; and the inertia tensor of the
matrix expression is Ii with regard to edge i. With the friction
torque τf ,i and Imot,i being the inertia of the ith actuator at
the joint hub, a few mathematical equations are suggested
in [15] and [16]; this model is used here for identification
purposes:

τf ,i = bs,i sign (q̇i)+ bv,iq̇i, |q̇i| < q̇s,i. (7)

The expression q̇s,i represents a sufficient velocity limit;
the expression bs,i represents static friction, and the expres-
sion bv,i represents viscous friction. Due to the difficulty
inherent to deriving a simple model for static friction, the
friction is considered to be zero if |q̇i| < q̇s,i; this friction
model is linear in bs,i and bv,i. . As shown by [1], [17]–[19]
and [20], the equations of motion are linear in terms of the
dynamic parameters, and thus, we obtain:

τ = P (q, q̇, q̈) γ. (8)

The top triangular matrix is P (q, q̇, q̈), whereas (n× 11n)
is only determined by kinematic variables and γ ∈ Rn is the
dynamic parameter vector for each link, which includes the
following:
• Mass (1 unknown),
• First-order moment (3 unknowns),
• Inertia matrix (6 unknowns),
• Actuator inertia (1 unknown).
The identification software first calculates the origin of

the frames and the center of mass with the scale mul-
tiplied with respect to DH parameters. Setting frames
for each link in the Newton-Euler definition is a smart
method because it frees all length vectors during robot
design.

The irregular shapes of the links in collaborative robots
make it difficult to estimate some identification parameters.
Thus, parameter estimation was the most challenging aspect
of this study. To keep things simple, we modelled the links
as cylinders with a uniform mass density, and each link is a
cylinder in its geometric center, where the center of mass is
located.

R01 =
[
0 R01y 0

]
R12 =

[
0 R02y 0

]
R23 =

[
R23x 0 0

]
R34 =

[
0 R34y 0

]
R45 =

[
0 R45y R45z

]
R56 =

[
0 0 R56z

]
R67 =

[
0 0 R67z

]
(9)

All pivot frameworks can be determined by the results of
essential turns about the z-hub and the x-hub, where these
fundamental revolution matrices are characterized as a rule
structure. In general, rotation matrices may be computed as
combinations of simple rotations around the z-axis and the
x-axis, with the simplest rotation matrices being defined as
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follows [21]:

Rz,θ =

 cos(θ) −sin(θ ) 0
sin(θ) cos(θ) 0
0 0 1

 , (10)

Rx,θ =

 1 0 1
0 cos(θ ) −sin(θ)
0 sin(θ ) cos(θ )

 . (11)

The following multiplication results using a recursive proce-
dure can be derived:

Rij = R0j−1 R
j−1
j

j = 2, . . . , 7 (12)

B. OPTIMIZATION
γ , which comes from the equation of motion (8) which may
be separated into three classes [22]:
• Identifiable
• Non-identifiable
• Identifiable as a linear combination
The identifiable parameters are P linear independent

columns and are only in linear combination with the other
parameters, where the second class of parameters may make
any contribution to the joint torques. This result indicates
that a linear combination of the columns of P can be used
to replace them. It is possible to remove non-identifiable
parameters from the model because they do not contribute to
the torque exerted at the joints.

Thus, the γ vector can be supplanted by a base parameter
vector θ ∈ Rp with p < 11n, and the matrix P can be
supplanted by comparing (n× p), which is decreased matrix
W [23], [24]:

τ = W (q, q̇, q̈) θ. (13)

The representative of W (13) is found based on the robot’s
kinematics. Before estimating the identifiable parameters of
the real robot, the deletion of γ minimizes the points of
the parameters but also minimizes the error in the robot’s
computation model.

C. TRAJECTORY AND V-REP PLANNING
1) EXCITING TRAJECTORY
The least-squares calculation uses the excitationmatrix IIN =
W T
NWN , where the relapse matrixWN is used to minimize the

condition number and maximize the singular value.
The exciting trajectory planning is characterized as many

estimation focuses ρ (ti) (i = 1 . . .N ), which are points that
might be acquired by limiting the cost function [23], [25]:

f (ξ (ti)) = λ1cond (WN )+ λ2
1

σ0 (WN )
, (14)

where the scalar λ1 and λ2 address the general loads between
the condition number of the perceptionmatrix cond (WN ) and
is a small singular value: σ0 (WN ) [17].

The square of each single estimate of (WN ) is in
monotonous expansion with the number of rows [26].
The points of estimation by taking all the examples would
upgrade by gathering along the interpolated trajectory.
Indeed, the N unique examples in tI . . . tN . However, another
W∗ (e.g., the regression matrix) can evaluate the layout of the
smallest square in more detail:

θ =
(
W T
∗ W∗

)−1
W T
∗ τ∗, (15)

where W∗ is a matrix underlying a similar path as WN , but
uses all of the estimations gathered along the added direction,
which also ensures that the solitary subsequent term dimin-
ishes, while nothing can be closed on the conduct of the initial
term when the number of tests is expanded. Similarly, the
extra examples to be added to the interjected direction can
be chosen by the following rules:

if f (ζ (t1) , . . . , ζ (tK ))− f (ζ (t1) , . . . , ζ (tK−1)) > η,

(16)

where η is a reasonably chosen edge. Then, all the parts
W (ζ (ti)) in the matrix W∗ relating to the disposed of infor-
mation are wiped out. Importantly, the choice of tests as indi-
cated by (15) can create associating and distorted experiences
due to undersampled data, evading operation out a prior low-
pass digital filtering of the grouping of the progression of
data. ζ (ti)

The contribution of the proposed algorithm is the rep-
resentative articulation of the matrix W for the joint posi-
tions, speeds, and increasing velocities as far as possible.
The yield of the ideal arrangement of estimation focuses on
δ (t1) . . . .δ (tN ).

The interpolation algorithm is actualized to provide a
smooth direction. In the given approach, fifth-order polyno-
mials are used for each positional segment of the N estima-
tion. Every one of the N −1 time intervals corresponds to the
polynomial coefficients, and every joint is determined by the
forcing coherence of (q, q̇, q̈). In each N − 1 time interval(
tj, tj+1

)
(j = 1, . . . ,N − 1). The direction for the Ith joint in

the jth time intervals can thus be described as:

ξ=

 q (i)q̇ (i)
q̈ (i)

=
 t5 t4 t3 t2 t 1

5t4 4t3 3t2 2t 1 0
20t3 12t2 6t 2 0 0

× p.
(17)

However, the maximum values of (q, q̇, q̈) in each range
may exceed the mechanical limits of the joints. In this
situation, the few interval amplitudes 1Tj = tj+1 −
tj (j = 1, . . .N − 1) may be changed to find an itera-
tive set of polynomials that meet the common limits for
positions as much as possible for position, velocity and
acceleration.

The single polynomial is used because the MATLAB plots
must be in the continuous form from an initial time to end
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time. A matrix of this type is shown below:

A =


0 0 0 0 0 1
0 0 0 0 1 0
0 0 0 2 0 0
1 1 1 1 1 1
5 4 3 2 1 0
20 12 6 2 0 0

 . (18)

• The first three rows describe the ‘‘initial time’’s of posi-
tion, velocity, and acceleration.

• The second three rows describe the ‘‘final time’’s of
position, velocity, and acceleration.

Scaling the time and limiting the velocity and position, the
safety coefficient was used. In this case, a safety coefficient
(∝) is set to 0.2 because 5th-order polynomials are used.
Safety coefficient (∝) scales the velocity to 0.2. Using V-Rep
planning, we see that the estimated velocity is harmful to the
robot.

After applying the safety coefficient (∝), the system of
equations for each step (position, velocity, and acceleration)
became the following system of equations:

ξ (∝ t)

=

 q (i)
q̇ (i) (∝)
q̈ (i)

(
∝

2
)


=

 ∝5 t5 ∝
4 t4 ∝

3 t3 ∝
2 t2 ∝ t 1

∝
4 5t4 ∝

3 4t3 ∝
5 3t2 ∝ 2t 1 0

∝
3 20t3 ∝

2 12t2 ∝ 6t 2 0 0

 .
(19)

This case was for the Kinova Gen2 or Kuka LWR4+ robot.
Other robots may not require a safety coefficient. Thus, the
user may neglect the safety coefficient function, or if the user
still needs the safety coefficient, the user can change its value.

2) V-REP PLANNING
In this case, remote API functions in MATLAB were used.
The API helps the cooperation of MATLAB and V-Rep in
ROS under the Linux/Ubuntu operating system [27], [28].
Importantly, the framework is checked by V-Rep due to secu-
rity issues prior to using a genuine controller. [29] V-Rep is an
open-source reenactment that gives a practical near genuine
outcome. Similar powerful models of the Kinova Gen2 and
Kuka LWR4+ robots were executed in the V-Rep simulation.
However, an exciting trajectory can also be created via V-Rep.
Using the Gazebo [30] package, which works under ROS, the
system can submit the exciting trajectory into the MATLAB
script [28], [31].

Gen2 and LWR4+ exist in the V-Rep library, which has
been used for the simulation. To explain the robot simulation
in V-Rep [32], we must examine the structure of the robot.

The joint connects two body parts; the body part closest to
the trunk is considered fixed, and the body part farther away
from the trunk is considered to rotate around the joint axis.
Each joint has a frame attached to it, which allows the body

FIGURE 1. Joints of core frames.

TABLE 1. DH→ V-REP.

TABLE 2. V-REP→ DH.

parts to be rotated. At the initial position, all joint frames are
oriented in the same direction as the robot’s body. It is then
necessary to perform roll and pitch rotations around the X and
Y coordinate systems, as well as yaw rotation around the Z
coordinate system.

Considering the triangle AOB, we obtain:

OB = sin
(
30◦

)
× OA, (20)

where OA = d4.
Now, considering the triangle OBH , we have:

OH =
OB

sin(60◦)
=

sin(30◦)
d4

sin(60◦) = AH = OK = KE .

(21)

The current configuration figure (2) on the left is described
in Tables (1), and (2). This current configuration exists in the
V-Rep library.

We are required to convert the current configuration to the
chosen start configuration to apply our exciting trajectory
planning shown in the following figure (2) on the right, which
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TABLE 3. DH→ V-REP.

TABLE 4. V-REP→ DH.

is described in the following table (3), (4). These adjustments
were made to provide a more exciting trajectory, which may
not be needed by the user; th e user’s qualifications should
determine the exciting trajectory. However, if the user’s robot
is not yet included in V-Rep, the user may easily add it. (For
more information, see [28], [32])

3) COLLECTING DATA
Last, the exciting trajectories are executed on a real robot
using MATLAB, while ROS records in real time at a 100-Hz
sampling rate. To analyze the collected data, a low-pass dig-
ital filter was used:

Ẋk =
xk+1 − xk−1

1T
. (22)

D. PARAMETER ESTIMATION
We consider N time instants t1, . . . , tN , where nN > p.
By stacking the matrix together, the perception matrix can
be shaped as follows [33]

τN =


τ (t1)
τ (t2)
...

τ (tN )

 =

W (ξ (t1))
W (ξ (t2))

...

W (ξ (tN )

 , (23)

where the vector ξ (ti) ∈ R3n characterizes the ‘‘measure-
ment point’’ at time ti, WN signifies the full-position matrix
(Nn× p) obtained fromW figured in theN estimated focuses
and τN ∈ RNn is the vector acquired from the N estimated
force τ (ti).

Hypothetically, as long as the determinant of the perceptual
frameworkWN , which relies upon the exciting trajectory that
has been used in the identical parameters, is non-zero, the
obscure parameters θ can be assessed by the notable least-
squares/weighted least-squares estimation equation:

θ =
(
W T
NWN

)−1
W T
N τN . (24)

TABLE 5. Representation of
(
n× 11n

)
.

Because the measured torque is affected by the measure-
ment noise, a limitation must be placed on the validation path
to ensure an identical result. Criteria have been proposed in
the following publications (refer to [1]). In this study, the
limitation of the number of conditions and the expansion of
the minimum singular value ofWN as in [20] is implemented.

Considering that if there is a possibility that any prior data
of dynamic parameters are available, a weighted pseudoin-
verse of WN may be used to improve the estimation for each
parameter. For this reason, a weighted pseudoinverse of WN
was used [17].

Dynamic parameters are avoidable from the prior data
around the assessments. Generally, an unclean inverse ofWN
can be used [17] to improve the adequacy of the appraisal on
each parameter.

The least-squares recursive calculation may be used rather
than the clustering equation (23), and the plan of assessment
should be updated by taking all the models accumulated
along the additional course, despite the N novel models in
t1, . . . , tN . Then, another regressor cross section W∗ can be
attempted to survey the least-square plan.

The models in table (5) are shown for the second →
seventh joint measurements. Each joint has eleven parame-
ters where (n× 11n). The programming considers the out-
comes under three cases that are ‘‘identifiable alone(Xi),
non-identifiable(Xni) and as linear combinations(X1 X2)’’.
Capacities, which are ‘‘Xi, Xni, X1, X2, A ‘‘are expected
to identify the disposition of the parameters required to
perform the decreased regression. Therefore, in the SVD-
based product [34] assurance of up-to-date basic parameters,
see [35], [36]. Thus, the software uses the irregular direc-
tion for exciting all the parameters and registering the full
regressor, which assembles the vectors with the records of the
parameters identifiable alone or non-identifiable. Then, the
framework deletes the related segments from the regressor
to distinguish between straight compounds. Eventually, the
matrix checks if there is any consistency fizzled. The results
are then saved as a .mat file by the designed software.

The models in table (5) are shown for the second →
seventh joint measurements. Each joint has eleven parame-
ters where (n× 11n). The programming considers the out-
comes under three cases that are ‘‘identifiable alone(Xi),

24632 VOLUME 10, 2022



Ö. Ayvaci et al.: Identifying Dynamic Parameters With Novel Software Design for M-DOF Collaborative Robot

FIGURE 2. Symbolic representation of Kinova Gen2 (left) and Kuka
LWR4+ (right).

non-identifiable(Xni) and as linear combinations(X1 X2)’’.
Capacities, which are ‘‘Xi, Xni, X1, X2, A ‘‘are expected to
identify the disposition of the parameters required to per-
form the decreased regression. Therefore, in the SVD-based
product [34] assurance of up-to-date basic parameters,
see [35], [36]. Thus, the software uses the irregular direction
to excite all the parameters and to register the full regres-
sor, which assembles the vectors with the records of the
parameters identifiable alone or non-identifiable. Then, the
framework deletes the related segments from the regressor
to distinguish between straight compounds. Eventually, the
matrix checks if there is any violation of consistency. The
results are then saved as a .mat file by the designed software.

E. VALIDATION MODEL
The validated model was analyzed, and identifiable parame-
ters, CAD, and validated trajectory are discussed in the results
section.

III. RESULTS
Symbolic representations of the ultralight collaborative
robots Kinova Gen2 and Kuka LWR+4 are shown in
figure (2). DH parameters were added to the MATLAB script
and are shown below for both robots in Tables (6) and (7)

The identifiability of the dynamic parameters of Gen2
and LWR4+ is shown in table (8), and (9) where a green
block indicates identifiable alone (Xi) parameters, a red
block indicates non-identifiable (Xni) parameters, and an
empty block indicates linear combinations (Xcl). For instance,
for Gen2, With only 77 parameters (11 parameters for
each joint), we find ‘‘identifiable alone’’ (Xi) = 41, ‘‘non-
identifiable’’(Xni)= 13 and ‘‘linear combinations’’ (X1)= 14,
(X2) = 9, which means a total of 77 parameters (consistent)

TABLE 6. DH parameters for Kinova Gen2.

TABLE 7. DH parameters for Kuka LWR+4.

TABLE 8. Identifiability of the parameters of Gen2.

TABLE 9. Identifiability of the parameters of LWR4+.

when (n× 11n). For example, if we consider the first joint,
there are no identifiable parameters that are fixed to the
ground due to yaw rotation. There is only one parameter,
which is a ‘‘linear combination’’ (ϕ (11) = I1m). All param-
eters were examined in detail, and as shown in the contrasts
between assessment and experienced outcomes, mistakes
were limited by using condition [36].
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FIGURE 3. Estimated and measured position (left),and velocity (right) of Gen2.

FIGURE 4. Estimated and measured acceleration(left),and torque (right) of Gen2.

FIGURE 5. Estimated and measured position(left),and velocity (right) of LWR4+.

SLAMBench scores for different setups are shown in
table (11) [37], [38].
• LU: Perform ‘‘LU matrix factorization’’ of a full matrix,
• FFT: Perform ‘‘Fast Fourier transform’’ of a full vector,

• ODE: Solve van der Pol equation with ‘‘Solve non-
stiff differential equations medium order method’’,

• Sparse: Solve a symmetric sparse linear system,
• 2D: Plot Lissajous curves,
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FIGURE 6. Estimated and measured acceleration (left),and torque (right) of LWR4+.

TABLE 10. Values of base parameters for Gen2 and LWR4+.

TABLE 11. SLAMBench scores comparison for the software on different setups.

• 3D: Display color-mapped ‘‘Peaks function’’ with clip-
ping and transforms.

Figures (3), and (4) show the reconstruction errors for
Gen2 between the measured and estimated positions, veloc-
ities, accelerations, and torques on an exciting trajectory for

validation. Additionally, Figures (5), and (6) show the same
comparison for LWR4+. CAD estimation, measured value
and reconstruction errors (σ ) on validated trajectory details
are shown for each identified base parameter in table (10).
Reconstruction errors were small and numerically similar,
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TABLE 12. Loaded computation time for each loop.

TABLE 13. Prediction error for each joint.

TABLE 14. Unloaded computation time for each loop.

which means that comparisons between estimated and mea-
sured values were consistent for both robots. This consistency
indicates that the software operates well. In addition, the joint
prediction error for Gen2 and LWR4+ is shown in table (13).
The unloaded and loaded computation times for each loop

are shown in Tables (14) and (12), where ‘‘unloaded computa-
tion time refers to the first run of the software. If the software
is already running, and .mat files are created and loaded into
the workspace of MATLAB, requiring marked less compu-
tation time. However, this computation time depends on the
features of the computer running the simulation.

IV. CONCLUSION
In this project, a software program was created for the identi-
fication of dynamic parameters for a collaborative robot. For
the identification procedure, model derivation, optimization
experiments, data collection, parameter estimation, and val-
idation models were created in MATLAB. A user must then
input the DH parameter of the robot and create an exciting
trajectory using MATLAB or V-Rep. The developed program
was checked using a collaborative robot called 7-DOFKinova
Gen2 and has been analyzed in detail.

The Newton-Euler formulation was used to model robot
dynamics. To develop an identification software, users will
use various types of robots, and perspective preference plays a
role in this decision. Themain benefit of this method is telling
the user which parameters can be identified, non-identifiable,
and linear parameters.

The main purpose of the proposed designed software is
to support a user in the estimation of a robot’s parameters
in a few steps. The software runs under the Linux operating

system and takes advantage of the MATLAB, ROS, and
V-Rep environments. MATLAB is used as a computing tool,
while ROS is responsible for data collection. To facilitate
the design of exciting trajectories, V-REP software is used.
The benefit of the software is that it uses V-Rep, which aids
in system safety management. Before executing a real robot
trajectory, the exciting trajectory can be executed in theV-Rep
simulation, which reduces the chance of collision or damage
to any mechanical structure of the real robot.

The benefit of this software is the capacity to anticipate
required torque, improving the efficiency of control calcula-
tions that are dependent on the precomputed torque. Then,
the produced module could actually be applied to various
techniques of identification and analysis. ROS improves con-
trollability and analysis options, and V-Rep helps to improve
guidance and provides the ability to virtually verify the inves-
tigation without facing any danger of harm to the executive.

This identification software did not create Kinova Gen2 or
Kuka LWR4+. First, this tool was created based on a novel
methodology and then tested with a Kinova Gen2 robot and
a Kuka LWR4+ robot. The experimental results showed that
the algorithm operates effectively for a collaborative robot,
which was the primary target of this study: the identification
software must operate with collaborative robots that were not
specifically created for them.
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