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Abstract— Identifying the inertial parameters of real robotic
manipulators is a fundamental step towards realistic model-
ing and better controller performances, which is crucial for
safe human-robot interaction. Our work introduces a novel
framework for identifying a generalized set of base inertial
parameters of a serial link manipulator. This framework is
designed to be adaptable to accommodate any new mounting
configuration of the robot. Our theoretical analysis highlights
the influence of the robot’s mounting configuration on the
emergence of new parameters that cannot be identified through
the conventional vertical base-axis mounting approach studied
previously. To validate our proposed framework, we carried
out two main experiments: the first involved simulation to
establish the feasibility of our concept, and in the second,
our framework was employed on a Franka Emika Robot
in a real-world scenario to demonstrate and validate our
approach. Our simulation results confirmed the feasibility of
our proposed framework, while our real-world experiment
successfully identified the generalized base inertial parameter
set and validated its applicability to a new robot mounting
configuration.

I. INTRODUCTION

Identifying the robot dynamics has been the subject of
research over the past three decades (see e.g., [1], [2])
as the accuracy of dynamic models is critical for many
robotic applications such as model-based control, simulation,
learning, and physical interaction. Due to its importance,
methods for identifying system inertial parameters have been
developed for several types of robots, e.g., humanoid robots
[3]-[5], industrial robots [6], [7] and light-weight research
robots [8], [9]. There are several methods to estimate these
inertial parameters, e.g., by generating inertial parameters
via computer-aided design (CAD) data [10]. However, due
to the existence of motors, wires, reducers, etc., this method
lacks accuracy and is used less and less. A more stan-
dard approach is the identification of inertial parameters
based on rigorous analyses of joint movements and torques,
such as inverse dynamic identification models with ordinary
least-squares estimation (IDIM-OLS) [1], [11]. This method
assumes that joint torques and the inertial parameters of
a robot are linearly correlated. In addition, there are two
other approaches that are variants of IDIM-OLS, namely
weighted least-squares (IDIM-WLS) and total least-squares
(IDIM-TLS). These methods are highly dependent on the
filter methods used and require good excitation trajectories
[71, [12], [13]. Based on successful application to several
prototypes and industrial robots [6], [7], [14], IDIM-WLS is
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chosen as the identification method in this paper.

The identification of the inertial parameters of industrial and
lightweight research robots is mostly done in their default
configuration where the first joint axis of the robot is parallel
to the gravitational axis (defined as "V-BAM”: Vertical
Base-Axis Mount in the rest of the paper). Other mounting
configurations require a change in the orientation of the
robot base, which will likely affect the identifiable set of
inertial parameters [11]. Therefore, a mounting configuration
for the identification procedure that contains a generic set
of inertial parameters would be beneficial. That set can be
applied to model the dynamics for any new robot mounting
configuration.

In this study, we aim to demonstrate that a wall-mounted
robot with the first joint axis perpendicular to the gravita-
tional axis ("H-BAM”: Horizontal Base-Axis Mount) will
show new parameters to be identified that were not ex-
perienced (were unidentifiable) during V-BAM condition.
We hypothesize that the identified inertial parameters in
the H-BAM configuration are more complete and can be
used for other mounting configurations. To the best of the
authors’ knowledge, this is the first study addressing the
effects of other mounting configurations of the robot base
on the identification of base inertial parameters. Hereby, we
contribute to fundamental knowledge in identifying inertial
parameters that is essential for developing more complex
synergetic robotic systems, such as humanoids or mobile
systems [15].

A. Related Work

Previous research on the identification of inertial param-
eters of commercial lightweight robotic manipulators was
mainly conducted in V-BAM configuration. The authors of
[14] identified the inertial parameters of a rigid-link model
of the KUKA LBR iiwa 14 R820 robot. Moreover, in [8]
the parameters that characterize the dynamics of the Franka
Emika Robot [16] were identified. The authors of [17]
proposed a method for estimating the inertial parameters
using the torque separation technique and applied it to two
robotic manipulators: Franka Emika Robot and eZRO.
Finally, a very recent work tackled the same question of esti-
mating the inertial parameters of robots in different mounting
configurations [18]. However, the latter work presented a
framework where the identified parameters or model depends
crucially on how precise the gravity vector is identified (i.e.,
relative orientation to the base frame). In other words, this
represents a strong assumption, thus, the base parameters
are non-generic and can be applied only to the same robot
mounting configuration used during the identification proce-
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dure.

The aim of these studies was to determine the inertial
parameters of the robot in V-BAM configuration with a
specific level of precision. However, these parameters are
not suitable for modeling the dynamics of a robot in H-
BAM configuration or a robot with a generic mounting angle,
unless the center of mass (COM) of the first two robot joints
is aligned in such a way as to eliminate any momentum
around the first joint axis in H-BAM configuration. The
latter tends to be a strong assumption, especially regarding
unidentifiable parameters (e.g., COM of the first robot link)
as we demonstrate later in this paper. Our paper goes beyond
the state-of-the-art considering the following issues:

o Demonstrating in theory and simulation that the inertial
parameters of robots mounted in H-BAM configuration
can be used for a robot mounted in V-BAM configuration
and not vice-versa,

« Identifying a generalized robot base parameter set of a
Franka Emika Robot mounted in H-BAM configuration
in a real robot experiment,

« Demonstrating and validating the identified inertial pa-
rameters on a robot mounted in both H-BAM and V-
BAM configurations respectively.

II. METHODOLOGY

In this section, we summarize the robot dynamics, propose
our methodology of defining generalized robot base parame-
ters that are independent of the robot mounting configuration,
and outline the identification procedure.

For the modeling and identification procedure, it is assumed
that the first robot joint is a revolute joint and the axis of
the second joint is not parallel to the axis of the first one:

%51 4 g
A. Modeling

1) Robot Dynamic Model: The robot arm is considered
as an open kinematic chain of n 41 rigid bodies and n rigid
joints. The generalized coordinates ¢ € R™ represent the
configuration of the n joint angles. The dynamic model of
the robot is

M(q)G+C(q.q)q +g(q) =T — 77, (1)

where M (q) € R™*™ denotes the inertia matrix, C(q, 4)q €
R™ the centrifugal and Coriolis torque, g(q) € R™ the
gravity torque and 7 € R™ the actuation torque. Moreover,
77 € R" represents the dissipative torque, mostly due to joint
friction. We consider only viscous and Coulomb friction,
which results in the following friction model,

T = F,q + F tanh(100q), 2)

where F, € R"*" and F. € R"*" denote the diagonal
matrices of the viscous and Coulomb friction coefficients,
respectively. Using the hyperbolic function tanh(-) instead
of the signum function sign(-) ensures the continuity of the
Coulomb friction torque during change in rotation direction.
In our approach, we go beyond the current state-of-the-
art of identification models and substitute the gravitational
acceleration vector into the Lagrange or Newton-Euler for-
mulation. The gravitational acceleration vector expressed in

ﬂh+l Bh+2

Bk

Fig. 1: Transformation from the standard § to the base 3 inertial parameter
space. The VBS (e.g. identified in V-BAM configuration) is a subset of the
GBS (e.g. identified in H-BAM configuration).

robot base frame a, € R? is parameterized using spherical
coordinates:

sin(p)cos(¢)
Oa, =g | sin(p)sin(¢) |, 3)

where g = 9.81m/s? denotes the gravitational acceleration
and p, ¢ are the spherical parameterization variables.

The choice of modified Denavit-Hartenberg (DH) frames
attached to each link allows a formulation of the dynamic
model which is linear with respect to the standard inertial

parameters §; € R12, i =1,--- ,n,
! Yl ygg y;n 5
72 0 Yo Yan 02
= N . : . ) (4)
n 0 0 y;Lrn 6"
——— —~——
T Y (q,4,4;p,9) d
0 = [er,i LIy’i Lﬂﬂz’i Lyyai Lyz,i Lzz,i s

T o)

)

o lw,i ly7i Zz,i mg f’t),i fc,i

where Y (q,q,q,p,¢) € R™!2" denotes the observa-
tion matrix (regressor matrix) of the standard inertial
parameters. Note that, this matrix is not only a func-
tion of the generalized joint coordinates g,q and ¢ but
also depends on the gravitational acceleration parameters
p and ¢ (see Equation (3)). Moreover, for the link 3,
Lowis Loy Lz iy Lyyis Lyz 4, L2z are the components of
the symmetric inertia matrix expressed in joint frame 4,
m, is the mass, and f,;, fo, are the viscous and the
Coulomb friction coefficients, respectively. I, ;,1y ;1. are
the components of the first moments of mass,

[ e lyi Log |7 =murey, (6)

where 7.; € R? is the COM relative to the link frame i.

2) Reduction to Generalized Base Parameters: Only a
subset of the standard inertial parameters is necessary for
modeling the robot dynamics. Moreover, some of those are
not separately identifiable by regression methods. To obtain
this set of parameters, a process of regrouping and combining
the identifiable standard parameters is required, as described
in [2]. This minimum parameter set is called the robot’s base
inertial parameters 3 € R™ [2]. The dynamics of the robotic
manipulator can then be written as,
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where Y3(q, q,§) € R™*™ denotes the regressor matrix of
the base inertial parameters.

The number of identifiable robot base parameters m depends
not only on the robot kinematic structure, i.e. DH parameters,
but also on its mounting configuration [2]. The robot’s
kinematic structure is given by the manufacturers, whereas
the mounting configuration for any identification procedure
is modifiable. If the robot mounting is chosen such that the
gravitational acceleration vector is not parallel to the axis
of the first joint °a, } °j1 (e.g. H-BAM robot configu-
ration), a maximum number of k base inertial parameters
can be identified. We define them as the Generalized robot
Base parameter Set (GBS). While choosing the gravitational
acceleration vector parallel to the axis of the first joint
Ya, || %41 (e.g. V-BAM robot configuration), only a minimum
number of h base inertial parameters can be identified. We
define them as the V-BAM robot Base parameter Set (VBS).
Furthermore, the VBS is a subset of the GBS, see Fig. 1.
Therefore, the GBS can be used to model the robot dynamics
for any new static robot mounting configuration, including
the V-BAM robot configuration, but not vice versa. This
effect can be shown by the derivation of the kinetic and
potential energy of the manipulator according to standard
inertial parameters of the first two links [2].

Table I shows a comparison between the GBS and VBS of
a 7-DOF serial link manipulator (e.g. Franka Emika Robot,
Kuka LWR). By choosing a robot mounting configuration
in which the gravitational acceleration vector is not parallel
to the first joint axis, thus, the base parameter set size
increases. Specifically, the new base parameters O5s and S5
can be additionally identified. These two extra parameters
are restricted to the first two links of the robot [2] and solely
influence the computation of the torque 7 at the first joint

in the following manner',

71 =77 +sin(p)g

cos(¢)sin(g1) — sin(¢)cos(q1) T Bss
cos(¢p)cos(q1) + sin(¢p)sin(q1) } { Bs9 } (®)

If and only if the gravitational acceleration vector is parallel
to the axis of the first joint %a, || %j1 (p = km, Vk €
N - e.g., V-BAM configuration) the term associated with
the two additional base parameters will disappear and will
not affect the robot’s dynamics. This theoretical example
confirms our hypothesis that the inertial parameters identified
in the H-BAM configuration are more general and can be
used to model the dynamics of any new robot mounting
configuration. In contrast, the base parameters identified in
the V-BAM configuration can only be applied to a mounting
configuration where the gravitational acceleration is parallel
to the axis of the first joint.

B. Identification Procedure

1) Parameter Estimation (IDIM-WLS): The parameter
estimation is based on the measurements of the actuation
torques and the joint angles. The joint velocities and ac-
celerations are calculated from the measured joint angles. p
measurements along the optimized excitation trajectory are

1 Please note: T results from parameters 31 - - - 857 which are indepen-
dent of the robot mounting configuration in contrast to 855 and B59 that
are configuration dependent.

taken. The over-determined linear system is

T(1) Y, (q(1),4q(1),4(1)) €(1)
T(2) _ Y, (q(2),4(2),4(2)) €(2)
T(p) Y, (q(p), é(p% d(p)) e(b)

9

where €(j) € R™ is the vector of errors of the j** measure-
ment. Assuming that the noise level of the measured joint
angles is much smaller than the noise level of the measured
actuation torques allows using the weighted least-square
(WLS) estimation method instead of maximum-likelihood
estimation [13]. Moreover, € is assumed to have a zero mean,
being serially uncorrelated and heteroscedastic. That results
in a diagonal covariance matrix of the measured actuator
torques [1]. The WLS solution is then given by,
B= (Y, =)'y, X7

_ 10
_ (SfO.Sn)JrEfO.S,I—_ ’ ( )

where X' € R™ *"P denotes the stacked matrix of the diag-
onal covariance matrices of p measurements. The condition
number of the stacked matrix Y} in equation (9) measures
the sensitivity of the least squares estimates of 3. Therefore,
it is an appropriate criterion for designing trajectories, as
minimizing the condition number can improve the robustness
of the least squares estimates.

2) Optimal Excitation Trajectories: The smaller the con-
dition number, the better the estimates. Thus, the minimum
of the condition number of the normalized matrix X %%V} is
used as an optimization cost function for generating optimal
excitation trajectories [13],

min cond (2_0'517;,) .

@i k506 k

(1)

Various methods can be used to parameterize the excitation
trajectories, including B-splines [12], combined Fourier se-
ries and polynomial functions [19], and others. However,
it has been demonstrated by [14] and confirmed by our
own experimental results that finite Fourier series [13] is the
most suitable method, as they produce the lowest condition
number. The joint trajectories can be expressed as follows,

N

qi(t) = qio + Z(aiyksin (kwyt) + b icos (kwyt))
k=1

N
Gi(t) = Z(ai_’kk‘wfcos (kwyst) — b; ghwysin (kwyt))

e
Il
-

I
M=

G (t) (—ai’kaw?Sin (kwyst) — bi7kk2w?cos (kwyt)),

>
Il
_

12)

where g;o denotes the offset of the position trajectory, wy
the fundamental pulsation of the Fourier series with period
Ty = i—’; and t the time. The amplitudes of the Fourier
series a; ) and b;j are the parameters of the non-linear
optimization problem, which has 2 x N degrees of freedom.

For the experiments in this paper, [V is set to 5, T is set to
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Nr. Math. Symbol GBS VBS

61 LzzR,l Lzz,l + Lyy,2 Lzz,l + Lyy,2

B2 Loyzr,2 Lyzo+ Lyy,s — Lyy,2 + k2,1 (ma +ms +me +mr)+  Lga,2 + Lyy,3 — Lyy,2 + k2,1(ma + ms + me + m7)+
+ko,om3 + k2 3l. 3 +k22m3 + k23023

Bs7 fer,7 fe7 fe,7

Bss lzr1 lz1 -

ﬁ59 lyR,l ly,l aF lz,2 -

TABLE I: Comparison of GBS and VBS for a 7-DOF robotic manipulator (Fig. 5). Column two defines the base parameters’ mathematical expressions.
Constant variables k; ; (joint ¢) are defined by robot kinematics. Grey rows are additional base inertial parameters identifiable only if Oag Jt %51 during

identification.

10s, and the sampling frequency is set to 1000H z.

To ensure that the trajectory starts and ends in a predefined
configuration g;o with zero initial joint velocities and accel-
erations, the following conditions have to be fulfilled,

5 5 5
Zbi7k = 0, Zal;k = 0, Zbi)kk‘Q =0.
k=1 k=1 k=1

To avoid collisions with both the environment and the robot
itself, constraints must be placed on the end-effector position,
denoted by x.. € R? [12]. The workspace is limited to a
cubic box surrounding the robot arm to prevent collisions
with the environment, while the self-collision constraint is
defined by a sphere with radius ¢ around the robot base.
The motion constraints are as follows,

(13)

Tmin < Tee < Tmaz, Ts < Iwee|

(14)

Furthermore, it is necessary to consider the joint and motor
limits of the manipulator,

Cmin,i S C; S Cmax,i

5)

where ¢; stands for p C {q, ¢, §i, 7 }-

3) Data Acquisition and Filtering Method: The IDIM-

WLS approach strongly depends on the accurate filtering
of measurements. Noisy or incorrectly filtered signals can
introduce bias in the estimates [1]. To address this issue, the
measured data g and T are first averaged over 10 excitation
periods. The resulting averaged joint angle measurements
q are then filtered in the forward and reverse directions
offline, using a noncausal zero-phase digital IIR lowpass
Butterworth filter of order 20 and a cutoff frequency of
2H z. The derivatives ¢ and g are calculated using a central
difference algorithm applied to the filtered joint position
signals, without any phase shift.
Furthermore, a parallel decimation procedure can be applied
to the measured joint torques to eliminate force/torque rip-
ples. This procedure involves lowpass filtering and resam-
pling the signals at a lower rate, keeping one sample over
ng [20].

210.8 {1,
Ng= ———

Wip
Wep > QWdyn s

(16)

where f,, denotes the measurement frequency and wgqy,, the
maximum robot bandwidth. The given rule of thumb for the
cutoff frequency wy, in Equation (16) allows to keep useful
signals in the filter bandwidth [1].

(b)
7,
Joint i a(m) d (m) a (rad) q (rad)
1 0 15 0 aQ
2 0 0 pif2 0

Fig. 2: Modified DH parameters and robot structure of the simulated 2-DOF
robot in (a) H-BAM and (b) V-BAM configuration.

III. EXPERIMENTAL RESULTS AND VALIDATION

In this section, we demonstrate the generalizability of the
proposed GBS framework for robot parameter identification
to new mounting configurations. We also discuss the limi-
tations of identifying the robot in V-BAM configuration. To
validate our approach, we conduct experiments on both a
simulated 2-DOF robot and a real Franka Emika Robot.
Specifically, we identify the GBS using a H-BAM robot
configuration, where the gravitational acceleration vector is
perpendicular to the axis of the first joint Ca, L %j;).

A. Simulation Experiment: 2-DOF Robot Model

Assuming that the first robot joint is a revolute joint
and j; Jf 9jo, the extended set of identifiable inertial
parameters in the H-BAM configuration is restricted to the
first two robot links [2]. Therefore, simulation experiments
are conducted on a 2-DOF robot (see Fig. 2). To highlight the
influence of the robot mounting on the base inertial parameter
identification problem and avoid any bias in the estimates,
neither friction nor signal noise is modeled.

The base inertial parameters for the H-BAM and V-
BAM robot configurations have been identified and are used
to model the robot dynamics for both configurations.

Robot Description: To demonstrate the effect of the robot
mounting configuration, the centers of mass for both joints
have been chosen in such a way that they are not aligned
with the axis of the first robot joint.

Estimation Procedure: The excitation trajectories of the
robot are designed with the method discussed in section II-
B.2. Assuming zero friction and noise, the relative residual
error of the estimates is equal to zero.

Choosing a V-BAM robot configuration, where the gravita-
tional acceleration vector is parallel to the axis of the first
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Base Regrouping of  H-BAM  V-BAM
Parameters Standard Par. Model Model
LzzR,l Lzz,l + Lyy,z 0.320 0.320
lar,1 la 0.800 —
lyr1 lya +1z2 1.100 -
Lyzr,2 Lyg2+ Lyy2  1.590 1.590
Lyyr,2 Lyy,2 0.210 0.210
Lo:zR,2 Lzz,Q —0.030 —0.030
LyzR,Q Lyz,2 0.210 0.210
LzzR,Z Lzz,2 1.660 1.660
laRr,2 lz,2 0.300 0.300
lyr.2 ly2 —2.100 —2.100

TABLE II: Identified base inertial parameters of the simulated 2-DOF robot
in H-BAM and V-BAM configuration.

T 5
z
= 0
3 4
& 5
10 <
0 2 4 6 8 10
—f— taul s
2 —P— tauJ e H-BAM
T —4— tauJ e V-BAM
z
~
o
3
©
=20

O5
0 2 4 6
time [s]

8 10

Fig. 3: Joint torque validation of the 2-DOF manipulator in V-BAM config-
uration (see Fig. 2(b)) using a random joint trajectory. tauJ s denotes
the simulated joint torque, tauJ e H-BAM the torque modeled with
the identified H-BAM base parameters and tauJ e V-BAM the torque
modeled with the identified V-BAM base parameters (see Table II).

robot joint, reduces the number of identifiable base parame-
ters by two (see section II-A.2). Thus, the parameters [, 1
and l,g,1 are only identifiable in the H-BAM configuration
(see Table II).

Validation of the Estimation Results: To validate the
results, random joint trajectories are applied to robots in
both V-BAM and H-BAM configurations, and the resulting
torques are compared to the modeled torques based on the
identified parameters of V-BAM and H-BAM for both robot
configurations.

The base inertial parameters identified in the V-BAM con-
figuration can only be used for the robot installed in the
V-BAM configuration (see Fig. 3). As a result, for the H-
BAM robot, the estimated torques deviate from the mea-
sured/simulated ones due to the two missing inertial param-
eters (see Fig. 4).

In contrast, the base inertial parameters identified in the H-
BAM configuration can be used to model the dynamics in
any new robot mounting configuration. The estimated torques
are in agreement with the measured/simulated torques for
both V-BAM and H-BAM configurations (see Fig. 3 and 4).
This result supports the hypothesis that the identified base
parameters in the H-BAM configuration represent a more
generalized base parameter set.

B. Real Robot Experiment: 7-DOF Franka Emika Robot

The base inertial parameters of a Franka Emika Robot
mounted in H-BAM configuration are identified in a real
robot experiment. The results demonstrate that these param-
eters can be generalized and used to accurately model the

20
E
£ 0
§ ¢
ER2
.40 | —@— taul s
2 4 6| —P— tauJ e H-BAM
—&— tauJ e V-BAM
20
E
s 10‘
o~ 0
o
g-10
20
>
0 2 4 6 8 10

time [s]

Fig. 4: Joint torque validation of a 2-DOF manipulator in H-BAM con-
figuration (Fig. 2(a)) using a random joint trajectory. The root-mean-square
(RMS) error of tauJ1 between measured/simulated torque and the modeled
torque based on estimated parameters in V-BAM configuration is 10.9Nm.

a(m) d (m) a (rad) q (rad)
1 0 0.333 0 q;
2 0 0 -pi/2 q
3 0 0.316 pi/2 qs
4 0.0825 0 pii2 q 7,47
5 0.0825 0.384 -pif2 qs
6 0 0 pif2 qs
7 0.088 0 pi/2 q;

Fig. 5: Modified DH parameters and robot structure of the Franka Emika
Robot in (a)H-BAM and (b)V-BAM configuration.

dynamics of both H-BAM and V-BAM mounting configura-
tions of a Franka Emika Robot.

Robot Description: Fig. 5 shows the kinematic parameters
of the 7-DOF manipulator. Each joint is equipped with
a torque sensor and an encoder. The ISO-graded payload
capacity of each arm is 3kg (without the end effector) in the
worst configuration, with a total weight of approximately
18kg.

Optimal Excitation Trajectories: A normalized condition
number of 43.0 is achieved with the excitation trajectories
based on finite Fourier series (see Equation (11)). Before
running the trajectories on the real robot, they are first
simulated in Matlab to visualize and exclude any possible
collision with the environment or the robot itself (see Fig.
6).

Estimation of Base Inertia Parameters: The identified
robot base inertial parameters in H-BAM configuration are
shown in Table III. The total number of identifiable gener-
alized base parameters of the Franka Emika Robot is 59.

Validation of the Estimation Results: To validate the
identified parameters, we generated and applied five random
reference trajectories to the Franka Emika Robot in both
the H-BAM and V-BAM configurations. The torques modeled
with the estimated generalized robot base parameters agree
with the measured joint torques for both mounting configura-
tions (see Fig. 7 and 8). The root-mean-square (RMS) error
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Fig. 6: Simulation of the Cartesian position of the end-effector during the
optimized robot excitation.

Par. Val. Par. Val. Par. Val.

Lezr,1  —0.0522 | Ly.ra 0.0053 Le.r,7 0.0033
lzRr,1 0.0125 L..Ra 0.6490 Ly.r7 0.0006
lyr,1 —0.0066 lzR,4 —0.5050 | L..r7 —0.0050
Lyzr,2 1.0360 lyRr,4 1.7403 lar,7 0.0025
Lyyr2 —0.0139 | Lyzrs 0.0242 lyr,7 0.0029
Lezr2 0.0466 Layr,s 0.0007 for,1 0.0105
Ly.r2 —0.0214 | L,.g5s —0.0089 for,2 —0.0162
L..Rr2 0.9890 Ly.rs5 —0.0124 foRr,3 —0.0558
lzR,2 —0.0711 | L..Rr5 0.0060 for,a 0.0524
lyRr,2 —3.1936 lzR,5 —0.0023 for,5 0.1069
Lyzr3z  —0.0087 lyRr,5 0.0801 fuvRr.6 0.0398
Lyyr,3 0.0030 Lyzre —0.0134 for,7 0.0371
Lz2Rr,3 0.0146 Leyr,6 0.0024 fera 0.5182
Ly.r3 —0.0055 | L;.re —0.0018 feRr,2 0.2830
L..r3 0.1226 Ly:r6 0.0056 fer,3 0.3255
lzRr,3 0.7541 L..Rrs6 0.0226 fera 0.1604
lyr,3 —0.0001 lzRr,6 0.1615 feRr,s 0.2937
Lyxr,a 0.5458 lyRr,6 —0.0683 feRr,6 0.3898
Loyr,a 0.1580 Lyzr7 —0.0064 fery7 0.1894
Layzroa 0.0041 Leyr,7 0.0015

TABLE III: Identified generalized base inertial parameters of a 7-DOF
Franka Emika Robot in H-BAM configuration

taud1 [Nm]
N )
%
taud2 [Nm]
[SPCEN
oooo

taud3 [Nm]
Mol
;
taud4 [Nm]

5 o

taud5 [Nm]
(=] LS}
taud6 [Nm]
] o_r
gy’

ANRTAWN

0

5 1 0
0.2
0
-02
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0

time [s]

taud m
taul e

tauJd7 [Nm]

time [s]

Fig. 7: Validation trajectory traj3 on a H-BAM Franka Emika Robot:
Measured joint torques tauj m versus estimated joint torques tauj e based
on the identified base inertial parameters in H-BAM configuration.

of all reference trajectories is shown in Tables IV and V.

RMS RMS RMS RMS RMS

[Nm]  [Nm] [Nm] [Nm] [Nm]

Joint i | trajl traj2 traj3 traj4 traj5
1 0.25 0.35 0.24 0.35 0.25

2 0.27 0.34 0.27 0.21 0.21

3 0.19 0.26 0.27 0.33 0.32

4 0.14 0.11 0.11 0.13 0.11
5 0.16 0.15 0.14 0.15 0.17
6 0.13 0.10 0.12 0.12 0.12
7 0.06 006 006 005 0.06
Mean | 017 020 0.7 0.9 0.I8

TABLE IV: RMS error between the measured and the estimated torques of
five random reference trajectories applied on a H-BAM robot configuration.

Overall, our results confirmed our hypothesis that the base
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Fig. 8: Validation trajectory traj3 on a V-BAM Franka Emika Robot:
Measured joint torques tauj m versus estimated joint torques tauj e based
on the identified base inertial parameters in H-BAM configuration.

RMS RMS RMS RMS RMS
[Nm] [Nm] [Nm] [Nm] [Nm]
Joint 7 | trajl traj2 traj3 traj4 traj5

1 0.21 0.30 0.28 0.30 0.29
0.44 0.34 0.34 0.35 0.41

3 0.16 0.21 0.17 0.16 0.13
4 0.14 0.14 0.14 0.11 0.14
5 0.18 0.17 0.14 0.16 0.20
6 0.12 0.11 0.12 0.10 0.12
7 0.06 0.07 0.06 0.05 0.07
Mean 0.19 0.19 0.18 0.18 0.19

TABLE V: RMS error between the measured and the estimated torques of
five random reference trajectories applied on a V-BAM robot configuration.

inertial parameters identified in the H-BAM configuration are
more generic and can be used to model the manipulator’s
dynamics in any new robot mounting configuration that was
not used during the identification procedure, such as the V-
BAM configuration.

IV. DISCUSSION AND CONCLUSION

The simulation results demonstrate that the inertial pa-
rameters of a robot mounted in H-BAM configuration can be
applied to a robot mounted in V-BAM configuration, but not
the other way around. Optimal excitation trajectories were
used to identify the generalized base inertial parameters of
a Franka Emika Robot mounted in H-BAM configuration,
and it was shown that the identified parameters accurately
estimate joint torques in both H-BAM and V-BAM config-
urations. This paper is the first to address the base inertial
parameter identification problem of robotic manipulators by
proposing a GBS that can be used for any new static robot
mounting configuration.
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