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ABSTRACT This paper focuses on the problem of extracting the physical dynamic parameters which are
fundamental for computing the positive-definite link mass matrix. To solve this problem, a minimal set
of dynamic parameters were firstly identified by the standard least squares method. In order to simplify
the dynamics model, a new set of essential dynamic parameters were calculated by eliminating the poorly
identified parameters with an iterative approach. Based on these dynamic parameters with better identifica-
tion quality, a universally global optimization framework was proposed here to retrieve the set of physical
dynamic parameters of a serial robot, in which parameter bounds, linear and nonlinear constraints with
physical consistency can be easily considered, such as the triangle inequality of the link inertia tensors,
the total link mass limitations, other user-defined constraints and so on. Finally, validation experiments
were conducted on the KUKA LBR iiwa 14 R820 robot. The results show that the proposed optimization
framework is effective, and the identified dynamic parameters can predict the robot joint torques accurately
for the validation trajectories.

INDEX TERMS Dynamic parameter identification, physical parameters, nonlinear global optimization,
KUKA LBR iiwa robot.

I. INTRODUCTION
Accurate dynamic parameters [1] of a robotic manipula-

parameter identification [7]. In physical experiment method,
each link of the robot needs to be isolated and the dynamic

tor is important in many robotic applications [2]. Dynamic
parameters are critical in the design of control laws based on
dynamics model [3], in simulating the robot motion in some
software [4] or in implementing some human-robot inter-
action algorithms, such as collision detection and reaction
control [5], impedance control [6] and so on.

There are three main methods for obtaining the dynamic
parameters of a robotic manipulator: physical experiments,
computer aided design (CAD) techniques and dynamic
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parameters are obtained by using special measurement
devices. For example, the mass of links can be weighted
directly, the position vector of the center of mass can be
estimated by determining counterbalanced points of the link
and the diagonal elements of the inertia tensor can be obtained
by pendular motions [1], [7]. However, the accuracy of this
method depends on the measurement devices and the pro-
cedure is very tedious; hence, it should be conducted by
the manufacturer before assembling the robot [8]. In the
CAD method, the dynamic parameters of a robot can be
obtained by analysing the 3-dimensional (3D) model in the
CAD software. However, 3D models are usually not provided
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FIGURE 1. The general procedure of an identification method for
obtaining dynamic parameters of the robot.

by the manufacturer and the parameters estimated with this
method are inaccurate [7]. In addition, the friction parameters
cannot be estimated by the first two methods. In the dynamic
parameter identification method, the dynamic parameters are
estimated by minimizing the errors between a function of
the robot variables and an identification model. This method
has been extensively used [9]. Compared to the above two
methods, dynamic parameter identification can obtain more
accurate dynamic parameter estimates. In general, an identi-
fication procedure (Figure 1) usually consists of modeling,
experiment design, data acquisition and signal processing,
parameters estimation and model validation [10].

This paper presents a global nonlinear optimization frame-
work for identifying the physical parameters of a KUKA LBR
iiwa 14 R820, which can be generalized to any serial manipu-
lator. In the nonlinear problem, the parameters bounds and the
physical constraints can be easily added. To reduce the error
accumulation, the objective function was calculated by the
errors between the measured joint torque and the estimated
torque. In addition, instead of using the base parameters to
calculate the objective function, the essential parameters with
better identified quality were used.

Atkeson et al. [11] first derived the equations of lin-
earizing the inverse dynamics model of a robotic arm and
identified its minimal set of inertia parameters, the so-called
base parameters which are a set of independent identifiable
parameters, by the standard least squares method. However,
the universal derivation for analytical form of the base param-
eters set was not given in that work. To solve this problem,
Gautier and Khalil [12] and Khalil and Bennis [13] proposed
a direct method for determining and identifying the base
parameters of serial manipulator, namely, regrouping param-
eters by means of closed-form functions of the geometric
parameters of the robot. In these two works above, the applied
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identification methods are all based on standard least squares
method, which is sensitive to the singularity of observation
matrix. To avoid the accumulation of estimation errors and
allow the calculation of the confidence intervals, the weighted
least squares method, adding a weighted matrix multiplier,
was proposed in [14]. However, a disadvantage of both the
standard least squares method and the weighted least squares
method is sensitivity to measurement noise. To overcome this
problem, Swevers et al. [15] proposed an optimal excitation
trajectories method of using finite Fourier series. In addi-
tion, the maximum-likelihood estimation method [16] was
also formulated because of its asymptotically unbiased and
efficient property.

Based on these previously excellent works, robotics
researchers nowadays continue to explore and expand the
methods of dynamic identification of the robot. A reverse
engineering approach for identifying the dynamics model of
KUKA LBR iiwa robot was presented in [17]. It can calcu-
late the dynamic parameters inversely by using the known
mass matrix and gravity vector information in KUKA Fast
Research Interface (FRI) [18]. However, this method is obvi-
ously not a universal approach. For instance, not all robot
companies can provide the mass matrix and gravity vector
information to users in advance. Recently, a lot of parameter
identification methods for the robot dynamics have also been
proposed, such as the convex programming approach [19],
adaptive control algorithm [20]-[22], extended Kalman filter
method [23], neural networks method [24]-[26] and so on.
However, the common problem for these methods are that
the identification accuracy can not be guaranteed. To fur-
ther simplify the dynamics model of the robot and improve
the quality of identified parameters, a new set of dynamic
parameters, namely essential parameters, was identified by
eliminating the poorly identified base parameters in an iter-
ative way [27], [28]. The identification of the base parame-
ters and essential parameters are usually sufficient for many
robotic applications, however, the retrieval of a set of feasi-
ble dynamic parameters, physical parameters [29], is also
needed. This is the case, for example, in conducting the
feedback linearization control laws under hard real-time con-
straints by the Newton-Euler method [30] or calculating the
mass matrix of links used for robot collision detection. In this
case, the symmetrical and positive-definite property of the
mass matrix must be satisfied. However, the mass matrix
calculated by the identified base parameters and essential
parameters can only satisfy the symmetrical property but the
positive-definite property can not be guaranteed. Thanks to
the physical parameters, the positive-definite property of the
mass matrix can be ensured by using them.

To obtain the physical parameters, the physical consis-
tency of the identified parameters was considered in [31].
Then, the work [32] considered a nonlinear optimization
problem to guarantee the physical feasibility of the identi-
fied parameters. However, the constraints considered in that
work, such as only considering the positive link mass and
the positive diagonal elements of the inertia tensor, were
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too simple. To solve this problem, some researchers pro-
posed the framework of linear matrix inequalities to obtain
the physically consistent set of parameters by semi-definite
programming algorithm [33]. Afterwards, this method was
enhanced by considering the triangle inequality of the inertia
tensors [34], [35], which was originally presented in [36].
However, these methods require expressing constraints as
linear matrix inequalities [30]. Recently, a local optimiza-
tion identification framework has been proposed to identify
the physical parameters of the KUKA iiwa robot dynam-
ics in [37] by considering nonlinear constraints. The base
parameters and the physical parameters of the robot were
eventually identified and given. But the drawback of this
method is that the optimal solution was based on a local opti-
mization. In addition, the objective function of the nonlinear
optimization was computed based on the base parameters,
not the essential parameters which are with better identifi-
cation quality, in that work. Gaz et al. [30] proposed a global
nonlinear optimization framework, based on the inverse engi-
neering method presented in their previous work [38], to
identify the physical parameters of the iiwa robot dynamics.
However, the objective function described in that paper was
the errors between the identified based parameters and the
one computed by the physical parameters. Compared with
the objective function calculated by the errors between the
measured joint torque and the torque estimated by the base
parameters, the method in [30] will introduce the accumu-
lation errors because the variables for calculating the errors
were all obtained by estimation. In addition, no previous
work can provide the identified results of all the three kinds
of dynamic parameters simultaneously for a robot, namely
the base parameters, essential parameters, and the physical
parameters.

The main contributions of this work are described as
follows. (1) A universally global optimization framework for
identifying the physical parameters of serial manipulators
is presented, that account for the parameters bounds, linear
and nonlinear constraints. (2) The essential parameters with
better identification quality were first used to calculate the
objective errors instead of the base parameters. (3) The base
parameters, essential parameters and the physical parameters
of KUKA LBR iiwa 14 R820 robot were simultaneously
obtained by the method presented in this paper.

The paper is organized as follows. The identifica-
tion of essential parameters was shown in Section IIL.
Section III describes the calculation of the physical parame-
ters. In Section IV, the experiment results were given. Finally,
discussion and conclusion were given in Section V.

Il. ESSENTIAL PARAMETERS IDENTIFICATION
A. INVERSE DYNAMICS IDENTIFICATION MODEL

By considering the rigid link dynamics with Lagrange
method or Newton-Euler algorithm [39], the iiwa robot
motion equations can be described as

1 = M(q)q + C(q. 9)q + g(q) + Fyq + Fcsign(g), (1)
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where ¢, ¢, € W1, with n is the degrees of freedom of
the robot, are the vectors of joint position, velocities and
acceleration, respectively. M (g) € R"*" is the symmetric and
positive-definite inertia matrix of links, C(g, §) € R"*" is the
centrifugal and Coriolis matrix of links, and g(g) € 0! is
the gravity vector of links. F, and F. € "> are the diagonal
matrices of the viscous and Coulomb friction parameters.
77 € W1 is the joint torque readings of the torque sensors
built in the robot.

To derive the linear model below of dynamics equation
for dynamic parameters identification, the modified Newton-
Euler method [1] is used in our case.

Ty = Y(CI’ 47 21.)7.[’ (2)

where Y(q, ¢, §) € ®W"12" is the observation matrix which
depends only on the motion data, 7 = [an ey rrnT 7 e
1271 is the dynamic parameters of links, where for each
linki,i =1,...,n, the parameter vector 7; is defined as

i = [M;, MX;, MY;, MZ;, XX;, XY},
XZ;, YY;, YZ;, 7Z;, FV;, FCT. (3)

Because some inertial parameters are completely uniden-
tifiable and some others can only be identified in linear
combinations, the set of parameters 7 to be identified can be
reduced to a minimal set of parameters, which are referred
to as base parameters m;, € RE*L b is the base parameters
number and itis 57 in this paper. The regrouping relationships
between 7 and 7, can be found in [12]. Therefore, (2) can be
modified to

1y = Yu(q, q, 7, 4)

where Y5(q, 4, 4) € W™’ is the observation matrix with

full rank after deleting the linearly correlated columns in
Y(q. 4, 9.

In order to identify the dynamic model, the measured data
of joint positions g and joint torques 77 are needed. The
joint velocities ¢ and accelerations g are calculated from the
measured joint positions g. After K data samplings of the
robot during the experiments, one can apply the standard
least-squares method to solve the base parameters by

(1) Ya(g(1), g(1), §(1)
| = ; T (5)
7,(K) Yo(q(K), §(K), §(K))
%/__/
T 7[7
=YV 'Y, 75, 6)

where Y, € %K%0 and 7, € RE"*! gre the stacked matrix of

Y, and the stacked vector of measured joint torque vectors 1,
respectively.

In order to reduce high frequency noise, the measured
data of joint position and joint torque is filtered. Details
about the data acquisition and signal processing can be found
in Section II-C and Section IV-B. In order to understand
the identified quality of the individual parameter in (6),
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an indicator, which is called the relative standard deviations
(RSD) [37], is adopted. The calculation process of the RSD
for the base parameters follows the equations below.

;.00 = 100007,/ | 1)),

On; = VCr (. ),

Co =02V ¥y,

o} = |T; — Yympl?/(Kn — b),

(N

where oy, ., is the RSD of the j-th identified parameter in
TTh, Og; is the standard deviation of the estimation error of
the parameter j,j = 1, ..., b. C; is the variance-covariance
matrix of the estimation error, and O’g is the variance of the
parameter estimation.

If the RSD of an identified parameter is very large and
its value is close to zero, then this parameter can be con-
sidered as a poorly identifiable parameter because its con-
tribution to the dynamics model is negligible. Therefore, this
parameter can be removed in order to simplify the dynamics
model and a new set of parameters can be defined, which is
called as essential parameters denoted by .. The essential
parameters are calculated using an iterative procedure starting
from the base parameters estimation. At each iteration the
base parameter which has the maximum RSD is cancelled.
Then, a new set of parameters with new RSD is repetitively
identified. The procedure ends when all parameters with
absolute values less than 0.01 and corresponding RSD values
larger than 40% are removed. It should be noted that the
values 0.01 and 40% are chosen that work best for this
problem. The readers should consider the trade-off between
torque prediction accuracy by essential parameters and bet-
ter identification quality of essential parameters for their
own case to determine the values. The identified essential
parameters will be used to calculate the objective function
of the proposed nonlinear optimization problem of extract-
ing the physical parameters in this paper. More details and
results about the identified essential parameters are presented
in Section IV.

B. OPTIMAL EXCITATION TRAJECTORIES

In order to improve the accuracy of the least-squares solu-
tion of (6), an optimal excitation trajectory is needed to
obtain a well-conditioned observation matrix. In this paper,
the classical parameterization Fourier series [15] are selected
as optimal excitation trajectories and the optimal criterion
to be minimized is the condition number of the observation
matrix. The optimal excitation trajectory equation and the
criterion rule with its constraints are shown as,

L

gi(t) = Z(% sin(ewylt) — #I Cos(a)flt)> Ci=1,....n,

=1
(8)
min cond(Yp), Vi={l,...,n}, YI={l,...,L}, (9)

aii,bi
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with constraints
T
L Cli’l L bl,l L B
[T s s ] <o
L 1
Zl:l 7W = Wfqimax, (10)
L .
Zl:l W = qi,max>

where L is the number of sine and cosine terms, a;; and
b;; are optimized trajectory coefficients, the fundamental
frequency is % The function cond(.) is used to solve the
condition number of observation matrix Y. The first con-
straint in (10) is to ensure the zero initial joint positions,
velocities and accelerations of optimal excitation trajecto-
ries. The second one and the third one are to make the
optimal trajectories satisfy the joint positions limits and
joint velocities limits of KUKA LBR iiwa robot. More
details and results about the optimal trajectories are shown
in Section IV.

C. DATA ACQUISITION AND SIGNAL PROCESSING

The joint position and joint torque data are collected from the
sensors in iiwa robot when the optimal excitation trajectories
are run. Unfortunately, the joint torque data contains mea-
surement noise. In addition, it is necessary to select an appro-
priate method to process the joint velocity and acceleration
estimates used for dynamic parameters identification based
on the measured joint position. Therefore, it is necessary to
conduct signal processing to clean up the measured data,
improve the signal-to-noise ratio of joint torque and joint
position measurements and have an exact calculation of joint
velocity and acceleration estimates.

Since the measured data are periodic, the signal-to-noise
ratio can be improved by data averaging without using a
lowpass noise filter. Averaging filter improves the quality
of the data with the square root of the number of measured
periods. The averaging of a signal x consisting of M periods
of K samples is given by

1 M
(k) = o m;xm(k), (11)

where x,,(k) indicates the kth sample within the mth period
and x(k) denotes the average of x. For robot dynamic identifi-
cation, the signal x corresponds to the measured joint torque
signal and joint position signal.

Calculation of the observation matrix requires the esti-
mates of the joint velocity ¢ and joint acceleration g¢.
Although the common numerical differentiation method and
a low-pass filter can help to obtain the joint velocity and
joint acceleration with less noise in off-line case, however,
to obtain good filtering results, the filter coefficients of
the low-pass filter must be tuned very carefully. The tun-
ing process is time-consuming and the accuracy of esti-
mated joint velocity and acceleration would be reduced if
the filter coefficients were not selected well. To avoid this,
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a frequency-domain differentiation method originally pro-
posed in [10] is introduced here to estimate the joint velocity
and acceleration. Firstly, the averaged joint position data g(¢)
are transformed to the frequency domain data Q(k) by using
the discrete Fourier transform (DFT). Next, a rectangular
window multiplier is applied, where the spectrum is set to
zero at all but the selected frequencies, changes the data
to Qr (k). Afterwards, the resulting spectrum is then multi-
plied by the continuous-time frequency-domain representa-
tion of differentiators to velocity and acceleration by jw(k)
and —w(k)?, respectively, at the selected frequency, where
w(k) = 2nkf;/K, K is the number of samples of the signal
in one sampled period, k is the number of the kth sample
and f; is the sample frequency. Finally, a transformation
back into the time domain using the inverse discrete Fourier
transform (IDFT) yields the estimates of the first and second
time derivative of the joint position, that are the velocity
and acceleration. The velocity signal and acceleration signal
are almost free of noise, that is, noise is removed from all
frequencies except the selected ones. The measured averaged
joint torques Ty are filtered by the low-pass Butterworth
filter.

Ill. RETRIEVAL OF PHYSICAL PARAMETERS

The physical parameters are suitable combinations of geo-
metric and inertial data of the robot bodies, which specify the
mass, the position of the center of mass, and the symmetric
inertia matrix for each robot link. For link 7, the physical
parameters are defined as

Hi = [mia I'Cix> Y'Ciy» T'Ciz» Ii)CXa Ii)cy’
T
Iixz7 Iiyy, Iiyz7 Iizzyfvi’fci] s (12)

where m; is the mass of link i, and [r¢,x, reyy, rciZ]T is the vec-
tor from the center of the i-zk link frame to the center of mass
of link i. f,,; and f;; are the viscous and Coulomb friction coef-
ficients of link i, respectively. [licy, lixy, linz, Liyy, liyz, Lz r
form the link i inertia tensor matrix Ic, with respect to the
center of mass of link i

Tixx Iixy Iixz
]Ci = Iixy Iiyy Il'yz . (13)

ixz I; vz I izz

The relationship between the dynamic parameters 7; in (3)
and the physical parameters p; in (12) are shown below. The
relationship of mass of link i between (3) and (12) is M; = m;,
the relationship of product of the mass and centroid vector
is MS; = myrc,, where MS; = [MX;, MY;, MZ",r¢c, =
[rcixs TCiys rc,-z]T, and the relationship between inertia tensor
I; related to the origin of the i-th link frame and I, related

to the center of mass of link i is I; = I¢;, + mi(rgl_rciE —
rcl.rgi) according to the parallel axis theorem, where I;
is formed by [XX;, XY;, XZ;, YY;, YZ;, ZZ;] in (3), E is the
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3 x 3 identity matrix.

M; = mj, XX; = Ijy, +m; - (r(%i}' + ra_z> ,

MX; =mj - repe, XY = licy — mj - ¢y - TGy
MY; =m; - reyy, XZi = Lix; — mj - rcix * ¥Cizo
MZ; =m; - rCiz» YY; = Ii}’}’ +m (rg‘,'x + r(%,z) ’
FVi=fvi, YZ; = liy; —mj - repy - ez,

FCi = fei, ZZ; = Iizz + m; - (ré.x + ré_y> :

In fact, only the estimated dynamic parameters 7 are not
sufficient and an estimation of the physical parameters [i
is needed at some time. For example, the inertia matrix
M (q) is needed for calculating the residual torque errors
during robot collision detection. The physical parameters are
needed because the inertia matrix computed by the dynamic
parameters by Newton-Euler method can not satisfy the prop-
erty of positive-definite matrix. To obtain consistent physical
parameters, a global optimization method and framework
with constraints guaranteeing physical feasibility, i.e., posi-
tive masses and positive definite inertia tensors, is proposed
in this paper. Instead of using the identified base parameters,
the objective function f (1¢) for the constrained nonlinear opti-
mization problem, namely the modulus of predicted torque
errors vector between the averaged measurement torque and

the estimated torque by the identified essential parameters,
is defined as

(14)

H}Linf(u) = |7/ = Yeme(w)|| . 15)
where u = [uf, ..., MZ]T is physical parameters set of
robot. It should be noted that all the measured data in the
right hand side of (15) have been averaged by (11). Y, is
the corresponding stacked observation matrix for the essential
parameters ., which can be obtained by eliminating the
column of Y, with respect to the ignored poorly identifi-
cation parameters in mp. (1) is the nonlinear relationship
between m, and . Firstly, the relationship w(w) can be
established by (14), then the regrouping relationship ()
can be established by the method described in [12]. Finally,
the relationship 7.(7rp) can be established by eliminating the
poorly identified parameters in p.

To obtain a feasible solution, the lower bounds LB and
upper bounds UB should be considered, which are referred
to bounds described in [29].

LB <u<UB (16)

In order to guarantee a physically meaningful result, con-
straints on the physical parameters u are introduced. Physical
constraints regard the mass of each link to be positive, namely
m; > 0, which can be implemented by the lower bounds LB.
In addition, the total sum of the link masses must be in a given

range, which is described as
n

Myob,min = Zmi =< Myob,max - (17)

i=1
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Besides, the inertia tensor of each link should be positive
definite, which impose the triangular inequality of the diag-
onal elements of the inertia tensor matrix [37] and prevent
big differences between them. The constraints of the inertia
tensor are described as

Lie < Liyy + lizz,

Iiyy < i + Iizzv

Iizz = Iixx + Iiyyy

max (Iixx» Ly, Iizz) < 100 - min (IiXX7 Liyy, Iizz) , (18)
3 [IjZZv Ik.vy]T = [min (Ijxx’ ijy) » N (Joer, Ikzz)]T ’

max (|Iixy|s [Zixz |, |]iyz|) <0.1-min (]ixxv Liyy, Iizz) )
Vi={1,...,7}, Vj={l,3,5}, Vk ={2,4}.

In (18), the biggest diagonal term of the inertia can not
exceed to the smallest one too much. Moreover, the smallest
diagonal term of the inertia of links one to five is forced to
correspond to the axis parallel to the link length. It should
be noted that the fifth constraint in (18) is only used to make
the identified physical parameters compatible with the iiwa
robot model in Gazebo in our case. In fact, it is not necessary
in the proposed framework. If the reader’s robot is not an
iiwa robot, this constraint can be ignored. Finally, the non-
diagonal elements of the inertia tensor matrix should be small
compared to the diagonal ones.

TABLE 1. The proposed physical parameters retrieval algorithm.

Proposed Nonlinear Optimization Algorithm:

1 Load 75 and Y . data;

2 for (k=1;k < k;k++)

3 //Initialize the starting iteration value

4 po<+ LB+ (UB— LB)u,withu € (0,1);

5 // Solve the following optimization problem
ming, f(ur) = HFJ — Yeme(pn) H

6 st.LB < pup <UB
with constraints (17) and (18);

7 end

8 fo=min(p1, ..., pr);

In order to describe the retrieval algorithm of physical
parameters more clearly, the pseudo-code of the global opti-
mization framework proposed in this paper for the opti-
mization problem is shown in Table 1. The first step of the
algorithm is to load the averaged and stacked vector T; and
Y., which are collected and calculated by the sensors reading
of iiwa robot. Then, the constrained nonlinear optimization
problem is solved by « times, at a given stepk = 1, ..., k,
in a loop. At every step in the loop, the initial value for
the optimization iteration is randomly selected and updated
between the lower and the upper bounds using a uniform
distribution. Afterwards, the nonlinear optimization problem
is solved by a global optimization algorithm with considering
the lower and the upper bounds and the constraints mentioned
above. In this paper, the applied global optimization method
is the multi-start algorithm because it is a global optimiza-
tion method and it contributes to obtaining better optimal
solution in our case compared with other global optimization
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algorithms in MATLAB, such as GlobalSearch. Multi-start
approach can find a global solution or multiple minima solu-
tions, which starts a local solver (such as fmincon) from
multiple start points. The iteration process will end when the
termination conditions are satisfied, such as the maximum
iteration numbers. The proposed parameter retrieval frame-
work makes contribution to finding a global optimization
solution compared with those local optimization methods.
In addition, it is easy to introduce some constraints, such
as the triangle inequality of the inertia tensors, eventually
ensuring the algorithm to obtain a meaningful solution. More
experiment results can be found in next section.

20, z1, 2, 23, 25, y6, 7

ds

d3

FIGURE 2. The MDH link frames of the KUKA iiwa robot.

TABLE 2. The kinematic parameters of the KUKA iiwa robot.

Jointi 6; d; a; 07}
1 0 0 0 0
2 0 0 0 w2
3 0 042m O —7r/2
4 0 0 0 -m/2
5 0 040m 0 /2
6 0 0 0 x/2
70 0 0 —m/2

IV. EXPERIMENT RESULTS AND VALIDATION

A. KUKA LBR IIWA 14 R820 ROBOT

The KUKA LBR iiwa 14 R820 robot is equipped with n =7
revolute joints and a torque sensor is mounted in each joint
after each of the gearboxes. Moreover, the robot is equipped
with joint position encoders. Figure 2 and Table 2 show the
iiwa robot and its kinematic parameters according to the mod-
ified Denavit-Hartenberg (MDH) convention, respectively.
It is possible to control the iiwa robot by KUKA Sunrise
Toolbox [40], iiwa stack [41] or other software packages.
In this paper, the authors control the robot through the iiwa
stack, which can support Robot Operating System (ROS)
programming and help the users to control the robot easily.
This software package is able to provide functions to read
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the sensors data of joint position ¢ and joint torque ;. These
data will be of fundamental importance for the identification
of the dynamic model of the robot. Moreover, it supports lots
of control modes, such as joint position control mode, joint
velocity control mode, and impedance control mode in both
joint space and Cartesian space, which can be selected by the
users based on their requirements.

B. ROBOT EXCITATION, DATA ACQUISITION AND

SIGNAL PROCESSING

In the parametrized Fourier series (8), the number of sine and
cosine terms is set to L = 5 and the fundamental frequency
to fy = 0.05 Hz here. Therefore, the duration of the trajectory
is 20 s . The joint position and joint velocity limits of (10)
used in this paper are listed in Table 3. By considering the
optimization problem described by (8)~(10), the optimal
excitation trajectories are designed and shown in Figure 3,
which gives a condition number of cond(Y,) = 156.3.
In this paper, our iiwa robot is fixed on a wooden desk,
therefore, large motion velocity of the robot will make the
desk vibrate and deteriorate the collected data. So, for a
trade-off between good data measurement and low condition
number, the velocity limits are reduced compared with the
ones in iiwa manual, which makes the condition number more
than 100.

TABLE 3. Joint position and velocity limits for trajectory optimization.

Joint ¢ 4i,min _4di,mazx Q'L,'mzn qi,muz
1 -140° 140°  -45°/s  45°/s
2 -97.5°  97.5°  -45°s  45°/s
3 -140° 140°  -90°/s  90°/s
4 -97.5°  97.5°  -60°s  60°/s
5 -140° 140°  -100°/s  100°/s
6 -97.5°  97.5° -100°/s 100°/s
7 -152.5° 152.5° -100°/s 100°/s

Joint position (rad)

i=2
i=6

10 15 20
Time (s)

FIGURE 3. Optimal excitation trajectories for KUKA iiwa robot.

The optimal joint position commands shown in Figure 3 are
sent for the seven joints of robot in the joint position control
mode by iiwa stack package. The position and torque of each
joint are measured with a sampling frequency of f; = 500 Hz,
M = 20 periods of K = 10000 samples in one period to
construct the observation matrix Y . Then the averaging filter
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FIGURE 4. The computed joint acceleration signals comparison between
the acceleration filtered by the central differentation method (green
lines) and the acceleration filtered by the frequency filtering method (red
dashed lines). The blue lines denote the desired acceleration command of
the excitation trajectories.

described in (11) is used for the measured position and torque.
From the averaged position data, the joint velocity and joint
acceleration are calculated by the frequency filtering method
described in the end of Section II. In addition, the computed
joint acceleration of the robot for the excitation trajectories is
shown in Figure 4 by using the frequency filtering method and
the central differentation method, respectively. The results
show that the obtained acceleration signal by the frequency
filtering method is more clear than the one by the classical
central differentation method. The averaged joint torque is
filtered by a low-pass Butterworth filter with an order of 4
and a cutoff frequency of 6 Hz.

C. ESTIMATION OF ESSENTIAL PARAMETERS

By using the averaged and filtered joint position and torque
and the estimated joint velocity and acceleration calculated
above, the observation matrix Y, can be computed and
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TABLE 4. Identified base parameters 75, and RSD o.

ey T c% | ™ T % ey T o%
ZZy 00681 11.48| ZZr4 1.0424 0.61 | XZ7 -0.0426 3.01
XXy 25453 0.81 | MXy 0.1030 0.65 |YZ7 -0.0112 11.84
XY> 0.5347 2.16 |MYyr4 -3.5033 0.02 | ZZ7 -0.0313 5.33
XZy -1.0326 147 | XX,5 0.1817 490 |[MX7 -0.0116 3.69
YZy -0.1019 7.38 | XY5 0.0098 45.78 | MY7 0.0014 25091
ZZro 29141 056 | XZs -0.0375 11.41 | F'V7 -0.0361 37.43
MXs 0.1448 0.73 | YZ5 -0.0203 21.08 | F'V, 0.5078 3.36
MY 7.0581 0.02|ZZ,5 -0.0394 12.46 | F'V3 0.3798 2.10
XX,z -02116 6.24 | M X5 0.0103 7.34 | F'Vy -0.2160 5.96
XYz -0.0605 11.79|MY,5 0.0548 1.16 | F'V5 -0.0010 790.81
XZ3 -0.2259 395 | XX,¢ 0.1738 3.05 | FVg 0.0925 9.25
Y Z3 -0.0412 20.58| XY 0.0004 561.23| F'Vz 0.0491 13.81
ZZy3 0.1806 4.06 | XZg -0.0062 35.66 | FCy1 02170 1.99
MX3 -0.1603 0.84 | YZs 0.0493 523 | FC2 0.4881 1.01
MY,3 0.0359 238 |ZZ,¢ 0.1492 234 | FC3 0.0310 13.73
XXrq 07817 1.68 | M Xg 0.0009 51.84 | FCy4 0.1820 2.63
XY, -0.1130 527 |MYye 0.8448 0.06 | FC5 0.0897 5.13
XZy 00753 837 |XX,7 0.0737 338 | FCe¢ 0.1740 2.38
YZ, -02795 1.85| XY7 0.0141 10.10 | FC7 0.1561 2.90
The subscript *r’ denotes parameters regrouping.

TABLE 5. Identified essential parameters e and RSD ¢.

Te Te % Te Te o% | Te Te %
ZZr1 0.0681 11.46| ZZ,4 1.0422 0.61 | XZ7 -0.0422 2.93
XX 25435 0.81 [ MX4 0.1034 0.62 |YZ7 -0.0113 11.42
XY> 0.5331 215 |MYy4 -3.5037 0.02 | ZZ7 -0.0319 5.15
XZy -1.0332 147 | X X,5 0.1821 4.83 | M X7 -0.0110 2.97
YZy -0.1020 7.37 | XY5 - - | MY7 0.0015 23.68
ZZyro 29148 0.55| XZs -0.0378 10.74| F'V1 -0.0374 36.02
MXo 0.1448 0.73 | YZ5 -0.0163 24.35| F'V> 0.5036 3.36
MY, 7.0583 0.02|ZZ,5 -0.0403 12.11| F'V3 0.3812 2.08
X X3 -02095 6.25 | M X5 0.0106 6.83 | FVy -0.2161 5.95
XYz -0.0584 11.97|MY,5 0.0549 1.14| F'Vs - -
XZ3 -0.2273 391 [ X X6 0.1743 3.02 | FVs 0.0955 8.88
Y Zz -0.0411 20.63| XYs - - | FVz 0.0486 13.93
ZZr3 0.1852 3.79 | XZg -0.0077 25.19| FC1 0.2170 1.98
MXs3 -0.1602 0.84 | YZs 0.0510 4.81| FC> 0.4896 1.00
MYy3 0.0358 237 |ZZ.s 0.1482 2.31| FC3 0.0306 13.88
XXrq 07743 1.61 | M Xg - - | FC4 0.1805 2.63
XY, -0.1104 520 |MYye 0.8446 0.05| FCs 0.0882 3.13
XZ4 0.0826 691 [ XX,7 0.0755 3.17 | FCs 0.1744 237
YZ, -02809 1.81| XYz 0.0147 9.27 | FC7 0.1562 2.90
The subscript '’ denotes parameters regrouping.

the least-squares optimization problem (6) is solved. The
results of the identified 57 base parameters 7;, are given
in Table 4 together with their RSD, which are indicators of
the quality of the individual parameter estimates. However,
from the Table 4, it can be found that the RSD of the four
parameters, XYs, XYe, MXg, FVs, are large and the values
of the four parameters are close to zero. Therefore, their
contribution to the dynamics model is negligible and the four
parameters can be removed when calculating the essential
parameters. The calculation procedure has been described at
the end of Section II-A. Finally, the identified 53 essential
parameters 7, are given in Table 5 together with their RSD,
which are all no more than 40%. Figure 5 compares the
averaged measured torque for the excitation trajectories with
the predicted torque based on the identified base parameters
and essential parameters. The curves indicate that the joint
torque can be predicted accurately for all joints of iiwa robot
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FIGURE 5. Model validation based on comparison between mesaured
torque filtered by a low-pass filter (black lines) and the predicted torque
by the identified essential parameters 7¢ (red lines), predicted torque by
the identified base parameters 7, (blue dashed lines) and predicted
torque by the identified physical parameters /i (green dashed lines) for
the excitation trajectories.

except for the seventh joint. One reason for this is that the
mass and absolute range of torque of joint seven are much
smaller compared to the other joints, which makes it hard to
predict the torque of seventh joint accurately.

D. ESTIMATION OF PHYSICAL PARAMETERS

The physical parameters p in (12) of the iiwa robot have
been retrieved by solving the nonlinear optimization problem
presented in Table 1. In order to solve the nonlinear opti-
mization problem, the algorithm multi-start and its related
functions in MATLAB are used. The optimization algorithm
in Table 1 is launched for x = 5 times. In every iteration
loop, the maximum iteration times of the objective function
are set to 100000. The total optimization time is 9854.5 s in

108025



IEEE Access

T. Xu et al.: Dynamic Identification of the KUKA LBR iiwa Robot

TABLE 6. Lower bounds (LB) and upper bounds (UB) of the link mass,
position of center of mass and the friction coefficients of iiwa robot and
the optimal solution ji obtained in this paper and the one i[37]
reported in [37].

w LB UB 4o BT 4 LB UB p  AB7

mi 1 6 1.0000 3.9478 |rcy, -03 0.05 -0.2390 -0.2113
mo 1 6 5.5609 4.5028 |rcg, -0.05 0.05 0.0074 0.0005
m3 1 6 59199 24552 |rcg, -0.05 0.15 0.1500 0.0202
my 1 6 6.0000 2.6116 |rc,, -0.05 0.05 -0.0232 -0.0275
ms 1 6 2989 3.4100 |rc,, -0.05 0.05 -0.0029 -0.0347
me 1 6 10000 3.3880 |rc,, -0.05 0.05 8.1e-04 -0.0232
my 1 5 3529 03543 |rc,, 0.1 04 0.1998 0.0714

rc,, -0.05 0.05 -0.0180 -0.0035| f,1 0.1
rCy, -0.05 0.05 0.0455 0.0016| fo2 0.1
rc,, -04 0.05-0.1050 -0.0314| f,3 0.1
rCy, -0.05 0.05 0.0219 -0.0077| fya
TCy, 0.05 0.3 0.1218 0.1667 | fus
rc,, -0.05 0.05 0.0500 -0.0036| f.6
rCy, -0.05 0.05 -0.0216 -0.0023| fy7
rCg, -0.05 0.05 0.0500 -0.0349| fe1
rcy, -0.3 0.05 -0.3000 -0.0265| fe2
rc,, -0.05 0.05 0.0161 0.0002 | fc3
rCy, -03 0.05 -0.2004 -0.0527| fes
rc,, -0.05 0.05 -0.0425 0.0382 | fes
TC5, -0.05 0.05 5.6e-04 5.0e-05| feo 0.1267 0.1339
rcg, “0.05 0.05 0.0131 -0.0024| fe7 1 0.1372 0.0871
The units of link mass m are kg, the units of the position of the center
of mass r¢ is m and the units of friction coefficient f, and f. are
N.m.s/rad.

0.2968 0.2415
0.1638 0.3733
0.2853 0.1103
0.1000 0.1000
0.1000 0.1000
0.1000 0.1248
0.1000 0.1000
0.2377 0.3191
0.5253 0.1813
0.0334 0.0730
0.1255 0.1767
0.0734 0.0346

b b e e b e e e e e

coococococollPee
oo o

MATLAB on a laptop computer with i5-8250U-1.60Ghz and
16 GB memory. For the bounds of link mass, a non-negative
mass for each link is considered and a common upper limit,
such as 6 kg, is assumed for simplicity. By considering the
light seventh joint with a payload in our case, the upper mass
limit for it is increased to 5 kg. The total sum of the link
masses Myop,min and Myop max are set to 16 kg and 26 kg,
respectively. In addition, for each link, the center of mass is
simply assumed to be located inside the smallest parallel box
which includes the link geometry [29]. For the bounds of the
elements in the inertia matrices, the mass distribution and the
position of the center of mass for each link is evaluated with
the aid of CAD tools. By assuming the friction coefficients as
non-negative, the upper limits are set to 1 and the lower limits
of viscous friction coefficients are set to 0.1. Trading off
between the desire of strict bounds, so as to limit the feasible
set when searching for a candidate solution, and the need of
larger bounds, not to cut off any potential good candidate,
the used LB and UB are eventually selected in Table 6 and
Table 7. In order to cover the largest surface of f(u) within
the feasible set, the starting point 11 at each search iteration
is randomly selected by o = LB + (UB — LB)u, u € (0, 1).

The final optimization solution i obtained with the pro-
posed optimization framework is reported in Table 6 and
Table 7. The objective function value (1) at the optimal
solution is 75.06 N.m. From the table, it can be seen the
solution is in the range of the LB and UB. In addition, the mass
and the elements of inertia matrix in the optimal solution
satisfy the constraints (17) and (18) completely. The predicted
torque estimated by the identified physical parameters /i for
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TABLE 7. Lower bounds (LB) and upper bounds (UB) of the elements of
the link inertia matrix / of iiwa robot and the optimal solution /i obtained
in this paper and the one /i[37] reported in [37].

w LB UB § BT T LB UB L ekl
Tizz 1604 1 05468 0.0046 |I1,, le-04 1 1.0e-04 00114
Iay -1 1 00082 0.0000 Iy, -1 1 -1.0e-05 -0.0011
Iig= -1 1 00116 -0.0000 |Is., 1e-04 1 4.0e-04 0.0499
Tiyy le-04 1 0.6997 0.0045 |I55, le-04 1 3.0e-04 0.0028
Iy -1 1 -00136 1.0e-05|Iszy -1 1 1.0e-05 -1.0e-05
I, 1le04 1 01625 29e-04 |Is,, -1 1 -9.8¢-06 1.0e-05
Ipze 1e-04 1 00022 0.0003 |I5,, le-04 1 3.0e-04 0.0028
Inzy -1 1 73e05 00000 |I5,, -1 1 9.8e-06 -0.0000
Ing. -1 1 -73e-05 0.0000 [I5.. le-04 1 1.0e-04 1.2e-04
Inyy le-04 1 73e04 1.0e-04 |Iopp le-04 1 1.0e-04 5.0e-04
Iny: -1 1 -73e-05 -0.0000 |l6zy -1 1 -9.9e-06 -5.0e-05
Io.. 1le-04 1 00029 0.0004 Iz -1 1 -1.0e-05 -3.0e-05
Ize 1e-04 1 3.0e-04 0.0022 |Igy, le-04 1 1.0e-04 0.0028
Iszy -1 1 -54e-06 -5.0e-05|lgy, -1 1 9.9e-06 -4.0e-05
I3z -1 1 -1.0e-05 7.0e-05 |Ig,. le-04 1 1.0e-04 0.0023
I3y, le-04 1 4.0e-04 00022 |I75, le-04 1 0.0081 0.0080
Isy. -1 1 9806 7.0e-05|I7zy -1 1 -9.1e-06 2.2e-04
I3, 1e-04 1 1.0e-04 7.3e-04 [I7,, -1 1 -9.9e-06 -2.9e-04
Lize 1e-04 1 3.0e-04 0.0384 |I7,, le-04 1 1.0e-04 0.0109
Lizy -1 1 99e-06 8.8e-04 |I7,, -1 1 -9.9e-06 -2.9e-04
Ise- -1 1 99e-06 -0.0011|I7.. le-04 1 0.0080 0.0029

The units of inertia tensor matrix I are kg.m?.

the excitation trajectories are plotted in Figure 5. Compared
with the measured torque, the physical parameters can also
predict the joint torque accurately like the identified base
and essential parameters. In general, the reported solution
[ cannot be qualified as the ‘true’ physical parameters.
Nonetheless, it satisfies the dynamics model equations, and
can be safely adopted, e.g., to compute the inverse dynamics
by means of a Newton-Euler algorithm.

E. IDENTIFIED RESULTS VALIDATION

In order to validate the joint torque prediction accuracy by the
identified base parameters, essential parameters and physical
parameters, three reference trajectories gy j(t),j = 1,2, 3,
are designed and the comparison is done between the mea-
sured joint torque and the predicted torque calculated by the
estimated parameters based on robot tracking the reference
trajectories. The excitation trajectories in Figure 3 is selected
as the first reference trajectory, grr,1(t), for a direct valida-
tion and the comparison between the measured torque and
predicted torque is shown in Figure 5. The results show the
estimated joint torque by the identified parameters, which
includes base parameters, essential parameters and physi-
cal parameters, can be predicted accurately compared with
the actual measurement joint torque. The second reference
trajectory is designed as a cosine trajectory gpr2(t) = A
(coswt — B), in which A = [, %, 5 %, 5, %, 51
B = 0.1 and w = 0.03. The third reference trajectory is
designed with very slow joint velocity. In order to quantify
the errors between the measured torque and predicted torque,
the root mean square (RMS) errors are computed and the
resulting RMS values for the three reference trajectories are
given in Table 8. From the table, it can be found that the
total RMS values of predicted torque errors are approximate

VOLUME 8, 2020



T. Xu et al.: Dynamic Identification of the KUKA LBR iiwa Robot

IEEE Access

TABLE 8. The RMS of predicted torque errors between the measured
torque and estimated torque by the identified parameters for three
reference trajectories.

Joint

7y

AQref,1 dref,1 ref,1
R

RMS

e

MS

i

RMS

T

Qref,2 ref,2 Qref,2
R

RMS

e

MS

i
RMS

T

e

i

dref,3 dref,3 dref,3

RMS RM

S

RMS

ST W N

PSR,
1 T e T

~
|
-

0.320
0.407
0.205
0.299
0.125
0.122
0.111

0.320
0.407
0.205
0.299
0.125
0.123
0.111

0.330
0.488
0.191
0.383
0.093
0.107
0.117

0.297
0.288
0.129
0.128
0.076
0.103
0.193

0.297
0.287
0.129
0.128
0.075
0.106
0.193

0.282
0.273
0.114
0.158
0.071
0.069
0.204

0.378
0.497
0.287
0.274
0.181
0.152
0.230

0.378
0.497
0.287
0.274
0.180
0.152
0.230

0.359
0.475
0.268
0.328
0.157
0.162
0.237

Total

1.589

1.589

1.709

1.215

1.215

1.171

1.999

1.997

1.985

The units of RMS of the predicted torque errors are N.m.

calculated by the identified parameters for each reference
trajectory, which indicates high precision of the joint torque
prediction by the identified parameters. In addition, the RMS
values in the third reference trajectory are largest and the
ones in the second reference trajectory are smallest. One
reason is that the viscous and Coulomb friction model used
in this paper is not accurate enough. The final reference
trajectory with lower motion velocity and acceleration leads
to more complex joint friction torque, such as inclusion
of the Stribeck effect after motion just starting. However,
the simple viscous and Coulomb friction model used in this
paper cannot model it completely. Therefore, the joint torque
prediction accuracy for the final reference trajectory is worse
than that for the first two reference trajectories. The reason
for the second reference trajectories with smallest RMS is
that the measured torques of all joints except for the seventh
joint in the second reference trajectories are the smallest ones
compared with other two trajectories.

F. COMPARISON WITH OTHER METHODS AND AN
APPLICATION FOR THE IDENTIFIED

PHYSICAL PARAMETERS

In this subsection, the results of comparison of estimated
torque is given in Figure 6 and Table 9 between the proposed
method and the methods in [30] and [37]. The predicted
torques in Figure 6 are calculated by the identified physical
parameters obtained by the three different methods based on
the excitation trajectories data and the same friction model in
our case. From the figure and table, it can be seen that the
torque estimates from the proposed method is better than that
of previous methods in [30] and [37]. For example, the total
RMS value and the objective function value of the nonlinear
optimization in the proposed method are all the smallest one
according to Table 9.

In addition, an application for calculating the momentum
observer used for robot collision detection by the identified
physical parameters is given in Figure 7 and Table 10 based
on the three different methods. For more details about the
momentum observer and collision detection refer to [5]. The
data for calculating the residual signal is based on the second
reference trajectories. It should be noted that there is no actual

VOLUME 8, 2020

100
E
Z 0
~
-100
0 10 20 0 10 20
Time (s) Time (s)
(a) Joint 1. (b) Joint 2.
g El
Z Z
S S
0 10 20 0 10 20
Time (s) Time (s)
(c) Joint 3. (d) Joint 4.
E
£
=
0 10 20 0 10 20
Time (s) Time (s)
(e) Joint 5. (f) Joint 6.
1
N A Iy
’g 0.5 Vo [\ Measured torque
Estimated torque by proposed methox
% 0 -——— E;lmu:cj :m?,uc gi EIcSwu ?n [3‘0] !
S AR ™ Estimated torque by method in [37]
-0.5P\/ ll/\J |/’
0 10 20
Time (s)
(g) Joint 7. (h) Legend.

FIGURE 6. Estimated torque comparison between measured torque
filtered by a low-pass filter (black lines) and the predicted torque by the
identified physical parameters from the proposed method (red lines),
the method in [30] (blue dashed lines) and the method in [37] (green
dashed lines) for the excitation trajectories, respectively.

TABLE 9. The RMS of predicted torque errors between the measured
torque and estimated torque by the identified physical parameters from
three different methods for the excitation trajectories.

Joint RMS of RMS of RMS of

the proposed method | the method in [30] | the method in [37]
i=1 0.3299 0.4977 0.3314
i=2 0.4878 0.5087 0.5110
i =3 0.1905 0.4117 0.2112
i=4 0.3826 0.4706 0.4674
i=5 0.0933 0.2850 0.1175
i =06 0.1070 0.2506 0.1174
=7 0.1174 0.3412 0.1429
Total 1.7085 2.7656 1.8989
Fval 75.06 143.26 82.59

All the units in this table are N.m. Fval means the objective function
values of three different nonlinear optimal methods at their corre-

spondi

ng optimal solutions.

collision occurring during the robot motion in the second
reference trajectories. In ideal condition, the residual signal
in Figure 7 should be zero when there is no collision for robot.
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FIGURE 7. Comparison of momentum observer output calculated by the
identified physical parameters from the proposed method (red lines),
the method in [30] (blue dashed lines) and the method in [37] (green
dashed lines) for the second reference trajectories, respectively.

TABLE 10. The maximum residual values for each joint estimated by the
identified physical parameters from three different methods for
the second reference trajectories.

Joint | Max. residual of Max. residual of | Max. residual of
the proposed method | the method in [30] | the method in [37]
i=1 0.6499 0.5546 0.6376
i=2 1.1931 1.5307 1.2118
i=3 0.2498 0.4706 0.2949
i=4 0.4140 0.6224 0.7976
i=5 0.2019 0.4203 0.3224
i=6 0.2672 0.3563 0.3100
i=T7 0.5670 0.8164 0.5900

All the units in this table are N.m.

However, in fact, the residual signal is not zero even with-
out collision because of the inaccurate dynamics. To detect
a possible collision, a constant detection threshold for each
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joint should be set which should be larger than the corre-
sponding maximum residual value in Table 10. Otherwise,
false positives would happen. For example, the thresholds
of joint 4 can be set to 0.5 (>0.4140), 0.7 (>0.6224) and
0.9 0.7976) according to the values in Table 10 calculated
by the proposed method and the methods in [30] and [37],
respectively. It should be known that larger thresholds will
reduce detection sensitivity. Therefore, the residual signal
estimated by the parameters obtained from our method can
contribute to higher detection sensitivity than the ones by
other two methods. In general, collisions usually occur at the
last four joints, therefore, more attention should be focused
on them.

Compared with the method in [30], the main difference
is that the objective function, predicted torque errors, is cal-
culated based on the identified essential parameters and
the corresponding observation matrix in our case. However,
the objective function was calculated based on the identi-
fied base parameters in the supplementary material of [30].
Compared with using the base parameters to calculate objec-
tive function, one direct advantage of using essential param-
eters with high identification quality is that the predicted
accuracy of joint torque is significantly improved, such as
the RMS value and objective function value in Table 9. The
reason that the predicted results shown in [30] are accurate
may be that it benefits from using the reverse engineering
method which can contribute to obtaining base parameters
with lower RSD values, and using the more complete friction
model. Thanking to the method in [30], it gave us inspiration
to propose our framework in this paper.

Compared with the method in [37], one difference of the
proposed method is using a global optimization instead of a
local optimization. In addition, the objective function of the
nonlinear optimization is computed based on the essential
parameters and the corresponding observation matrix, not
the base parameters in [37]. One advantage of the proposed
method is that the predicted accuracy of joint torque is
improved compared to that of the method in [37]. In addition,
another advantage is that the identified physical parameters
by the proposed method can be used to obtain higher colli-
sion detection sensitivity compared with the ones calculated
by other two methods in [30] and [37]. Both the identified
physical parameters in this paper and the ones reported in [37]
are shown in Table 6 and 7. Although the values of two sets of
parameters are different, both of them can be used to predict
the joint torques. It should be noted that, however, compared
with the iiwa robot used in [37], there is a difference that our
iiwa robot is fixed with a payload. Therefore, it can be seen
that m7 in our case is larger than the one in [37] in Table 6.
Of course, payload contribution can be also removed by the
method in [42] to obtain comparable parameters for the mass
of link 7. In addition, although the used LB and UB are not
shown in [37], one point can be certain that our LB and
UB are different from theirs. For example, m7 is equal to
0.3543 in [37], which is obviously not in the range (1 ~ 5) of
LB and UB in our case. By exploring the relationship between
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the identified elements of the link inertia matrix in Table 7 and
the constraints in (18), it can be found that both the optimal
ones in this paper and the ones of [37] are satisfied with the
triangular inequality constraints.

V. DISCUSSION AND CONCLUSION

In this paper, the problem of extracting the physical param-
eters, which described the dynamics of the robot, was
addressed by the proposed global optimization framework.
The base dynamic parameters with RSD values were firstly
identified by the standard least squares method. Based on the
results of identified base parameters, the essential parameters
were calculated and obtained by ignoring the parameters
close to zero with high RSD values. Afterwards, based on
the identified essential parameters with better identification
quality, a set of physical parameters were retrieved by solving
anonlinear optimization problem, taking into account several
constraints including the physical bounds on the total mass of
the robot and the triangle inequalities of the link inertia ten-
sors. Finally, the proposed framework for physical parameters
extraction and all the identified parameters were validated by
comparison experiments. In addition, a comparison between
the proposed method and the methods in [30] and [37] is
given. Then, an application of the identified physical param-
eters for calculating momentum observer is shown. The
experiment results show that the identified physical param-
eters by the proposed method can obtain better prediction
accuracy of joint torque and contribute to obtaining higher
collision detection sensitivity compared with the methods
in [30] and [37].

In our proposed framework, the physical constraints can
be easily added and avoids using complex penalty functions
like [30]. A major feature of the proposed framework is
that it is a universal algorithm of the physical parameters
retrieval for serial manipulators. In addition, it can be eas-
ily modified to include further nonlinear and physical con-
straints. In the nonlinear problem, the objective function was
computed by using the identified essential parameters with
better identification quality, instead of the base parameters.
The total RMS value and the objective function value at the
optimal solution by the proposed method were all the smallest
when compared with the methods in [30] and [37]. This
means that the proposed framework obtains more accurate
torque prediction and better optimization solution by using
the essential parameters. The identified physical parameters
in Table 6 and Table 7 can satisfy both the set bounds and
physical constraints. Therefore, the optimal solution is a set of
physically meaningful solution. The solution can be regarded
as the ‘optimal’ one, but it is not the ‘true’ one. It is possible
to get the true solution only if the strictly accurate bounds and
constraints can be added. Nonetheless, the optimal solution in
this paper satisfies all dynamics model equations and it can
be safely adopted, such as to compute the inverse dynamics,
collision detection and so on by means of Newton-Euler
method or Lagrange method. The base parameters, essential
parameters and physical parameters of iiwa robot are all
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identified and given in this paper. To the best of the authors’
knowledge, this is the first paper that show all the three kinds
of dynamic parameters of an iiwa robot, which can benefit to
the researchers in robotics to select the preferred one for their
research. The total RMS values in Table 8 are approximate for
each reference trajectory, which indicates the high precision
of the joint torque prediction of iiwa robot by all the three sets
of identified parameters.

The bounds used in this paper are not strictly accurate,
which limits the possibility of accessing to the true physical
parameters solution. In addition, more meaningfully physical
constraints need to be further explored. Therefore, in the
future work, the authors would like to explore more accurate
bounds and consider other possibly physical constraints, and
use the computed dynamics by the identified parameters for
robot collision detection and reaction control.
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