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Abstract  Dynamic models of robot manipulators with standard dynamic parameters are 
required for simulations, model-based controller design and external force estimation. The aim 
of this work is to identify the complete dynamic model of the 6-axis Stäubli RX-160 industrial 
robot. A convex optimization-based method is used for parameter identification. Consistent 
model parameters are obtained as the result of the optimization procedure subject to physical
constraints. Low-speed behavior of the robot being dominated by joint friction, the dynamic 
model includes an algebraic friction model consisting of the Coulomb and viscous friction com-
ponents along with the Stribeck effect. The coupled mechanical structure of the 5th and 6th
joints, and elasticity due to the presence of balancing springs are also represented in the pro-
posed dynamic model. The ordinary least square error method is used for the performance
evaluation of the convex optimization-based method. Estimated parameters from both methods 
are experimentally verified over identification and test trajectories. The identified model is finally 
used as a basis in the estimation of external forces acting on the robot’s end-effector. The pro-
posed sensor-less model-based approach for the estimation of external forces constitutes an 
alternative mean of experimental validation. Comparison of computed external forces with 
measured ones by an F/T transducer shows that the dynamic model obtained with the pro-
posed method provides an accurate estimation.  

 
1. Introduction   

Many robotic applications such as machining, welding or surgical operations require high per-
formances in terms of trajectory tracking with high accuracy and repeatability. In this context, 
design of advanced controllers, for both motion and force control applications, are based on the 
robot dynamic models and their performances depend largely on the model accuracy [1-3]. 
Realistic simulation of robot manipulators require also the knowledge of precise dynamic mod-
els, e.g., in surgical training simulators [4]. Furthermore, in model based controller design, tun-
ing of control parameters becomes easier in presence of precise dynamic models. Introduction 
of poor dynamic models in the control loops results in higher controller gains, which in turn am-
plify disturbances. 

High precision modelling necessitate a comprehensive approach for the establishment of the 
dynamic equations, as well as accurate model parameters. Robot manufacturers generally do 
not or only partly provide the dynamic model parameters. In general, these parameters turn out 
to be inaccurate for each individual robot because of the complexity of friction characteristics, 
disparities in manufacturing and assembly or operational conditions. Since dynamic parameters 
are not directly measurable, their identification is of great importance and constitutes an inter-
esting research topic [5-7]. 

The procedure of experimental parameter identification involves the modelling, exciting tra-
jectory generation, measurement, signal processing, parameter estimation, and model valida-
tion, where the exciting trajectory design and parameter estimation methods mainly affect the 
identification accuracy [5]. In order to improve the parameter estimation speed and reduce the   
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sensitivity to actuator and measurement noise, trajectories 
used in the experiments must be carefully generated. Further-
more, the generated trajectories should also excite all dynamic 
properties of the robot. Experiments show that intuitively cho-
sen trajectories are likely to provide poor excitation. 

Generation of sufficiently exciting trajectories can be 
achieved by an optimization procedure. The condition number 
of the regression matrix which improves the measurement's 
signal-to-noise ratio is proposed to optimize the exciting trajec-
tory [8]. Researchers mostly use finite Fourier series trajectory 
generation methods based on the minimum condition number 
of the coefficient matrix of the linearized dynamic equation [9, 
10]. Since the Fourier series are periodical, this method results 
in the continuous repetition of the trajectory and therefore the 
average filtered data improves the measurement's signal-to-
noise ratio. 

Numerical optimization methods are used to estimate dy-
namic model parameters from measured data recorded during 
experiments. The ordinary least squares (OLS) method [11], 
weighted least squares (WLS) method [12], maximum likeli-
hood estimation (MLE) method [13] and Kalman filter method 
[14] are commonly used approaches. A basic neural network 
[15], a modified genetic algorithm [16], a fuzzy adaptive differ-
ential evolution algorithm [17], artificial fish swarm [18], particle 
swarm [19] and deep learning [6] are among artificial intelli-
gence based identification methods presented in literature. 

In practice, identification techniques cannot always guarantee 
the estimation of physically feasible solutions [20]. The physical 
feasibility conditions are related to constraints such that the ki-
netic energy and inertia tensor must be positive definite, or that 
the sum of any two of the eigenvalues of the inertia tensor must 
be larger than the third one [21]. These constraint problems are 
usually treated within the linear matrix inequality (LMI) with semi-
definite programming (SDP) framework technique [22]. Experi-
mental results show that the enforcement of the physical feasibil-
ity constraints can improve overfitting [23]. Iteratively reweighted 
least squares (IRLS) [24], penalty-based optimization [7], and a 
universally global optimization methods [25] are proposed in 
order to obtain physically feasible model parameters. 

Convex optimization can be considered as a generalization 
of both least-squares and linear programming approaches. 
Advantages of the convex optimization are that, a convex fea-
sible region makes it easier to ensure that infeasible solutions 
are prevented while searching for an optimum in a constrained 
problem, and in conjunction with a convex feasible region, a 
convex objective function ensures that all local optima are 
global [26]. Therefore, reflecting prior knowledge about the 
system in terms of constraints to be satisfied in the least-
squares formulation, the convex optimization reduces the un-
certainties in parameter estimation [27]. 

Joint friction is also one of the important source of dynamic 
forces and should be modeled and identified adequately. The 
basic algebraic friction models include the Coulomb and vis-
cous effects, and the extended models are proposed by the 
consideration of static friction as an additional effect [28-30]. 

More complex static friction models involve the Stribeck effect, 
dominant at low speeds [31]. 

Performances of robot controllers, designed for fast and ac-
curate tasks, are deteriorated by external forces acting as 
physical disturbances. Real-time perception of external forces 
and their consideration in controller design improve the closed-
loop performances [30]. Additional F/T sensors are required to 
measure the external forces acting on the end-effector for 
proper force feedback to the local environment. However, it 
might be either technically difficult to mount such sensors or 
too expensive, according to the application. 

In this study, a sensor-less model-based method is proposed 
for the estimation of the external end-effector forces when the 
robot interact with the environment. The joint torques of the 
robot, computed through of the identified dynamic model, are 
subtracted from the measured joint torques in order to obtain 
the additional torques due to the external interaction. The 
wrench at the end-effector is calculated by means of the in-
verse transpose of the Jacobian matrix. This approach has 
been used in different robotic systems [32-34]. The method 
proposed in this paper can be regarded as an extension of 
Refs. [32, 33], with the consideration of a complex friction 
model and joint torques due to the external interaction. 

The main goal of this work is to identify a consistent dynamic 
model of the Stäubli RX-160 industrial robot (Fig. 1) as a case 
study. The base parameters, defined in a linear parameter 
vector of minimal order [35, 36], are used in the modeling 
equations of the robot. Base parameters are linear combina-
tions of the dynamic parameters of each link composing the 

 
 
Fig. 1. Coordinate frames of the Stäubli RX160. 
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robot and their use results in a well-conditioned over-
determined regression matrix. A friction model including the 
complex Stribeck effect is used and the mechanical coupling 
between the 5th and 6th joints of the robot is taken into account 
in order to establish a realistic dynamic model. 

A convex optimization algorithm dealing with linear, nonlin-
ear and conditional constraints is applied to obtain the consis-
tent dynamic model parameters. In order to minimize the im-
pact of measurement noise, optimal exciting trajectories are 
also generated within the convex optimization framework. The 
dynamic model obtained by the proposed method is validated 
through experimental analysis with the investigation of the 
sensor-less model-based external force estimation. The identi-
fied model is also compared to the one obtained by the ordi-
nary least squares method. 

The rest of the article is arranged as follows: In Sec. 2, kine-
matics and dynamics of the Stäubli RX-160 robot is introduced. 
Sec. 3 presents the identification method for the dynamic pa-
rameters. In Sec. 4, calculation of the optimal excitation trajec-
tory is presented. Experimental results are given and dis-
cussed in Sec. 5. Sec. 6 gives the conclusion. 

 
2. Kinematic and dynamic modeling of the 

Stäubli RX160 robot 
2.1 Kinematics 

Geometrical modeling of robots can be achieved by the De-
navit-Hartenberg (DH) formulation based on kinematic frames 
located on the joint axes. The Stäubli RX160 is equipped with 6 
revolute joints. The first four joints of the robot are directly 
driven by servo motors via helical gear transmissions as shown 
in Fig. 2. For the remaining two joints, the servos are mounted 
inside the fourth link of the robot and a gear transmission trans-
fers the motion from servo 6 through the 5th joint to the 6th 
joint [37]. This mechanical design causes a kinematic coupling 
between the servo 5 and joint 6 as shown in Fig. 3. The angu-
lar velocity of servo 6 is related to the difference of joint veloci-
ties 5q  and 6q . Consequently, one needs to define additional 
coordinate axes in order to take into account this extra friction 
model. The velocity 7q  associated with the additional coordi-
nate axes is defined as follows:  

 
7 5 6 q q q= + .                                (1) 

 
The frame definition of the robot is shown in Fig. 1, and the 

corresponding DH parameters in Table 1. For each link in the 
Table 1, the transformation matrix 1

i
iT −  of the frame attached 

to the link i  with respect to the frame attached to link 1i −  
can be given as follows: 

 

1 0
0 0 0 1

i i i i i i i

i i i i i i ii
i

i i i i

c s c s s a c
s c c c s a s

T
s c d

θ θ α θ α θ
θ θ α θ α θ

α α−

−⎡ ⎤
⎢ ⎥−⎢ ⎥=
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

             (2) 

where icθ  and isθ  are the standard abbreviations of 
cos( )iθ  and ( )sin .iθ  

   
2.2 Dynamics 

The basic equations of motion are derived by using the 
Euler-Lagrange equations [38]. The Lagrangian function is 
defined as the difference between the kinetic energy T  and 
potential energy V  of the robot, L T V= − . Then, the Euler-
Lagrange equations are expressed as follows: 

 

i
i i

d L L
dt q q

τ
⎛ ⎞∂ ∂− =⎜ ⎟⎜ ⎟∂ ∂⎝ ⎠

 for 1,2,...i n=        (3) 

 
where the joint variables iq  represent the generalized coordi-
nates, and iτ  the scalar joint torques. One can obtain the 
dynamic model of a n-DOF robot in standard form as follows:  

 
( ) ( ) ( ) ( ) ( ),+ + + + = +s f eM τ τ τ τq q b q q g q q q  (4)  

Table 1. DH parameters of the Stäubli RX160. 
 

Frame ia  iα  id  iθ  
1 1a  / 2π−  1d  1θ  
2 0 0 2d  2 / 2θ π−  
3 0 / 2π  0 3 / 2θ π+  
4 4a  / 2π−  0 4θ  
5 0 / 2π  0 5θ  
6 6a  0 0 6θ  

 

 
 
Fig. 2. Schematic overview of the joints 1-4 assembly [36]. 

 

 
 
Fig. 3. Schematic overview of the joints 5 and 6 assembly [36]. 
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where 6, , Rq q qε  represent, respectively, the joint positions, 
velocities and acclerations. ( ) 6 6×M Rq ε  is the inertia matrix, 

( ) 6, Rb q q ε  is the vector of the Coriolis and centrifugal forces, 
( ) 6Rg q ε  the vector of gravitational forces, ( ) 6

s Rτ q ε  the 
torque vector due to the balancing spring system, ( ) 6

f Rτ q ε  
the friction torque vector, 6

e Rτ ε  the torque vector due to the 
external interaction with environment and 6Rτε  represents the 
input joint torque vector. 

Joint friction must be considered in order to establish a com-
plete model of the manipulator. Although joint friction happens 
to be a highly complex physical phenomenon, one of the com-
prehensive classical models in Ref. [39], which is the combina-
tion of viscous, static and Coulomb friction along with the 
Stribeck effect, is generally used for its description: 

 
( ) ( ) ( )/ sgn−⎡ ⎤= + − +⎣ ⎦

s
fr c s c vF F F e Fτ q qq q q    (5) 

 
where ( ) 6

fr Rτ q ε  is a known nonlinear discontinuous friction 
model torque, 6

cF Rε  is the Coulomb friction coefficient, 6
sF Rε  

is the stiction force coefficient, 6
s Rq ε  is the Striebeck velocity 

and 6
vF Rε  is the viscous friction coefficient. This model is 

discontinuous as shown in Fig. 4. In order to achieve sensitivity 
to quantization errors, measurement noise and the sudden 
jump of friction compensation at zero velocity, the discontinu-
ous friction model Eq. (5) is approximated by the following con-
tinuous function (also shown in Fig. 4): 

 
( ) ( ) ( )2 / arctan=f frπτ τq cq q                   (6) 

 
where parameter 6c Rε  is a scaling constant. 

In the Stäubli RX-160, a spring is mounted along the second 
link to compensate for the gravitational torque acting on the 
second joint. The elastic contribution τ s  models the spring 
forces acting on joint 2. These torques can be modeled as 
follows:  

 
( ) =s Kτ q q      (7)                                           

where 6 60, ,0,0,0,0 xK diag k R= ⎡ ⎤⎣ ⎦ε  is the stiffness constant. 
The external joint torques ( ( )eτ q ) originate from the external 

force applied to the robot. If it is assumed that all external 
forces are applied to the end-effector of the robot, then the 
external joint torque vector is computed as follows:  

 
( ) = T

e J Fτ q         (8)                
 

where 6 6J R ×ε the Jacobian matrix of the robot, and 6F Rε  
denotes the generalized force vector applied to the end-
effector. 

 
3. Identification of dynamic parameters 

Identification of the dynamic parameters of the robot is based 
on the property of linearity of the dynamic model with respect to 
a suitable set of dynamic parameters, known as barycentric 
parameters [38]. In this approach, all the parameters of the 
dynamic model appearing in Eq. (4) are represented in a vector 
δ . For an 6-DOF manipulator, the vector δ  contains the fol-
lowing unknown parameters for , ..,i = 1 6 : 

· im : the mass of the link i , 
· : , ,x y z

i i i il l l l⎡ ⎤⎣ ⎦  the three components of the center of 
mass (COM) relative to the link frame i ,  

· : , , , , ,xx yy zz xy xz yz
i i i i i i iI l l l l l l⎡ ⎤⎣ ⎦  the six independent compo-

nents of the inertia tensor about the frame i ,  
· ik  the spring constant about the frame i , 
· , , , ,

i i i ic s v s iF F F q c  the five friction coefficients about the 
frame i .  

Consequently, each robot link has the following 16 parame-
ters: 

 
, , , , , , , , , , , , , , ,

i i i i

x y z xx yy zz xy xz yz
i i i i i i i i i i i i c s v s im l l l l l l l l l k F F F q c ⎤⎡= ⎣ ⎦δ .  

          (9) 
 
Then, the dynamic model of the robot can be rearranged in a 

parameter linear form as follows: 
 

( ), ,= Υτ δq q q            (10)                
 

where 96Rδε  is the vector of unknown parameters and 
6 96Rγ ×ε  represents the regression matrix. The regression ma-

trix γ  is a function of the joint positions, velocities and accel-
erations. 

All the parameters do not explicitly appear in the dynamic 
model Eq. (10) and some of them are identifiable only as linear 
combinations of other parameters [40]. There are also some 
parameters that are unidentifiable due to the mechanical struc-
ture of the manipulator. Therefore, a reduced vector of base 
parameters is obtained by a numerical decomposition of the 
regression matrix γ  [40]: 

 
( ), ,= b bγτ δq q q                    (11)                

 
 
Fig. 4. Positive velocity joint friction model with static, viscous, Coulomb 
friction and Stribeck effect. 
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where 6 57,b P Rγ γ ×= ε  is a matrix and 57,= T
b P Rδ δ ε  is the of 

barycentric parameters. Hence, 96 57P R ×ε  represents the per-
mutation matrix. 

In the identification, the excitation trajectories described in 
the following section are used as motion references of the ro-
bot. While the robot moves over these trajectories, the joint 
positions and torques are recorded at the sampling times 

1, , mt t… . Then the dynamic regression matrix is written as fol-
lows: 

 

( )
( )

( )

( ) ( ) ( )( )
( ) ( ) ( )( )

( ) ( ) ( )( )

1 1 1
1

2 2 2 2

, ,

, ,

, ,

⎡ ⎤⎡ ⎤ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎢ ⎥= = ⋅ =⎢ ⎥⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎢ ⎥⎣ ⎦

b

b b b

m
b

t
t W

t

γ

γ

γ

τ
β τ δ δ

τ
m m m

q t q t q t

q t q t q t

q t q t q t

     (12)       

 
where the indices ( i = 1,…, m ) represent the sampling in-
stants. Then, 6 mR ×βε  represents the torque matrix, 6 57W R ×ε  
represents the regression matrix and q  are the joint coordi-
nate at sampling times. 

The identification is achieved through the minimization of an 
objective function which minimizes the squared residual error 
( = −Γ βε ) with respect to the decision vector β . The con-
strained optimization problem is then expressed as follows:  

 
2 | T

bminimize subject to P− =Γ β δ δ      (13) 
 

where Γ  is the vector of measured joint torque, bW=β δ  is 
the calculated torque vector. Both the existence domain D  of 
the vector δ  and the objective function are expressed in a 
linear matrix inequality (LMI) form, suitable for semi-definite 
programming techniques. 

The ordinary least squares (OLS) method is also applied in 
the identification. The parameters obtained by the OLS method 
is used as a basis of comparison for the results of the convex 
optimization based parameter estimation. Since the OLS 
method does not involve constraints, the optimization criterion 
used for the OLS method can be expressed as follows: 

 
2 |minimize −Γ β .      (14)  

       
3.1 Definition of the constraints 

The identified barycentric parameter vector δb  might be 
possibly physically unfeasible in cases such that the estimation 
of negative values for inertia. In order to obtain consistent pa-
rameters and avoid overfitting to the identification data, physi-
cal constraints on the dynamic parameters for each link i  are 
defined as follows: 

·The mass im  must be positive between the lower and 
upper bound : 0

min maxi i im m m< ≤ ≤ . 
·The inertia eigenvalues xσ , yσ  and zσ  must satisfy 

the triangle inequality condition: ,x y z y z xσ σ σ σ σ σ+ > + > , 

and x z yσ σ σ+ >  [7]. 
·The center of mass must remain inside its convex hull: 

ii l im r l− ≤ 0 and i ui im r l+ ≤ 0, where lir  and uir  are the 
lower and upper bounds of il , respectively [31]. 

·The viscous, static, Coulomb friction coefficients and the 
Stribeck velocity for each joint i  have upper and lower 
bounds. 

·The stiffness of the spring is strictly positive: ik > 0. 

 
4. Optimal trajectory generation 

In order to generate sufficiently rich trajectories, the problem 
of trajectory generation can be redefined as an optimization 
problem. The condition number of the regression matrix W  is 
a measure of the sensitivity of the solution bδ  with respect to 
the errors on Γ  and W [10]. Therefore, the problem of the 
optimal trajectory generation is expressed as searching suit-
able values in a constrained domain by minimizing the condi-
tion number of the regression matrix. The objective function is 
given as follows: 

 
( )  minimize cond W , 

 
as proposed in Ref. [9], the trajectory of the thi  joint can be 
rewritten in terms of sinusoidal components as follows: 
 

( ) ( ) ( )0
1

sin cos
i in
l l

i i f f
i f f

a bq t q w lt w lt
w l w l=

= + +∑           (15)        

 
where 2f fw fπ=  is the fundemental frequency and n  is the 
number of the Fourier series harmonics, i

la , i
lb  are the ampli-

tudes of the thn  order triganometric functions and 0iq  is the 
initial joint positions, then, for n  harmonic component in Eq. 
(15), there are 2 1n +  unknowns, i.e., the dynamic parameters 
per joint to be identified by optimization. 

The selection of the trajectory should satisfy the boundary 
conditions, and the minimum number of conditions of the re-
gression matrix W . In this work, constraints on the joint vari-
ables, i.e., position, velocity and acceleration, and task space 
position, are applied as follows: 

 
· min maxi i iq q q≤ ≤ ; 
· min maxi i iq q q≤ ≤ ; 
· min maxi i iq q q≤ ≤ ; 
· min maxi i ix x x≤ ≤ . 

 
Finally, the convex optimization method is applied to solve 

this constrained nonlinear optimization problem. 

 
5. Experiments 

This section presents the experimental procedures and re-
sults of the dynamic model identification of the Stäubli RX-160 
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robot introduced in Sec. 3. A 6-axis ATI Delta SI 660-60 F/T 
transducer is mounted on end-effector of the robot in order to 
verify the calculated external force of the robot. The controllers 
are implemented through the low level interface (LLI) provided 
in Ref. [41]. The LLI provides the user with the joint position, 
velocity and torque feedback and includes two control modes: 
in position-velocity and in torque. The position control mode is 
used in this work. 

 
5.1 Trajectory generation 

In the first step, the optimal excitation trajectories are ob-
tained by solving the trajectory optimization problem for all 
joints. The fundamental frequency is fw = 0, 1 and the num-
ber of Fourier series harmonics is n = 6 as trigonometric tra-
jectory paramters in Eq. (15). Physical constraints on the joints 
are applied within their and environment ranges in the optimi-
zation (Tables 2 and 3). Convex optimization method is applied 
by using the CVXPY package with SCS solver [42]. The opti-
mal excitation trajectories shown in Fig. 5, in terms of the joint 
position, velocity and acceleration, are generated within the 
joint limits given in Tables 2 and 3. 

 
5.2 Model identification 

In the second step, robot is operated in position-velocity con-

trol mode according to the optimal excitation trajectories and 
motion data is collected synchronously. While the joint position, 
velocity and torque are measured at the sampling frequency of 
250 Hz, the joint acceleration is computed by the second-order 
numerical differentiation of the velocity. 

Since the measured velocities and torques, and computed 
accelerations are highly noisy, all the signals are filtered using 
a Kalman filter. The CVXPY package is then used for the iden-

 
Fig. 5. Position, velocity and acceleration profiles of the optimal identifica-
tion trajectory. 

 

Table 2. Position, velocity and acceleration constraints per joints. 
 

Pos. (rad)  Vel. (rad/sec)  Acc. (rad/sec2)  
i 

Min Max Min Max Min Max 

1 -2.78 2.78 -3.49 3.49 -7.9 7.9 

2 -1.5 1.5 -3.49 3.49 -6.5 6.5 
3 -2.5 2.5 -4.45 4.45 -10.5 10.5 

4 -4.0 4.0 -5.50 5.50 -25.2 25.2 

5 -1.75 1.75 -6.80 6.80 -19.6 19.6 
6 -4.40 4.40 -15.18 15.18 -41.7 41.7 

 
Table 3. Task space constraints of the robot. 
 

 ( )x m  ( ) y m  ( )z m  

Min -2.11 -0.5 0.55 
Max 2.11 1.5 2.11 

 

 
Fig. 6. Measured and predicted joint torques over the optimal identification 
trajectory. 
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tification of the dynamic parameters by solving the Eq. (12) 
based on the experimental data and the proposed model of 
robot dynamics. For comparison, the pyOpt package [43] is 
used for the identification of the unconstrained dynamic pa-
rameters with the OLS method by solving the Eq. (13) based 
on the experimental data and the proposed model of robot 
dynamics. Fig. 6 shows the comparison of the measured and 
predicted joint torques on the optimal identification trajectories 
for the convex and OLS methods in a trajectory period. The 
identified dynamic base parameters are given in Table 4. 

 
5.3 Experimental validation based on test tra-

jectories 

In the third step, the identification of the dynamic model pa-

rameters is experimentally validated. The test trajectories 
shown in Fig. 7 are also generated by using finite Fourier se-
ries. The measured and estimated joint torques are recorded 
and compared to each other. Fig. 8 shows the predicted and 
measured torques recorded on a test trajectory. 

Tables 5 and 6 show the mean of the torque prediction errors 
and their standard deviations for the identification trajectory 
and test trajectories. The residual root mean square error 
(RMSE) is calculated to verify the deviation of the predicted 
torque error. For each sample, the torque error vector is calcu-
lated as follows: 

 

( )2

1=
−

=
∑

N

m pi

Nτ

τ τ
e                          (16) 

Table 4. Identified dynamic parameters of the Stäubli RX-160 robot. 
 

 Opt\Frame 1 2 3 4 5 6 7 

CVX 54.332 39.966 10.007 10.013 0.686  0.103    0.0 
im  

OLS 156e+11 741e+10 -565e+10 -811e+9 139e+10 676e+10 0.0 

CVX -0.150 -0.122 -0.158 4.8e-5 0.107 -0.050 0.0 x
il  

OLS -2.891 0.0 0.0 0.0 0.0 0.0 0.0 

CVX 0.0 0.699 -0.300 -0.039 -0.049 0.097 0.0 y
il  

OLS 0.529 -0.26 -0.394 -2.432 -1.419 0.0 0.0 
CVX 7e-7 -0.699 0.299 -0.122 0.105 0.074 0.0 z

il  
OLS -1.072 -1.01 1.861 -7.313 -16.192 3.219 0.0 

CVX 0.216 48.358 8.646 3.032 0.308 0.657 0.0 xx
iI  

OLS -223e+11 443e+10 215e+11 508e+11 -371e+12 -733e+11 0.0 

CVX 0.0 -0.246 -2.022 -0.181 -0.085 -0.053 0.0 yy
iI  

OLS -884e+10 8.047 -4.082 -3.308 -1.188 1.077 0.0 
CVX 3e-4 -9.813 -1.212 2.102 0.350 0.249 0.0 zz

iI  
OLS 494e+11 -12.028 -1.566 2.267 1.173 1.077 0.0 

CVX 0.215 46.790 3.924 4.440 0.716 0.684 0.0 xy
iI  

OLS -159e+12 -141e+10 941e+10 433e+11 -366e+12 -733e+10 0.0 

CVX 0.0 -3.710 0.609 0.261 0.069 0.172 0.0 xz
iI  

OLS -370e+10 221e+10 415e+10 -144e+11 319e+11 -0.945 0.0 
CVX -0.012 6.091 11.025 1.442 0.435 0.212 0.0 yz

iI  
OLS -139e+12 584e+11 121e+11 753e+10 -553e+10 0.711 0.0 

CVX 0.0 0.012 0.0 0.0 0.0 0.0 0.0 
ik  

OLS 0.0 -11892.642 0.0 0.0 0.0 0.0 0.0 

CVX 36.015 60.694 25.181 9.041 5.535 0.254 1.307 
ic
F  

OLS 78.596 91.918 53.838 19.012 3.172 -1.772 3.966 
CVX 3.653 -32.248 11.738 -0.366 -0.663 0.197 -0.065 

is
F  

OLS 9798.862 4723.866 4637.736 497.059 303.847 187.480 -29.863 

CVX 154.055 106.709 16.508 18.446 21.600 0.073 5.043 
iv
F  

OLS 103.097 78.488 -17.920 9.038 23.587 -0.291 4.036 

CVX 0.011 0.011 0.013 0.012 0.011 0.012 0.011 
is
q  

OLS 0.011 0.011 0.013 0.012 0.011 0.012 0.011 
CVX 3.2 3.2 3.2 5.0 5.0 5.0 5.0 

ic  
OLS 3.0 3.0 3.0 4.2 4.2 4.2 4.2 
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where mτ  and 6,p Rτ ε  represent the measured and pre-
dicted joint torques for each sample, respectively, and N  
defines number of sample.           

Comparison of the Tables 5 and 6 shows that the dynamic 
models identified with the convex optimization and OLS meth-
ods perform equally well over the identification trajectory. Al-
though the mean errors in different joints differ from each other, 
the average mean error is almost equal in both cases. How-
ever, the experimental results obtained with the convex method 
performs largely better than the OLS method over test trajecto-
ries. 

While the average mean error remains in the same order of 
magnitude with the convex identification, it is almost doubled 
with the OLS identification. Hence, the performances obtained 
with the realistic dynamic parameters provided by the convex 
optimization prove to be suitable for the control of the robot 
over randomly generated trajectories. 

 
5.4 Experimental validation based on the es-

timation of external forces 

In the fourth step, estimation of the external forces acting on 
the end-effector is considered as an additional mean of ex-
perimental validation. The dynamic model identified here is 
used to estimate the external forces in two experiments. Exter-
nal forces are measured by the 6-axis ATI delta F/T transducer.  

 
Fig. 7. Position, velocity and acceleration profiles over test trajectories. 

 

 
Fig. 8. Measured and predicted joint torques over the test trajectory. 

Table 5. Mean of error and standard deviation for the identification trajecto-
ries with the convex optimization and OLS methods. 
 

Convex opt. OLS opt. 
Joint 

Mean (N.m) Std.  
deviation  Mean (N.m) Std.  

deviation 
1 9.608 8.425 12.535 9.899 

2 18.919 13.538 13.639 11.812 

3 6.031 4.403 7.022 4.940 
4 0.992 0.870 2.7892 1.935 

5 0.987 0.745 2.024 1.622 

6 0.388 0.357 1.657 1.854 
Average 6.154 7.231 6.644 5.358 

 
Table 6. Mean of error and standard deviation for the test trajectories with 
the convex optimization and OLS optimization methods. 
 

Convex opt. OLS opt. 
Joint 

Mean (N.m) Std.  
deviation Mean (N.m) Std.  

deviation 

1 7.209 6.07 11.456 9.1446 
2 10.832 8.624 19.281 12.896 

3 12.343 8.896 24.577 14.631 

4 2.004 1.411 5.873 4.125 
5 1.067 0.835 2.891 2.198 

6 0.453 0.344 1.954 1.365 

Average 5.651 5.203 11.005 9.241 
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Kalman filters are implemented to filter out measurement nois-
es on the force, velocity and acceleration signals. The relative 
absolute error between the measured and estimated signals is 
defined as follows: 

 

1

1

=

=

−
=

−
∑
∑

N

m pi
RAE N

m mai

F F
e

F F
                        (17)                

 
where mF  and vF  represent, respectively, the measured and 
predicted end-effector force and maF  is the average of the 
measured F/T values and N the number of the samples. 

In the first experiment, random external forces are manually 
applied to the robot's end-effector by a human-operator during 
the robot motion. The measured and predicted F/T values are 
given in Fig. 9.   

In the second experiment, the robot is programmed to pick a 
load and release it during its motion. The measured and pre-
dicted F/T values are given in Fig. 10. At the 13th seconds of 
the motion, the robot picks a 2 kg load from the ground and at 
the 54th seconds, the load is released. Table 7 shows the error, 
standard deviation and relative absolute error of the predicted 
values from the measured ones observed in both experiments. 

 
6. Conclusions 

This paper presents the identification of the dynamic pa-
rameters of an industrial manipulator through the convex opti-
mization method. It includes the dynamic modeling of the robot, 
the generation of optimal excitation trajectories for identification 
purpose and finally the identification of dynamic parameters 
with both convex optimization and OLS methods. 

The study has focused on the problem of identification of 
consistent parameters that characterizes the dynamics of the 
Stäubli RX-160 robot. The Lagrangian approach is applied in 
the modeling the robot dynamics. The minimum number of 
parameters required to compute the complete dynamics of the 
robot has been determined. The Fourier series-based trajecto-

 
Fig. 9. The measured and predicted wrench at the end-effector for a load 
manipulation. 
 

 
Fig. 10. The measured and predicted wrench at the end-effector. 

Table 7. Mean of error and standard deviation of the estimated force/torque 
values. 
 

1st experiment 
(manually applied  

externalforce) 

2nd experiment  
(external forces due to object 

manipulation)  
Mean 
error 

Std. 
dev. RAEe  Mean 

error  
Std. 
dev. RAEe  

xF (N) 13.81 12.89 1.243 0.78 0.65 1.195 

yF (N) 19.28 13.07 0.565 0.73 0.52 0.752 

zF (N) 12.43 10.13 0.416 2.36 1.61 1.418 

xM (N.m) 1.47 1.30 0.484 0.21 0.18 0.14 

yM (N.m) 1.42 1.29 0.796 0.17 0.13 0.643 

zM (N.m) 0.8 0.57 1.339 0.09 0.07 0.01 

 



 Journal of Mechanical Science and Technology 35 (5) 2021  DOI 10.1007/s12206-021-0435-1 
 
 

 
2194 

ries are used to excite the robot, with the condition number of 
the regression matrix minimized. Dynamic parameters of the 
robot and optimal trajectory parameters are identified by using 
a convex optimization based algorithm, which takes into ac-
count several constraints including the physical bounds on 
parameters and the triangle inequalities of the link inertia ten-
sors. 

The proposed identification framework and resulting dynamic 
parameters have been validated through comparisons with the 
parameters identified by the unconstraint OLS error optimiza-
tion method. The identified dynamic parameters are also ex-
perimentally validated with the motion of the robot over test 
trajectories. Experimental evaluations show that the parame-
ters identified by the convex optimization method prove to be 
realistic with respect to those identified by the OLS method. 
Application of the proposed parameters in motion control re-
sults in consistent performance over randomly generated tra-
jectories. A major feature of the proposed framework is that 
additional constraints can be easily defined to be included in 
the optimization problem.  

The dynamic model identified in this work has also been 
used in the estimation of external forces acting on the end-
effector of the robot while in physical interaction with the envi-
ronment. Thus, a sensor-less model-based method is pro-
posed in order to estimate the external end-effector forces for 
force control applications of the manipulator. 

The modeling and identification framework proposed here 
can be used to identify alternative dynamic friction models, e.g., 
the LuGre model. Finally, the proposed method constitutes a 
basis for the simulation and model-based control of industrial 
manipulators. 
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