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Abstract: This paper presents an alternative approach to the identification of industrial robotic system dynamics, 

which is viewed as a closed-loop Position IN/Position OUT system. The emphasis is on the external dynamics of a 

conventional 7 degrees-of-freedom (7DoF) serial manipulator with its real-time positional controller. The identified 

model represents how an external client application interacts with its internal control-loop. The identification 

experiment is presented and the results concerning the external observed dynamics are discussed. This approach is 

intended to support integration, validation of simulations and accurate online path-planning algorithms, as it shall be 

expected in the context of robotic flight simulators and sensor-integrated industrial robotic systems. 

 

Keywords: industrial robot, dynamic modeling, robot identification, real-time robotic systems. 

 

1. INTRODUCTION  
 

Since its advent in the industrial environment in the early 1960s, dynamic modeling and parametric identification 

of industrial robots have attracted much attention from researchers and industrials due to their importance to model-

based control, integration, validation of simulation results and accurate path planning algorithms (Wu, Wang & You, 

2010). An extensive literature has been produced on that and, still nowadays, the problem of finding the physical 

dynamic/kinematic parameters of the manipulator
1
 in different situations comprises a full research line (Atkeson, An & 

Hollerbach, 1986; Gautier, Khalil & Restrepo, 1994; Yasuho, Omaki, Nampo & Mayeda, 1997; Swevers, Verdonck & 

De Schutter, 2007; Gautier, Janot & Vandanjon, 2008; Ding, Wu, Yao, Yang, 2015).  

Strictly speaking, the vast majority of the related literature focus on the classical identification problem of the well-

known multivariable coupled nonlinear dynamic model of the industrial manipulator physics (Wernholt, 2004). This 

model is represented in Eq. (1) in its closed analytical form (Craig, 2012; Yasuho, Omaki, Nampo & Mayeda, 1997). 

 

      )(, t 


CM  (1) 

 

where 


,, are the nx1 instantaneous joint angles, velocities and accelerations vectors, respectively;   M  is the 

so-called nxn inertial-mass matrix;   
,C is the nxn aggregated centrifugal and Coriolis matrix;    is an nx1 vector 

of gravitational-related terms; and )(t  is the nx1 vector of the applied joint torques over the time. From Eq. (1), it is 

clear that the manipulator is nonlinear at the operating point (besides further nonlinearities such as friction, backlash 

                                                           
1
 Hereinafter the term manipulator is used to refer to serial robot arm as defined in ISO 8373 (2012), “i.e. mechanism 

consisting of a series of segments/links jointed or sliding relative to one another”. Though also interesting, the 

identification of the dynamics of fully parallel mechanisms, usually a more complex problem, is disregarded in this 

work. Guegan, Khalil & Lemoine (2003) and Wu, Wang & You (2010) can be read on this subject. 
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and others not explicitly considered in the formulation above). Furthermore, it is a coupled multivariable system, since 

the motion of one joint cause reactions on the previous joints. Additionally, industrial robots pose a challenging 

identification problem because they are inherently unstable systems in open-loop and the experimental data must be 

collected while the robot controller is operating in closed-loop (Wernholt, 2004). 

Therefore, the standard robot identification approach is complex, though still suitable for the intents of systems‟ 

stability analyses and model-based control (Atkeson, An & Hollerbach, 1986; Swevers, Verdonck & De Schutter, 

2007). Nonetheless, such an approach is based on the assumption that the robot controller itself has an open-architecture 

so that the control laws could be further adjusted or, at least, the actual control strategies used along the closed-loop 

identification are known. While this can be understood as a premise for the robot developers, it is rarely the situation for 

the final users of commercial-off-the-shelf industrial robots, which seldom present an open-architecture controller. 

Considering the aforementioned aspects, this work deals with the subject of robotic system dynamics identification 

with a different perspective. The identification emphasis put herein is on the input/output measurable positional signals 

from the industrial robotic system, as depicted in Fig. 1. 

 

 
 

Figure 1. Industrial robotic system viewed as a positional closed-loop system. 

 

As shown in Fig. 1, the term “Robotic System” is used throughout this work to refer to the closed-loop positional 

system comprising the Position In/Position Out relationship. This embodies the manipulator physics under the controller 

actions, representing the external behavior perceived by the end-user application with which the robotic system 

interacts. The main assumption is that the industrial robotic system can supply a real-time (online and deterministic) 

interface to command its internal control-loop with an adequate time latency – at least one tenth of the lower 

mechanical time-constant (Ogata, 1995). This would be lower than 50 ms for a heavy-payload robot with a time-

constant of 500 ms for the joint dynamics (Teufel et. al., 2007). This applies to some industrial robots like the KUKA
®
 

KR-500 with the Robot Sensor Interface (RSI) controller, used by Teufel et. al. (2007) and  Marx et. al. (2008).  The 

robot analyzed in this work is the KUKA
®
 KR-Titan, a 1-ton payload robot.  

The identification process for such external dynamic behavior of the robotic system, as employed in this work, 

follows a standard approach consisting of: model selection; experiment design; data acquisition; signal processing; 

parameter estimation; and model validation (Swevers, Verdonck & De Schutter, 2007). Although the approach 

emphasized herein could be seen as simplified black-box identification, this work discusses some significant aspects 

such as decoupling limits, frequency behavior and additional dynamic characteristics of the robot. Regardless of not 

being useful for torque estimation and therefore model-based control, this approach is intended to support integration 

and validation of simulations, as it is necessary in the context of industrial digital simulation or robotic flight simulators 

(Teufel et. al., 2007; and Marx et. al., 2008). 

 

2. MATERIALS AND METHODS 

 

Figure 2 illustrates the „Quad-M‟ framework for systems identification, as applied in this work (Jategaonkar, 2006). 

The Maneuver design is the first step. It should excite the system dynamics in the frequency range of interest. The next 

‘M’ in the sequence is due to the Measurements, which is related to how to properly collect and process data during the 

experiments with the real plant. Thirdly, the selection of the Method is performed, which is intrinsically related to the 

chosen optimization algorithm. Finally, the Model structure (parametric or non-parametric) selection and estimation of 

its related parameters are performed. The last step is the validation of the identified model. 
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Figure 2. Quad-M Approach  (Jategaonkar, 2006). 

 

In this work, a time-domain black-box parametric identification approach is used, since the IN/OUT data from the 

closed-loop system is available from the KUKA
®
 RSI controller with a 12 ms heartbeat, although a prior model 

structure is assumed as unknown (Isermann & Münchhof, 2011). Considering previous approaches (Teufel et. al., 2007; 

Marx et. al., 2008), the Cartesian-space architecture depicted in Fig. 3 is assumed and the identification is carried out 

for a KUKA
®
 KR-Titan industrial manipulator (Fig 4). Figure 3 shows that when using the robotic system (manipulator 

+ RSI controller) there may be some additional path calculator blocks for the Cartesian-space approach. Besides that, as 

previously demonstrated by Teufel et. al. (2007), the system always presents a transport-delay (e
-ΔTs

) and a discrete 

moving average filter on the input. It is assumed a decoupling among the 7 DoF of the robotic system (the rail and the 

X, Y, Z , A, B and C for the Cartesian-space pose, with A, B, C representing the ZYX orientation Euler-Angles), so that 

the multivariable approach is reduced to seven independent single-input-single-output (SISO) channels corresponding 

to each DoF of the robot. This hypothesis is verified in the item 3.2.1 of this work. 

 

 
Figure 3. Block diagram of the Cartesian-space closed-loop of the KR-Titan. 

 

2.1 Maneuver design – excitation signals 

 

Figure 5 presents the identification signal designed for one of the channels (X-channel): a time-varying amplitude 

chirp-signal (Wernholt, 2004), which was designed to scan a frequency-band up to 5.2 Hz. This chirp signal is given by 

Eq.(2) and its parameters are optimized to excite the robot without taking it out from its actuation limit, what could 

enforce some nonlinearities disregarded in the above assumed structure. In total, experiments were performed with four 

different maximum excitation frequencies. The chirp-signals with bandwidth of 0.10, 1.04 and 5.20 Hz were used for 

identification while the signal within the intermediary range of 2.08 Hz was used for model validation.  
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Figure 4. KUKA
®
 KR-Titan with a rail unit used in the experiments.  

 

 

 
 

 

Figure 5. Excitation (IN) and output (OUT) signals (a) and the signal spectra (b) used along the Cartesian-space 

identification experiment for channel X (in mm). 
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where A(t) is the time-varying amplitude, with a triangular profile optimized to avoid driving the robot to a speed or 

acceleration limit according to the increasing of the frequency; f1 is the lowest frequency (0.01 Hz) going through the 

frequency range, inversely to the slope of the amplitude modulation, up to f2, the highest designed frequency 

component; φ is the phase (in rad); t is the time variable (in s), T0 is the fundamental time interval (in s) considered for 

the periodicity of the resultant modulated chirp-signal (blue nodes in Fig. 5). Four different signals were used in the 

experiments, optimized to allow the evaluation of the robot behavior within the designed frequency spectra of 0.10 Hz 

up to 5.20 Hz. However, since the modulated amplitude introduces an additional time-varying behavior in the signal 

(meaning it is not a strictly stationary periodic signal), the actual excited frequency range may reach some higher values 

in some situations. For instance, in Fig. 5, for the nominal 5.20 Hz chirp-signal of the X-channel, the actual relevant 

spectrum (components with amplitude higher than the robot minimum resolution) reached values close to 10 Hz. 

 

2.2 Measurements 

 

Four experiments were run for each DoF in each frequency range. In order to explore the whole operational robot 

dynamic range, specific maximum amplitudes were selected in each case according to Table 1 

 

(a) (b) 
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Table 1. Maximum nominal amplitudes used along the identification experiment. 

Frequency 

 

Channel 

0.01Hz ~ 0.1 Hz 0.01Hz ~ 1.04 Hz 0.01 Hz  ~ 2.08 Hz 0.01 Hz ~ 5.2 Hz 

Translation (X, Y, Z) (mm) 600 50 10 2 

Rail (mm) 600 10 2 0.5 

Rotation (A, B) (°) 35 2 0.5 0.1 

Rotation C (°) 35 2 1 0.1 

 

The input signals are position commands (in relation to the tool center point (TCP) coordinate frame) to be 

transmitted to the robot through a LabView
®

/Client application using an Ethernet/UDP protocol. Data with the current 

Cartesian pose (output of the robot) have also been obtained from the KUKA
®
 RSI controller. The sampling time is the 

controller heartbeat of 12 ms (~84 Hz). In the experiments, the robot always started from the same home position of the 

robot targeted application, where the X-axis of the robot‟s TCP is aligned with X-axis of the robot‟s base and rail. The 

data was collected from the robotic system with an absolute error of 0.01 mm (translational) and 0.001° (rotational). 

 

2.3 Model structure 

 

The Linear Continuous Time-Invariant (LTI) transfer function model was chosen for the inner black-box transfer 

functions that are supposed to model the external Cartesian behavior of each DoF between the RSOLL (Input) and 

RIST (output) points depicted in Fig. 3. It encompasses the moving average block, the path calculator and the forward 

kinematics blocks, and the inner closed-loop behavior of the joints. The general structure for this kind of parametric 

model is given in Eq. (3) with bi and ai representing the numerator and denominator coefficients, respectively. 
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2.4 Method – optimization and validation 

 

For transfer function models, the parameters to be estimated are its poles and zeros. At this point, the System 

Identification Toolbox
TM

 from Matlab
®
 2018b was used. The system order is sought to be kept as low as possible while 

achieving a goodness of fit greater than 90%, considering the Normalized Root Mean Square Error (NRMSE) (given in 

Table 2). A Gauss-Newton nonlinear least squares algorithm was used as the optimization method. Also, in order to 

guarantee the physical meaning of the model, the causality principle must be respect (Oppenheim, 1997), which 

translates into the numerator order being at least one order lower than the denominator. As previously mentioned, the 

set of IN/OUT signals with bandwidth of 0.1, 1.04 and 5.2 Hz were used for the identification of each DoF, yielding to 

7 models to be estimated.  

The quality of the identified models was validated by three statistical measures in relation to the set of IN/OUT 

validation signals (intermediary range of 2.08 Hz), namely: the coefficient of determination R
2
, the Normalize Root 

Mean Square Error (NRMSE) and the Akaike‟s Final Prediction Error (FPE), whose formulations are summarized in 

Table 2. Note that the NRMSE was used instead of the more conventional RMSE, because comparisons are made 

among the validation responses of different models, gathered from different data sets with different amplitudes, so it 

was necessary to use a normalized quantity. The FPE measure gives an indication of the fidelity of the estimated model, 

taking into consideration the model complexity upon the examination of the number of parameters in the model. 

 

Table 2. Summary of the main characteristics of the statistical measures. 

Metric
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According to Table 2, for the measures R² and NRMSE, yi represents the real value and fi is the predicted value at 

the instant ti, y is the mean. For the FPE measure, N is the number of values in the estimation data set, e(t) is a 

1n  vector of prediction errors, θN is the vector of estimated parameters and d  is the number of estimated parameters. 

 

 

3.  RESULTS AND DISCUSSIONS 

 

3.1 Identified models 

 

The results for the identification experiment are described in this section, beginning with the presentation in Table 3 

of the identified linear transfer function models for each of the robot‟s DoF.  

 

Table 3. Identified models for each DoF of the robot. 

Channel Transfer Function  
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According to Table 3, with the exception of the model for the X-channel, all the inner models for the channels 

converged to a model of order lower or equal to 3. This is the representation of the robot closed-loop behavior that, 

though of restricted interpretation due to the black-box assumption, resembles to a jerk-controlled positional system, 

which is a common parameterization for path-planning controlled robotic systems (Craig, 2012). However, this is just a 

reflection, since the presented results with the current assumptions do not allow further physical interpretations. On the 

other hand, the X-channel presented an unforeseen behavior yielding to a more complex order model and this specific 

aspect will be discussed in detail below.   

Another worth mentioning point is in regard to the transfer functions for channels B and C, which presented 

negative coefficients in their numerator. Firstly, this fact is not viewed as a surprising one since it has not been made 

any kind of restriction on the values the coefficients could assume along the identification. Thus, the negative 

coefficients could in fact be potentially obtained. Phisically speaking, these negative coefficients in the numerator of the 

transfer function indicates the presence of a zero in the right half of the complex plane, as confirmed by the root locus 

and the step response plots in Fig. 6. This type of system is referred in the literature as a nonminimum-phase system, 

and its main characteristic is to present a step response that moves downwards before of properly following the 

reference (Ogata, 1995; Franklin et al, 1994). All that can be affirmed on this topic, considering the collected 

experimental data, is that the system seems to present a pretty similar behavior to those depicted in Fig. 6 to the 

theoretical step-response behaviors. Besides that, it is worth to stress this is a closed-loop behavior. This aspect should 

be further investigated in future works, with some additional external measurement systems that also tracks the 

accelerations performed by the robot arm during the experiments. Notwithstanding, the resulting model for the robotic 

system presented satisfactory validation performance for all the DoF, as evinced by the results in Table 4. 

 

3.2 Models’ time response - validation 

Figure 7 shows the time response of the models, with their related 97% confidence boundaries and the expected 

output measured from the real robot system, for one period of excitation of the 2.08 Hz chirp-signal. All the three 
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models of the rotational channels had a very good fit, with a range of motion of about 0.5 degrees in both directions.  

 

 
 

Figure 6 . Root locus (a) and Step Response (b) plots for channels B and C. 

   

Table 4. Statistical measures for the identified models. 

Channel 

 

Metric 

X Y Z R A B C 

R
2
 0.998 0.996 1.000 1.000 1.000 1.000 1.000 

NRMSE 0.958 0.935 0.984 0.966 0.984 0.986 0.997 

FPE 0.0014 0.065 0.001 0.003 0.000 0.000 0.000 

 
Figure 7. Validation time-responses to the 2.08 Hz chirp-signal for the rotational channels (A, B and C), where LB and 

UP stands for the 97% confidence level lower and upper bounds, respectively. 

(a) (b) 

Root Locus – Channel B 
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Figure 8 illustrates the same information for the translational channels. In this case, the model for the channel Y 

was the one with the worst fit (yet good, with a NRMSE of 93%). The range of motion of the robot during the 

experiments was about +/-10 mm for X, Y and Z channels, while of +/-2 mm for the Rail (channel R). 

 
Figure 8. Validation time-responses to the 2.08Hz chirp-signal for the translational channels (X, Y, Z, R), where LB and 

UP stands for the 97% confidence level lower and upper bounds, respectively. 

 

3.2.1 Verification of the decoupling hypothesis  

 

In order to verify the hypothesis of decoupling among the Caretsian  DoF. of the robotic system, in this section it is 

proposed an analysis that considers the root of the maximum value of the magnitude-squared coherence function (Kay, 

1988) between each possible input/output paired signals of Cartesian  DoF.. The magnitude-squared coherence is 

dimensionless function defined in the frequency domain that indicates a causality relation between two random signals 

(Ljung & Glad, 1994). Equation (4) presents the mathematical formulation for the metric used herein:  
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where Pxx(f) and Pyy(f) is the power spectral density for the random signals x (which generically represents a system‟s 

input) and y (which generically represents a system‟s output), respectively, and Pxy(f) is the cross power spectral density 

of x and y. If the coherence value (γmax) is close to one, it means the two signals are well related.  

Besides of that, it is added a criteria to evaluate the plausibility of the possible causality relation, which is the 

dimensionless magnitude ratio (RIst/RSol) for each combination of inputs/output pairs. Since it is is a dimensionless 

number, a normalization process is necessary when analising the relation between a translational  DoF  and a rotational  

DoF. The ratio of the robot resolution, 0.00001°/0.001mm, is applied for that. 

Figure 9 depicts a mapping of the coherence values, frequency range of the excitation input signal and the 

magnitude ration between the input and the output for every possible combination of inputs/output pairs for the 

Cartesian degrees of freedom of the robotic system. The coherence value is plotted on the x-axis, the frequency in 

which the experiments were ran goes on the y-axis and the magnitude ratio between the signal response (RIst) and the 

signal input (RSol) is the z-axis. 

In Fig. 9, it is noticed that the coherence values between the degrees of freedom can be higher (> 0.70) in any 

frequency range of the excitation signals used along the identification experiment. However, they are clearly more 

pronounced for the higher frequency ranges (squared markers corresponding to the frequency range up to 5.20 Hz), 

where one can notice a huge concentration of the points in the map. It is worth to stress that all the auto-relations (those 

presenting the same  DoF. for the input and the output, as, for instance, RSol_X with RIst_X) are higher than 0.70 

(actually, close to 1), which is in accordance to the expected closed-loop tracking behavior of the robot. 

Notwithstanding, from the perspective of the magnitude ratio, taking as a threshold criteria for relevant causality those 

relations that are higher than 0.15, it is noticed that the causality relations that are significant are basically the auto-
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relations cases. The only exceptions are the relations RIst_X/RSol_Z, RIst_Z/RSol_R, RIst_X/RSol_R, RIst_Z/RSol_X, 

which are strictly regarded to the frequency range of up to 5.20Hz, evincing a clear limit of the decoupling hypothesis 

used throughout this paper. Summarizing, this means that the model identified and presented in this work is valid for an 

excitation signal within the range of up to 2.08 Hz.   

 

 
Figure 9. Mapping of the coupling motion for the combination of inputs/output pairs of Cartesian DoF.. 

 

 

3.3 Models’ frequency response 

 

Figure 10 gives the frequency behavior by means of the bode plots of (a) the estimated empirical transfer function 

models (ETFE) and b) the identified transfer function models for each of the rotational channels. The ETFE is 

computed as the ratio of the output Fourier transform to the input Fourier transform. It can be noticed that channels B 

and C presented a dominant damped second order behavior, with the magnitude curve decaying at a -20 dB/dec rate 

(Ogata, 1995). Channel A seems to present a resultant dominant first order decaying for both the magnitude and the 

phase curves, resembling to a more rigid DoF. In these graphics, relevant frequencies are up to 62,8 rad/s. 

 

 
                                                                                      

 

Figure 10. Bode plots for the rotational channels. (a) ETFE and (b) Transfer function.  

 

Figure 11 presents the bode plots for each of the translational channels. In these graphics, relevant frequencies are 

(a) (b) 
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up to 62,8 rad/s. Here, the most intriguing behavior was observed in the X-channel, which presented also the most 

complex transfer function (Table 3). For this particular case, it can be seen a response characteristic to a notch (band-

stop) filter around the frequency of 6.0 Hz. From first experimental analyses, this showed to be a possible close-loop 

characteristic compensation from a mechanical resonant mode of the robotic arm and the rail. Such behavior has been 

noticed when the experiment was performed around the chosen home position, where the TCP‟s X-axis, the Base‟s X-

axis and the rail are all aligned together. Unusually, this characteristic response changes if the experiment departs from 

different home positions. Although the current results and assumptions do not allow to precisely identifying the 

frequency of the arm‟s excitation mode, they suggest it may occur around 6.0 Hz. As it would normally be expected a 

high displacement from a mechanical resonance of the robot arm, it has been reasonably compensated by the controller. 

 

 
 

 

Figure 11. Bode plots for the translational channels. (a) ETFE and (b) Transfer function. 

 

 

4. CONCLUSIONS 

 

The primary goal of this work was fulfilled as it analyzed and described in detail a possible approach for the 

identification of industrial robots. It contributed to the understanding of the closed-loop dynamics of the commercial-

off-the-shelf heavy-payload industrial manipulator KUKA
®
 KR-Titan. As an additional innovative contribution, the 

model presented included also the linear unit (rail) dynamics, a feature that has not been noticed in similar works. In 

relation to the validation of the presented results, the final robot model showed an agreement greater than 93% for all 

the DoF, being presented as a reliable tool for future developments. From the identification experiment, a closed-loop 

notch filter behavior has been detected for one of the Cartesian channels (X), what might be a unique characteristic of 

this robotic arm. Future developments of this work will include the identification upon data acquired with an inertial 

measurement device (accelerometers and rate gyros) and the use of MIMO identification techniques to obtain models 

that contemplate situations where the decoupling  hypothesis assessed in 3.2.1 does not apply. Additionally, a state 

observer for velocities and accelerations streaming shall be implemented in a future release of the obtained model. 
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