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Abstract�—This paper presents the system identification process 
done on an industrial Electro-Hydraulic Actuator (EHA) system. 
The model obtained through system identification by aid of 
System Identification Toolbox of MATLAB and System 
Identification Toolkit of LabVIEW. Attraction of system 
identification is ability to obtain system�’s model with sets of input 
and output data; without need of prior knowledge on system. The 
model is later validated with the actual performance of real EHA 
system. 
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I.  INTRODUCTION 
Drive systems are fundamental components in industrial 

process and engineering practice. Among available drive 
systems, electro-hydraulic actuator (EHA) system is one of 
them which are widely used. EHA system is taking more 
advantages over electric drive system because of its high power 
to weight ratio, fast and smooth response characteristics and 
good power capability. Examples of electro-hydraulic actuator 
applications are electro-hydraulic positioning systems [1-3], 
industrial hydraulic machines [4], and active suspension 
control [5]. EHA system is able to generate high forces in fast 
response time and have good durability for heavy engineering 
system [6]. 

Due to the ability in positioning, position tracking accuracy 
of the system is becoming one of the most extensive researches 
in last decades. The research is challenging because of EHA 
system�’s behavior; highly nonlinearities, uncertainties and 
time-varying characteristics. Performance in position tracking 
is essential, as it promise powerful and stable control of the 
system. In order to achieve a good control for EHA system, 
model that can represent the behavior of the system must be 
obtained. 

Modelling is important task in scientific studies, as the first 
step of any system analysis [7]. However, the process of 
obtaining a model is not an easy job. Achieving model of the 
system can be done in two method, physical law modelling and 
system identification. Physical law modelling method requires 
expert knowledge about the system to be modeled, and often 
such knowledge is hard to be obtained. Thus another method, 
known as system identification is introduced. System 
identification require no prior knowledge about the system, by 

providing set of input-output data, model can be formulated. 
Thus, system identification method is always known as �“black 
box�” identification. 

II. SYSTEM IDENTIFICATION 
System identification is the process of formulating 

mathematical model of systems using measurement data [8]. 
The term identification was first introduced by Zadeh [9], 
referring to the problem of determining the input-output 
relationships of a black box or modelling based on 
experimental data sets. Model of the system is needed as the 
prediction of system�’s behavior and aid in controller design. 

A. Stimulus Signals 
Stimulus signal is the signal used to excite the system so 

that the characteristics of system can be realised. Thus, the 
signal has to be rich in frequency and amplitude which excite 
every operation region of the system. Good stimulus signal 
can assure a more accurate model. Signal used in this system 
identification process is given in following formula.  
  

y = 1.5cos2 (0.05)t + 1.5cos2 (0.2)t + 2.5cos2 (1)t (1) 
 

The equation shows that the stimulus signal used to excite 
EHA system is a multisine wave, which is a combination of 
three sine or cosine wave with different frequency 0.05Hz, 
0.2Hz, and 1Hz. The highest frequency of the multisine wave 
is limited to 1 Hz, as the EHA system does not be able to 
response to high frequencies. The hydraulic fluid is unable to 
follow the rapid change of servo valve, which can operate up 
to 10Hz; the piston of EHA will vibrate instead of moving 
smoothly, when signal with high frequency is supplied.  Thus, 
the highest frequency of stimulus signal is limited to 1Hz. The 
multisine signal as in Figure 1 is able to excite most of the 
operation region of EHA system. 

 
Figure 1.  Stimulus Signal 
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Figure 2.  Before Linearization 

B. Linearization 
Linearization process during data taking process is 

important, as EHA system is nonlinear. Without linearization, 
the linear estimation of the model is hard to achieve. The effect 
of linearization is shown in Figure 2 and Figure 3.  

The linearization process is done be adding an offset to the 
stimulus signal. After the input and output data is linearlized 
as in Figure 3, linear model estimation method can be applied. 

C. Model Selection 
At previous subchapter, it is mentioned a linear model is 

used to estimate a nonlinear model as the EHA system. Linear 
model is used as it is the simplest, discrete time model that can 
represent the relationship between u(t) and y(t). Linear model is 
chosen over nonlinear model as linear model is much simpler 
than nonlinear model, while at the same time, can represent the 
behavior of the real system with high precision. Thus, ARX 
model which is the simplest and most popular model is chosen 
to estimate the EHA system. Figure 4 shows general ARX 
model, with u is input, y represent output, e indicate error 
signal, A and B are parameter to be determined. 

After suitable model is chosen, structure of the model has 
to be decided. For example, ARX model have different 
structure, from lower degree of 2-2-1 structure to high degree 
3-3-1. Normally, higher degree of structure will result in better 
model approximations; result in more complex model at the 
same time.  

 
Figure 3.  After Linearization 

 
Figure 4.  General ARX Model 

 

Figure 5.  General ARMAX Model 

ARMAX model in Figure 5 is different from ARX model 
by including noise model, C in the system model. ARMAX 
model is more accurate than ARX model when the system data 
is having high degree of noise, as noise model also being 
modeled. 

A guide on how to choose a correct model is by applying 
Parsinomy Principle [10-11]. Parsinomy Principle states that, 
out of two identifiable model structure that fit certain data, the 
model with simpler form will be chosen. Thus, model with 
less parameters, while the accuracy does not significantly 
improved in high order, is the model of the system. Lower 
degree and less parameter will make the computation and 
controller design on the model a lot easier. This criterion has 
to be taken into account while selection most suitable model 
for the EHA system. 

III. EXPERIMENTAL SETUP 
The experiment setup of the EHA system contains of a few 

main parts: hydraulic pump, piston, position sensor, servo 
valve, and hydraulic motor, as in Figure 6.  

Stimulus signal is generated by a computer, using MATLAB 
platform, and sent to servo valve through NI-PCI-6221 card. 
The servo valve is the part to control the flow of hydraulic fluid 
and move the piston accordingly. The position of piston, which 
is connected to a load, is captured by wire sensor, WDS 300 
p60 attached to the load. The wire sensor is able to measure up 
to 300mm, corresponding to the piston length, which is 300mm 
as well. Experiment is start by setting the piston to middle 
position, to enable it to perform response when stimulus signal 
is provided. 



Figure 6.  Experiment Setup 
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A(q)y(t) = B(q)u(t) + e(t) 
Where, 

A(q) = 1-2.054q-1 +1.414q-2 �– 0.36
B(q) = 0.3718q-1 �– 0.5057q-2 + 0.23
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A(q) = 1-2.05466q-1 +1.41453q-2 �–
B(q) = 0.371058q-1 �– 0.504105q-2 +
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TABLE I.  DATA SET 1 

Sampling 
Time 
(ms) 

Degree 
ARX ARMAX 

Best Fit(%) Autocorrelati
on 

Cross 
Correlation Best Fit(%) Autocorrelati

on 
Cross 

Correlation 

5 

2 88.61 Bad Good 93.45 Bad Good 
3 89.3 Bad Good 82.78 Good Good 
4 89.91 Bad  Good  95.65 Good  Good  
5 90.62 Bad Good 95.66 Good Good 

10 

2 89.3 Bad Good 92.04 Good Good 
3 89.59 Still Good Good  88.84 Good  Good  
4 90.71 Still Good Good 95.65 Good Good 
5 90.87 Good Good 95.65 Good Good 

50 

2 93.45 Still Good Good  90.97 Good  Good  
3 95.63 Good Good 95.82 Good Good 
4 95.81 Good Good 95.8 Good Good 
5 95.82 Good  Good  95.82 Good  Good  

100 

2 92.94 Bad Good 95.61 Bad Good 
3 95.81 Good Good 95.73 Good Good 
4 95.81 Good  Good  95.74 Good  Good  
5 95.83 Good Good 95.79 Good Good 

 

TABLE II.  DATA SET 2 

Sampling 
Time 
(ms) 

Degree 
ARX ARMAX 

Best Fit(%) Autocorrelati
on 

Cross 
Correlation Best Fit(%) Autocorrelati

on 
Cross 

Correlation 

5 

2 88.48 Bad Good 91.83 Still Good Good 
3 95.4 Bad Good 94.13 Good Good 
4 95.47 Bad Good  95.43 Good  Good  
5 95.48 Bad Good 95.1 Good Good 

10 

2 88.82 Bad Good 92.92 Good Good 
3 95.38 Good Good 95.43 Good Good 
4 95.4 Good Good  95.4 Good  Good  
5 95.28 Good  Good 95.43 Good Good 

50 

2 93.52 Good Good 91.5 Good Good 
3 95.28 Good Good 95.46 Good Good 
4 95.51 Good Good  95.46 Good  Good  
5 95.51 Good  Good 95.49 Good Good 

100 

2 92.81 Good Good 95.48 Good Good 
3 95.72 Good Good 95.65 Good Good 
4 95.72 Good Good  95.64 Good  Good  
5 95.73 Good  Good 95.69 Good Good 

 

 

 

 

 

 

 



TABLE III.  DATA SET 3 

Sampling 
Time 
(ms) 

Degree 
ARX ARMAX 

Best Fit(%) Autocorrelati
on 

Cross 
Correlation Best Fit(%) Autocorrelati

on 
Cross 

Correlation 

5 

2 88.56 Bad Good 92.54 Good Good 
3 95.59 Bad Good 95.65 Good Good 
4 95.68 Bad Good  95.63 Good  Good  
5 95.71 Bad Good 95.68 Good Good 

10 

2 88.64 Bad Good 92.58 Good Good 
3 95.46 Good Good 95.46 Good Good 
4 95.37 Good  Good  95.43 Good  Good  
5 95.07 Good Good 95.43 Good Good 

50 

2 93.3 Good Good 91.21 Good Good 
3 95.41 Good Good 95.6 Good Good 
4 95.63 Good  Good  95.6 Good  Good  
5 95.63 Good Good 95.61 Good Good 

100 

2 92.67 Good Good 95.53 Good Good 
3 95.72 Good Good 95.69 Good Good 
4 95.72 Good  Good  95.65 Good  Good  
5 95.74 Good Good 95.69 Good Good 

 

E. Discussion 
From three tables above, the performance of model are 

visible. Three sets of data are taken to reduce the human error 
during experiment. Firstly, all the models at any sampling time 
and any structure have good cross correlation analysis.  

Next interesting analysis is the effect of sampling time. The 
result shows that while the sampling time is too small, which is 
5ms, the models always result in low best fit percentage, and 
often have bad autocorrelation of residue. At the same time, at 
5ms sampling time, same structure degree of model ARX and 
ARMAX have much difference performance. This shows that, 
at model of 5ms sampling time, much error occurs, and transfer 
function of error in ARMAX are significant.  

Comparing the effect of overall performance, it can be said 
that, while the sampling time is equal or higher that 50ms, 
better model can be obtained. Overall best fir percentage of 
over ninety-five percent can be achieve while the data is 
obtained in sampling time of 50ms.  

The performance of ARX and ARMAX model at 50ms 
sampling and 100ms sampling time seem identical. This shows 
that the error transfer function which is also modeled in 
ARMAX model does not increase the performance 
significantly. Thus, using the Parsinomy Principle, ARX model 
is chosen as EHA model as less parameters need to be 
estimated.  

ARX model is chosen as EHA system�’s model. Next step to 
determine is the structure of ARX model. From results, ARX 
structure 2-2-1 is perform less accurate than ARX structure 3-
3-1, ARX structure 4-4-1, and ARX structure 5-5-1; while not 
significant better performance is observed in ARX structure 3-
3-1, ARX structure 4-4-1, and ARX structure 5-5-1. Thus, it 
can be concluded that ARX structure 3-3-1, ARX structure 4-4-

1, and ARX structure 5-5-1 perform approximately the same, 
and once again, ARX structure 3-3-1 is chosen, on the basis of 
Parsinomy Principle. 

Sampling time does actually have significant effect on the 
model estimated. Smaller sampling time will result in less 
accurate model. However, if the sampling time is too large, the 
model cannot represent the system well, as important 
characteristic of the system might not be capture by the data. 
Thus, a suitable sampling time for identification of EHA 
system will be 50ms. 

ARX structure 3-3-1 model obtained for EHA system using 
data set 1, as it achieve the highest best fit percentage. Figure 7 
and Figure 8 shows the performance and analysis of the model. 

Figure 7 shows the comparison between simulated and 
actual response of the system. From the figure, it shows that the 
model able to perform approximately as the actual system, with 
accuracy of 95.63 percent. Figure 8 shows the autocorrelation 
of residual and cross correlation analysis of the model, and the 
analysis shows that the model is highly applicable. 

The ARX model of the EHA system can be written in form 
of equation (2). The model that used in comparison between 
System Identification Toolbox, MATLAB and System 
Identification Toolkit, LabVIEW is the model that we chosen 
to be the EHA model. Once again, the model of EHA system 
is: 

A(q)y(t) = B(q)u(t) + e(t)  (7) 
Where, 

A(q) = 1-2.054q-1 +1.414q-2 �– 0.36q-3  (8) 
B(q) = 0.3718q-1 �– 0.5057q-2 + 0.2323q-3  (9) 

 
 

 



 
Figure 7.  Simulated and Actual Response 

 

 
Figure 8.  Autocorrelation of Residuals and Cross Correlation Analysis 

V. CONCLUSIONS 

In conclusion, a nonlinear electro-hydraulic actuator 
(EHA) system can be modeled using linear model 
approximation. System identification does not require user to 
have prior knowledge about the system to obtain the model. 
Besides, System Identification Toolbox, MATLAB and System 
Identification Toolkit LabVIEW do perform same way in 
identifying the model. 

Sampling time has to be chosen not too small, as more 
error will occur in the model. However, sampling time should 
not too large as well, as characteristic of the system may not be 
captured by the data. Furthermore, model with simpler 

structure and less parameter is better model. Thus, an ARX 3-
3-1 model with 50ms sampling time is identified for EHA 
system. 
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