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Abstract: In this paper, a new off-line identification approach based on the structural 

similarity of a neural identifier and the identified system is introduced. This approach is 

illustrated by a simple neural network for parameters identification of a separately excited 

DC motor.  The design of the neural identifier is based on the structural similarity of the 

system and the identifier, as the mathematical model of the system is known, as well as its 

structure. The unknown system parameters can be identified on basis of the measurable 

quantities such as the angular speed of the motor, stator voltage and stator current. Testing 

of the neural identifier is presented and simulation results are discussed in the conclusion of 

the paper. The results achieved by the presented approach of identification are good and the 

approach is suitable also for other systems. For the majority of the identified parameters the 

relative error proved to be lower than 0.5%.  

Keywords: parameter identification, neural network, DC motor  

 

1 Introduction  

In practice, there is often the need for highly precise and effective control of the 

output quantities of a particular system in both steady and transient states. The 

prerequisite for successful control of a given system is the knowledge of its 

parameters. That is why great attention is paid to the design of mathematical models 

of systems which are the basis for the application of particular control algorithms. 

Nowadays, mathematical models have crucial importance not only in systems 

control but also in most scientific disciplines, as they are not only a suitable form 

for expressing knowledge about the systems, but also, with technical devices, a very 

effective tool for further investigation of the properties of these systems. The created 

model, which should consider all the essential characteristics of the system, is 

described using a certain formal mathematical apparatus. The mathematical model 
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of the system, which can often be not only very complex and time-consuming, can 

unfortunately be also inaccurate. In the process of mathematical model design the 

real object is simplified by excluding insignificant properties, while all essential 

properties are to remain intact. System identification involves the process of 

determining the mathematical description of real systems, and it can determine the 

structure and parameters of the system model.  

The process of identification therefore involves: 

• Structural identification 

• Parametric identification 

Structural identification deals with determining the structure of the system and 

parametric identification with determining the system model parameters.   

Although real systems can be very complex, neglecting certain real properties and 

simplifying them can cause their description to be inaccurate. In addition, real-time 

systems are in constant interaction with their surroundings, and therefore, when 

designing models of systems, these are rather certain approximations of the real 

systems than precisely identical models of the systems.   

Information about the system plays an important role in the identification process. 

The information can be:   

• a posteriori 

• a priori  

A posteriori information is mostly quantitative and it is obtained through real system 

measurements. A priori information is qualitative and it includes knowledge 

obtained from previous study of entire classes of related systems, including the 

system under examination.  

The identification of system parameters can be performed in two ways:  

• on-line 

• off-line  

On-line identification is performed in real-time directly on the real-world system 

(Fig. 1). The advantage of off-line identification is that it is usually performed 

outside the investigated real system based on the processing of the measured 

quantities, thus limiting interventions into the existing system.  

The most suitable identification techniques apply the approach in which the 

structure of the system model is based mainly on the mathematical and physical 

analysis of the real system and subsequently the model parameters are determined 

and specified empirically, using experimental methods.  Often the procedure in 

which the analytical model is compared with the real system, through the data 

obtained by simulation of the mathematical model of the system with the data 

obtained by measurements of the real system is applied.  
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Figure 1  

System parameters identification  

In the analytical approach of identification, relations between the measured 

variables are obtained and, on their basis, the relations between the input and output 

variables of the system are determined. The advantage of the structural model 

obtained by this approach is that its individual relations correspond to the relevant 

parts of the system being identified. Since the model and the system structures are 

similar, there is a clear relationship between the model and the system parameters. 

In addition, in off-line identification, not only can the properties of the system be 

identified, even before it is implemented, but these properties can also, if necessary, 

be corrected.   

Artificial intelligence currently represents a powerful tool for solving problems 

across various domains that cannot be addressed using analytical methods, which 

often rely on significant simplifications. In contrast, solutions based on artificial 

intelligence techniques can yield the expected results, as demonstrated in numerous 

published studies. Several approaches are used to identify or observe system 

parameters [1][32] and missing values [31]. One of the newer approaches utilizes 

artificial intelligence methods [4] which include fuzzy logic [5,7,26], artificial 

neural networks theory [6], evolutionary algorithms [11], as well as other methods, 

each of which has stronger and weaker sides. The main principle of artificial neural 

networks is the similarity with the activity of brain cells and the brain of living 

organisms. Artificial neural networks are exceptional thanks to their ability to learn 

- to adapt their parameters. By training [10] the neural network, the parameters of 

this network are adjusted so that it is able to extrapolate functional values also 

outside of the training set. Basic artificial neural networks (ANNs) theory can be 

found in [9]. Compared to other methods, thanks to their learning abilities artificial 

neural networks offer many benefits, including the ability to implicitly detect 

complex non-linear relationships between dependent and independently variable 

quantities. The ANNs are, due to this feature, predominantly used for modelling 

complex non-linear systems [12][29]. It can be said that there are currently many 

works that deal with artificial neural networks, their training rules and faster training 

rules, along with a multitude of applications in various fields of science. Artificial 
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neural networks are researched and successfully applied in experimental and 

industrial systems and devices, including the area of electric drives and power 

electronics [21] of our interest, system modelling [18][30], drive control [2,6,14], 

quantities estimation [15-17] and identifying system parameters [3,8,19,27] as well 

as detecting motor and device failures [25].    

In system parameters identification using neural networks [13][20] there is the 

problem of determining the optimal structure and size of the neural network, as well 

as that of selecting suitable inputs and other network parameters, e.g. the type of 

transfer functions for the given neural network.   

The approach illustrated in this paper introduces a mode that can be applied when 

the structure of the system being identified is known. In such case it is possible to 

divide a complex system into simpler subsystems and for each of these subsystems 

design a simple neural network structure analogically to the system structure. Also 

the inputs and the type of transfer functions for the neural network needed for 

identifying the system parameters are based on the known information about the 

system.   

In this paper, an off-line system parameters identification approach based on the 

theory of artificial neural networks is presented on the example of parameter 

identification of a separately excited DC motor. The design of the neuro-identifier 

structure, choice of training sets, tests of the neuro-identifier and evaluation of the 

achieved results are presented and discussed.  

Compared to published approaches for parameter identification, this article 

introduces a novel method to system parameter identification, based on the 

integration of physical knowledge directly into the learning process of a neural 

network. A key feature of this approach is the use of a highly simplified neural 

network architecture, that mirrors the structure of the identified system, along with 

a significantly reduced requirement for experimental data.  

2 Methodology of Identification Process Using ANN  

Conventional methods for system parameters identification, especially in the field 

of electric drives, are based primarily on measuring the response of a system to a 

suitable test signal. However, the increase in computing performance has allowed 

automatic identification to be extended, bringing significant benefits. Some of them 

are outlined below:  

• Possibility to generate complex testing signals  

• Sophisticated identification algorithms   

• Possibility of on-line identification  

• Continuous use of identification results to improve system control  
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When designing structures for system parameters identification based on ANNs, 

two approaches are typically applied:  

• Parameter identification based on the approximation of the dependence of 

the searched for parameter on measurable variables. In this case, 

identification is based on large ANNs (Fig.2). The training of these ANNs 

takes place on the basis of a selected training set of test signals, mostly 

offline [9].     

• The parameter values searched for are derived from the ANN's structure 

analogy with the structure of the identified system, and the ANN is used as 

a parallel or serial-parallel model of the system. ANN has a very simple 

structure in this case, with a small number of neurons. For the training of the 

neural network, the rapid training algorithm is used and the values of the 

identified parameters usually correspond to the ANN parameters directly or 

are obtained indirectly - by calculation from the adapted network parameters 

[22-24].   

Each of the approaches described above has certain advantages and disadvantages.  

  

Figure 2  

The main view of the process of identifying a large ANN through a parallel neural model  

In the first case, that of large neural networks, the problem is the selection of input 

network quantities, of learning samples, but also the selection of the optimal 

network structure. The advantage is the possibility of using a classical verified 

training algorithm without high demands on the speed of the training algorithm.   

In the second case, the advantage is that due to the analogy of the neural network 

structure with the structure of the identified system it is not only the neural network 

inputs but also the structure of the neural network that is clearly defined. However, 

in the case of on-line use, there are high demands on the speed of the training 

algorithm. Our previous works were focused on identification using the second 

approach, where online identification was used, with the input signal being a signal 

created specifically for this purpose [18][19].   
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In this paper, knowledge of the system is used to identify system parameters. In line 

with the second approach, the neural network analogy with the system structure is 

used, but as learning is going off-line, a common training algorithm can be used as 

in the first case, where the requirements for the speed of identification are not high.   

2.1  Identification of DC Motor Parameters  

A separately excited DC motor is a multi-parameter nonlinear system whose input 

quantities are the input voltages ua, ub and the output quantities can be angular speed, 

motor torque, armature current or motor shaft position. The mathematical model of 

a separately excited DC motor is based on the general model of DC machines, with 

the usual simplifying assumptions.   

The dynamic model of a separately excited DC motor can be divided into two 

subsystems: electromagnetic and mechanical.  

  

Figure 3  

Discrete model of a separately excited DC motor  

The electromagnetic system of a motor includes an excitation circuit and an 

armature circuit of the motor. If magnetic flux stabilization is ensured, i.e. the 

magnetic flux and the current in the excitation circuit are constant both in static and 

dynamic modes of operation of the motor, the DC motor will be a motor with 

constant excitation.   

In view of the necessity of identifying the parameters of a DC motor with constant 

magnetic flux, it is considered that the DC motor will only be loaded by the actual 

and external friction torque mf, while the exponential component of the viscous 

friction will be neglected:  

𝑚𝑓 = 𝑠𝑔𝑛(𝜔𝑚)𝑀𝐶 + 𝑏𝜔𝑚   (1)  

where,  

MC - is Coulomb’s friction 

b - is the slope of the linear component of the viscous friction 

ωm - is the angular speed of the rotor shaft 
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The main motivation for addressing the proposed approach for parameter 

identification, was to align the DC motor model with the structure of the designed 

neural network. Therefore, we derive the individual variable derivatives from 

equations (1) - (4), in a manner analogous to the formulation of the state-space 

model of a DC motor. 

𝑑𝑖𝑎

𝑑𝑡
=

𝑢𝑎−𝑅𝑎∙𝑖𝑎−𝐶∅∙𝜔𝑚

𝐿𝑎
        (2)  

 

𝑑𝜔

𝑑𝑡
=

𝑀𝑚−𝑀𝑓

𝐽
 (3) 

After modifying equations (2) and (3), we obtain the following expressions: 

𝑑𝑖𝑎

𝑑𝑡
=

𝐾𝑎

𝑇𝑎
𝑢𝑎 −

𝐶∅.𝐾𝑎

𝑇𝑎
𝜔𝑚 −

1

𝑇𝑎
𝑖𝑎        (4)  

 

𝑑𝜔

𝑑𝑡
=

𝐶∅.𝑖𝑎−𝑠𝑔𝑛(𝜔𝑚).𝑀𝐶+𝑏.𝜔𝑚

𝐽
 (5) 

Subsequently, equations (4) and (5) are transformed into their discrete form, which 

serves as the basis for constructing the discrete model of the DC motor. 

 

    (6) 

 
 

    (7) 

where, 

ia - is the armature current 

ua - is input armature voltage  

C - is the motor constant  

J - is the moment of inertia  

ϕ - is the magnetic flux  

Ka - is the rotor gain  

Ta - is the electrical time constant  

Rotor gain Ka, electrical time constant Ta and the motor constant C' are expressed 

by the following equations:  

   (8) 

where,  

Ra - is the armature resistance  

La - is the armature inductivity  
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p - is the number of pole pairs  

Nm - is the number of turns of armature winding  

a - is the number of parallel paths of armature winding  

 

(Eq. 6-8) represent the basic equations of the discrete model of DC motor with 

separate constant excitation.  

  

Figure 4  

Neural parameters identifier of the motor: electromagnetic part - N1  

Since the neural model (Fig.4) of the parameter identifier of the electromagnetic 

system is designed according to (Eq. 6), the output of the neuron o1 (k+1) can be, 

based on the equation, expressed by the formula presented below:  

𝑜1(𝑘 + 1) = 𝑤1(𝑘) ∙ 𝑢𝑎(𝑘) + 𝑤2 ∙ 𝜔𝑚(𝑘) + 𝑤3 ∙ 𝑖𝑎(𝑘)  (9)  

Where the parameters of the electromagnetic part of the motor are incorporated into 

individual weights of the N1 neuron:  

 (10) 

 (11) 

 (12)  

Based on (Eq. 10-12), it is possible to determine the values of the parameters of the 

electromagnetic subsystem of the motor, namely the motor armature gain Ka, 

electrical time constant of the motor armature Ta, and excitation C'Φ*. After 

training, when o1(k+1)≐ia(k+1), the parameters are determined as follows:  

 (13)  

 (14)  

 (15)  

Whilst the armature resistance value Ra* is obtained from the identified gain value 

Ka* according to (Eq. 8) and the armature inductivity value La* is also obtained 

from (Eq. 8), from the identified electrical time constant of the motor Ta*.  
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The second part of the identifier for identifying parameters of the mechanical part 

of the motor will be made analogous to the mechanical part of the motor shown in 

(Fig. 5).   

If:  

ω2m = sign(ωm)  (16)  

by adjusting (Eq. 7) the equation of angular speed will be:   

 (17)  

The second part of the identifier for identifying the parameters of the mechanical 

part of the motor consists of one neuron with a linear transmission function 

according to the scheme in (Fig. 5), which is analogous to the mechanical part of 

the motor shown in (Fig. 3).  

  

Figure 5  

Neural parameters identifier of the DC motor: mechanical part – N2  

According to (Fig. 5) the output of neuron N2: o2 (k + 1) can be expressed in line 

with (Eq. 17) in the form:   

o2(k + 1) = w1(k)ia(k) + w2ωm(k) + w3ω2m(k)   (18)  

Where the searched for parameters of the motor mechanical part are incorporated in 

individual weights of neuron N2:  

 (19) 

  (20) 

 (21) 

If, after training, the output of neuron N2: o2(k+1)≐ωm(k+1), then, based on (Eq. 

19-21), values of the motor mechanical part parameters, namely the moment of 

inertia J, coefficient of friction b and Coulomb’s friction Mc , can be calculated using 

the following mathematical formulas:  



Acta Polytechnica Hungarica  Vol. 23, No. 7, 2026  

 

 

– 149 – 

 (22) 

 (23)  

 (24) 

 

3 Results and Discussion of Parameters Identification  

The structure of the neural network for the identification of electromagnetic and 

mechanical parameters of the separately excited DC motor consists of two neurons 

that are trained separately. The DC motors parameters that were used to identify 

motor parameters in simulations are shown in Table 1. Parameters selected as 

reference values for verification by simulation were friction coefficient b and 

Coulomb friction Mc.  

Table 1  

Parameters of the separately excited DC motors used in identification  

Parameter  Value of motor 1  Value of motor 2  Unit  

Pn 36700 2300 W 

Uan 420 220 V 

Ian 97 12.3 A 

ωn 239.8 293.2 rad.s-1 

Ra 0.208 1.6 Ω 

La 0.0081 0.016 H 

CΦ 0.8 0.7 V.s 

J 0.0346 0.0315 kg.m2 

Mc 0.8 1.0 N.m 

b 1 0.3 N.m.s.rad-1 

The data sets used for neural training were created on the basis of simulated 

waveforms of the DC motor model, where the neuron N1 inputs shown in (Fig. 4) 

are selected on the basis of (Eq. 2) and the neuron N2 inputs, shown in (Fig. 5), are 

selected on the basis of (Eq. 17), whilst the value ΔT corresponds to the sampling 

period of individual signals. The shape of the input signals plays a crucial role in 

the accuracy of the identified parameters. Therefore, the simulation included testing 

input signals with varying amplitudes and frequencies (Fig. 6). For the actual motor 

parameter identification, signal profiles that produced the best results were used 

(Fig. 7,  Fig. 8).  
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Figure 6  
Examples of tested input signals  

The best results in parameter identification were obtained using  a sinusoidal 

waveform input voltage signals with a frequency of  0.5 Hz and amplitude of 110 

V. For determining the mechanical parameters, a saw-tooth input signal with a 

frequency of 1 Hz and amplitude of 43V was applied.   

The learning process in the proposed approach can be explicitly formulated as an 

optimization problem. The objective of learning is to minimize the discrepancy 

between the outputs of the neural identifier and the corresponding outputs of the DC 

motor model, i.e., the armature current and angular speed in the next sampling step. 

The cost function used for training is the mean squared error (MSE), computed over 

the training dataset: 

  (25)  

Where, y(k+1) represents the measured (or simulated) system output and ŷ(k+1) is 

the output of the neural identifier. The neural identifier consists of two neurons 

corresponding to the electromagnetic and mechanical subsystems of the DC motor. 

Their outputs are defined as:  

𝑜1(𝑘 + 1) = 𝑤1(𝑘) ∙ 𝑢𝑎(𝑘) + 𝑤2 ∙ 𝜔𝑚(𝑘) + 𝑤3 ∙ 𝑖𝑎(𝑘)  

o2(k + 1) = w1(k)ia(k) + w2ωm(k) + w3ω2m(k)   

where, these equations directly correspond to (9) and (18) in the manuscript. The 

decision variables in the optimization process are the synaptic weights of the neural 

network (i.e., w1, w2, w3 for each neuron). Due to the structural analogy between the 

neural network and the physical model of the DC motor, these weights directly 

represent the system parameters (e.g., armature gain, time constant, inertia, friction 
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coefficients). The training is performed using the Levenberg–Marquardt algorithm, 

which iteratively updates the weights to minimize the defined cost function.  

Implicit constraints of the learning/optimization process are, however, given by the 

structure of the neural network, which is derived from the known physical model of 

the system. This structure ensures that the identified parameters have physical 

meaning and are consistent with the system dynamics.  

 

Figure 7  

The waveforms of quantities used to create training sets for N1 neuron  

The waveforms of armature voltage, armature current and speed, used in the 

preparation of the training sets for N1 neuron are shown in (Fig. 7) and in the 

preparation of the training sets for N2 neuron are shown in (Fig. 8).  
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Figure 8  

The waveforms of quantities used to create training set for N2 neuron  

Another key parameter for identification is the sampling period of the signal. 

Figures 9 and 10 illustrate the identification accuracy of individual parameters of 

the electromagnetic and mechanical subsystems for various sampling periods, 

where MSE represents the mean squared error.  

To evaluate the accuracy of the identified parameter Ra in comparison to the actual 

armature winding resistance, the relative deviation was calculated in percentage 

terms according to Eq. (26). The same approach was used to compute the relative 

deviations for all other identified parameters of the DC motor.  

 (26)  
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Figure 9  

Accuracy of electromagnetic system parameter identification as a function of the sampling period  

  

Figure 10  

Accuracy of mechanical system parameter identification as a function of the sampling period  

Table 2 presents the obtained electromagnetic parameters and Table 3 presents the 

obtained mechanical parameters of the motor. The tables show the comparisons with 

the reference values and present the relative errors obtained in the process of 

identification of the individual parameters. In several works [14,22-24] dealing with 

parameters identification of e.g. DC motors, relative errors which would enable a 

better expression of the accuracy of the achieved results are not presented. In [28] 

the relative error in the obtained results is not smaller than 6%. In [28], also the 

results obtained using the MATLAB system identification toolbox are presented, 

and these are even less accurate. In [19][20], in on-line identification of parameters 

of an induction motor, the relative errors of the obtained results are mostly in the 

range of 0.5% to 4%. Compared to these results, the parameters of the DC motor 
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electromagnetic subsystem (Table 2) were determined with error less than 0.5% and 

parameters of the mechanical subsystem (Table 3) with error in the range 0.17% to 

0.74%.  

Table 2  
Identified electromagnetic parameters  

Parameter Reference value 

of motor 1 
Identified value 

of motor 1 
Relative error 

La 0.0081 H 0.0081 H 0.1865 % 

Ra 0.2080 Ω 0.2089 Ω 0.4443 % 

CΦ 0.8000 V.s 0.7988 V.s 0.1448 % 

Ka 4.8077 Ω-1 4.7864 Ω-1 0.4443 % 

Ta 0.0389 s 0.0388 s 0.3148 % 

Parameter Reference value 

of motor 2 
Identified value 

of motor 2 
Relative error 

La 0.0160 H 0.0160 H 0.4186 % 

Ra 1.6000 Ω 1.6083 Ω 0.3938 % 

CΦ 0.7000 V.s 0.6990 V.s 0.1500 % 

Ka 0.6250 Ω-1 0.6218 Ω-1 0.5168 % 

Ta 0.0100 s 0.0100 s 0.4000 % 

Table 3 
Identified mechanical parameters 

Parameter Reference value 

of motor 1 
Identified value 

of motor 1 
Relative error 

J 0.0346 kg.m2 0.0346 kg.m2 0.0005 % 

b 1.0000 N.m.s/rad 0.9927 N.m.s/rad 0.7366 % 

Mc 0.8000 N.m 0.7988 N.m 0.1697 % 

Parameter Reference value 

of motor 2 
Identified value 

of motor 2 
Relative error 

J 0.0315 kg.m2 0.0317 kg.m2 0.5397 % 

b 0.3000 N.m.s/rad 0.3029 N.m.s/rad 0.9667 % 

Mc 1.0000 N.m 0.9973 N.m 0.2740 % 

The parameter identification method for the separately excited DC motor was also 

tested experimentally on Motor 2, and the identification profiles of the 

electromagnetic and mechanical subsystems are shown in Fig. 11 and Fig. 12.  
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Figure 11  

Identification process of the electromagnetic system parameters of Motor 2  

  

Figure 12  

Identification process of the mechanical system parameters of Motor 2  
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4 Conclusions  

This paper presents an approach of system parameters identification, based on a 

simple artificial neural network and presented as a separately excited DC motor 

example. The structure of the neural system parameter identifier is based on the 

analogy of the neural network and the real system, of which, the structure is known.  

Since the system consists of two subsystems, two separate parts are used in the 

identification structure. The first part is the electromagnetic subsystem and the 

second part is the mechanical subsystem of the motor. For both parts independent 

neural identifiers were created, represented by neurons with linear transmission 

functions. The inputs and outputs of the neural identifiers were selected in 

accordance with the known equations describing the two subsystems. Unknown 

parameters of both motor subsystems were identified on basis of readily measurable 

variables such as input voltage, motor armature current and angular speed. 

Training sets were prepared separately for both neurons, based on the waveforms of 

these quantities. The accuracy of parameter identification also depends on the 

amplitude and frequency of the input signal. The desired electromagnetic and 

mechanical parameters of the DC motor were determined from the individual 

synaptic weights of the neurons after the training of the neural networks by the 

Levenberg-Marquardt method. The identified parameters of the DC motor system 

are the values of the parameters of the electromagnetic subsystem of the motor, 

namely armature inductivity La, armature resistance Ra, motor armature gain Ka, 

electrical time constant of the motor armature Ta and excitation CΦ*, and the values 

of the parameters of the mechanical part of the motor, namely the moment of inertia 

J, friction coefficient b and the Coulomb friction Mc. 

The comparison of the obtained results with the actual DC motor parameters 

revealed that the relative error was less than 0.5% for most of the identified 

parameters, with the exception of the viscous friction coefficient, which was less 

than 0.8%. 

The presented approach of identification is suitable for further application. It is 

appropriate in cases when a great deal of information about the system is available 

and it is possible to create a simple network or a multiple network system, with a 

structure analogous to the structure of the identified system. 
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