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Parametric and Non-parametric Mathematical Modelling
Techniques: A Practical Approach of an Electrical Machine
Identification

Técnicas de modelado matematico paramétrico y no paramétrico: un caso
practico de identificacion de una maquina eléctrica

Oscar Gonzales!

ABSTRACT

Mathematical modeling is a key feature in analysis and control of dynamic systems. Furthermore, system identification’s approach
consists in mathematical expressions from experimental data taken from different processes. In this context, this work describes sev-
eral modeling and identification techniques for determining the behavior of dynamic systems over fime. This work emphasizes the
main advantages and/or disadvantages of the different mathematical formulations of modeling and identification. This article pre-
sents a comprehensive review of the main modeling and identification techniques from a parametric and non-parametric perspec-
five. Parametric and non-parametric models were formulated through their respective equations in order to apply them in a case of
study. The experimental data is taken from an electrical machine, a DC motor from a didactic platform in which a set of known
inputs are applied to measure the motor speed, then the output data is used as part of the modeling and identification process. The
article concludes with the results provided by the comparison of modeling and identification techniques under study where simple
solutions such as first order systems are required to model a linear dynamics DC motor over other complex mathematical formula-
fions.
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RESUMEN

El modelado matemdtico es una caracteristica muy importante en relacion con el andlisis y control de sistemas dindmicos.
Ademds, la identificacién del sistema es un enfoque para construir expresiones matemdticas a partir de datos experimentales
tomados de procesos. En este contexto, este trabajo describe varias técnicas de modelado e identificacién que son herramientas
poderosas para determinar el comportamiento de los sistemas dindmicos en el tiempo. En Este trabajo se enfatiza las principales
ventajas y/o desventajas que tienen las diferentes formulaciones matemdticas de modelacion e identificacién. También se
presenta una revision exhaustiva de las principales técnicas de modelado e identificacién desde una perspectiva paramétrica y no
paramétrica. Se formularon los modelos paramétricos y no paramétricos por medio de sus ecuaciones para aplicarlos en un caso
de estudio. Los datos experimentales se toman de una maquina eléctrica, un motor de DC de una plataforma diddctica en la cual
se aplican un conjunto de entradas conocidas para medir la velocidad del motor y utilizar estos datos como parte del proceso de
modelacion e identificacién. El artficulo concluye con las soluciones proporcionadas por la comparacion de técnicas de
modelacion e identificacion donde soluciones sencillas como los sistemas de primer orden son precisos para modelar un motor DC
de dindmica lineal sobre otras formulaciones matemdaticas mds complejas.
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Introduction Physical systems describe the environment around us. These
systems, regardless of their activity, are represented through a
mathematical equation where its dynamics are described (Feld-
man et al, 2018). This means the current system output depends
on a set of previous values that make the plant have a time-
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model is the start point for designing any closed-loop regulator,
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dynamic analysis through simulation, considering all the criteria
to obtain results as much close as the process in site (Ullrich et
al, 2017).

Mathematical equations in dynamic systems are classified in linear
and non-linear expressions. In the case of linear schemes, they
are desirable by most control system designers due to mathe-
matical simplicity and their flexible implementation through
hardware platforms with low-level programming. However, most
of the industrial systems are non-linear and the need to be im-
plemented in advanced hardware platforms with programming
complexity. Other alternatives such as non-linear modeling or a
linear approximation in a process operating point are used to
reduce mathematical complexity (Oliveira et al, 2019).

For example, in (Gonzales et al, 2017) the plant variables are
temperature and molar concentration. These variables take a
considerable time to reach operating points, it means in a period
of minutes or hours the set-point is accomplished. This feature
of slow dynamics makes certain control system designers use
equivalent modelling systems to generate a smooth law of con-
trol. Consequently, the use of a first-order response showed the
plant performance in a stable operating point, but a deep analysis
is not carried out due to the high non-linearities in the process.
Other science fields such as, biological structures, use a system-
order reduction technique in large-scale models like Snowden et
al, 2018, which most of the processes are non-linear systems. In
this work, the authors studied the biochemical reaction net-
works, which are high dimensional systems that are troublesome
to study at the simulation level because of the high computation-
al complexity generated in the mathematical expressions. Subse-
quently, every component is grouped to develop an entire simu-
lation, which generates high-level computational effort so that
results take a long time to be produced.

In electrical systems, (Schilders et al, 2018) obtained a simple and
smooth model for the pack- aging structure around LED lamps.
On the other hand, these lamps are efficient in energy consump-
tion, but there is still a latent problem that refers to heat genera-
tion. At a constructive level, it is crucial to have a proper math-
ematical model of the lamp structure because these expressions
generate constructive solutions to mitigate the effects of tem-
perature for long-time work.

In electrical power systems are frequent the fast-dynamic re-
sponses that establish several non-linear expressions. Such is the
case of (Gonzales et al, 2018), where the power generation of a
solid-state transformer is carried out through an analysis of a
black box system where a first-order curve is obtained after a
step input at the operating point. According to the results, the
power consumption regulator is designed in a predefined range
of power generation. These criteria offer several advantages for
designing a control system due to the mathematical model avoids
non-linear phenomena present for the nature of the load.

Complex systems such as quadruple-tank process (Herrera et al,
2018), have several non-linear expressions where the plant is a
multivariable array of four tanks and two valves. The control
objective is to set a level value at the upper tanks. Apart from
having non-linear equations, the process defines a high degree of
interaction of its variables. Particularly, the fluid level of the tank
number one depends on the control action of the valve number
two and vice versa. This aspect requires a reduced-order model
for a flexible simulation at operating points and regulation on the
state variables is not limited by mathematical model complexity
(Sato, 2017).

However, due to the diverse choices in modelling and identifica-
tion techniques, only elemental models are adopted to represent
physical systems. Thus, other valid options give several ad-
vantages for system simulation and control design but are set
aside for key regulation alternatives. For example, models that
consider standard responses, such as approximations to first or
second-order systems, may or may not incorporate a delay are
used extensively in processes control. Although this method is
valid, some control designers do not consider other alternatives
that provide more reliable results such as the least-squares algo-
rithm and other similar options. Particularly, in cases where the
acquisition of data is accomplished from a small number of sam-
ples, a trend curve of the process should be considered, which is
performed by non-parametric models. Particularly, in cases
where the acquisition of data is accomplished from a small num-
ber of samples, a trend curve of the process should be consid-
ered, which is performed by non-parametric models (Almeida et
al, 2017).

In consequence, this paper reviews the different existing alterna-
tives to develop modelling and identification techniques consider-
ing the most used parametric and non-parametric algorithms.
The reader will be able to find different preferences to model
and identify a plant. Also, this work applied a set of identification
techniques through a training educational plant, an electric DC
motor on a didactic platform, in which the acquisition of speed
data is performed. The present work is shown as follows, in the
next section a synthesis of the parametric and non-parametric
models is shown, in the next section the mathematical descrip-
tion of the algorithms used in the work and their characteristics
is reviewed and finally the respective conclusions of the present
work are generated.

Introduction

A DC motor is an electromechanical machine that converts
electrical energy y rotational mechanical energy. In Fig. |, the
scheme of a DC motor is presented, where there are two main
components: the stator and the rotor. The stator receives the
electrical energy, and the rotor performs the rotational move-
ment in order to apply mechanical torque to a load (Gerling,
2016).

field

armature

stator ;
) rotor J

Figure 1. Electromechanical scheme of a DC motor.
Source: Rigatos, 2016

The following parameters define the mathematical model of a
DC motor:

e Vf: Voltage of the field circuit.
e  Rf: Resistance of the field circuit.
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Lf: Inductance of the field circuit.

If: Current of the field circuit.

V: Voltage of the armature circuit.

R: Resistance of the armature circuit.
L: Inductance of the armature circuit.

I: Current of the armature circuit.

I Momentum of the shaft.

w: Rotational velocity of the shaft.

J: Momentum of inertia of the shaft.

r'd: Momentum on the mechanical load.
wd: Rotational velocity of the mechanical load.

The transfer function is obtained analyzing the motor controlled
by only the armature voltage. The mathematical expression that
relates the input (applied voltage to the armature) and output
(position of the shaft) is displayed below:

Qs) kr
V(s)  (Ls+R)(Js + B) + kgky (N

G(s) =

Where:
e  kT: Mechanical constant.
e  kB: Electrical constant.

The constants are related with the momentum and the back
electromagnetic force through the following relations.

[(s) = krl(s)

@
Ep(s) = kpw(s)

©)

Finally, the angular position can be found depending on the angu-
lar velocity values due to the following expression:

1
Q(s) = ;w(s) %

Methods

Parametric methods

The following techniques describe the main-used algorithms for
modeling and identification. The first-order response to a step
function is a technique described by the exponential response in
time that explains dynamic behavior. A step input signal is set in
the system and state variables will begin to change until the
process stabilizes in an operating value. A time delay factor is
added in most processes due to slow-dynamics reaction.

In this method, the time constant T is taken from the 63.2 % of
the output variable at stable state.

The constant of the transfer function where the output and input
are correlated is:

K = Y, /U
®)
Where Y, is the estimated output and U the input of the sys-
tem. Finally, the transfer function is represented below:

Ke—ts

1+ 7Ts (6)

Real systems generally contain a dead time zone t denoted by
~ts
e,

G(s) =

The second-order response is like first-order approximation
with dead time, but the transfer function considers two poles at
denominator. The main advantage in this technique is the analysis
of damped systems based its damping factor. The transfer func-
tion is presented as follows:

Ke—st
(A +715)(1 + Ts) @
The convolution method (You et al, 2018) uses a mathematical
operator to generate a third function from the superposition of
two known functions. The convolution equation for a Linear
Time Invariant (LTI) discrete system is:

G(s) =

n

h[k] — u[k] = Z hIK] * i — k]
=0 ®)
This produces the following expression in discrete time:

Y(z) = H(z)U(2)
©®)
For the present case, the transfer discrete function H(z) is un-
known. A de- convolution method is applied in order to obtain
the data from the transfer function.

The impulsive response (Ke et al, 2017) method models a system
from the output behavior of the process when an impulse input
is applied. The impulse response from a signal is found from a
step function:

k) —y(k—-1
e =2 =D w0

Using the step data, it is possible to obtain de impulse discrete
response. The sinusoidal response data (Faifer et al, 2018) for
the system is achieved with a frequency operating point designed
from a dynamics analysis. The mathematical relation used in this
case is:

G(e/®) = Z gte @
= (I
The spectrum graphic shows that the fundamental frequency
value is located around zero. This is close to the value of fre-
quency used in the tests applied to the plant.

The Fourier transform (Devadasu et al, 2016) is used for analyz-
ing systems in the frequency domain. The transfer function in this
kind of systems is:

Y(jw) = G(w)U(w) (12)

Where, the estimated function is represented as follows:

Gose(e7?) = Yv(jw)

Un(w) (13)
The Wiener-Hopf equation (Slavakis et al, 2011) is a representa-
tion of an autocorrelated value and its respective transfer func-
tion. The mathematical expression in this technique is:

g = Ruu~truy (14)

Where, Ruu is a matrix that contains the autocorrelated values
from the input signal, and ruy is the vector with the cross-
correlation values from the input and output signal.
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The power spectrum (Cho et al, 2016) from a signal is taken
from the Wiener-Hopf relation through DFT of the autocorrela-
tion and cross-correlation values.

o)

duu = Z ruu(l)e /e (15)
t=—0co

duu = Z ruy(l)e /¢ (16)
t=—co

Non-parametric methods

The main objective in this technique is to minimize a cost func-
tion that contains the error between the real data and the esti-
mated data (Choudhary et al, 2016). The parameters estimated
are found through the following expression:

0=(pP) ¢y (17)
Where, ¢ is a function called regressor and it contains the values
of the time of the input/output parameters.

This technique is very similar to the last one. The only difference
is a matrix term included in the parametric function that helps to
minimize the error. This matrix is diagonal, and a higher value
means a great effort in the parametric expression to diminish the
error.

0= (dWe) oWy
(18)
The recursive WLSE is useful when there is data of a process and
these values are obtained off-line. The parametric equation
changes and other terms are incorporated in the least square
minimization in order to add the new data.

Owse(k + 1) = Owse(k) + Ky(k+ D(y(k+ 1)
— ¢'(k + D)fwse (k) (19)
In this context, the estimated data will add all values that come

after the first(s) one(s). It is always necessary to break the iner-
tial feature of the algorithm to avoid problems with convergence.

Lastly, an instrumental variable is a technique that helps to identi-
fy a system when the plant has values with cross-correlation
between the output, noise and the regressor. In this approach,
the parametric expression incorporates a variable x that is an
instrumental value. This value helps the system to be not de-
pendent of the cross-correlation between their variables and
offer and estimated output using a process like LSE.

Ouv(k) = (X' ®)~1XY (20)
Results
The plant is a training module from National Instruments that

contains sensors like an LM35 and incremental encoder. The
actuators are: DC motor, stepper motor and a halogen lamp

(Fig. 2).
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Figure 2. EPC plant from National Instruments.
Source: Chico, 2015
The training module is connected to the PC through a DAQ
(data acquisition device) and the software interface is imple-
mented in LABVIEWTM, where the data from the DC motor
was acquired.

To analyze the differences from the identification models pre-
sented in this paper, the mathematical analysis is performed
based on the data of the DC motor. The comparison between
parametric and non-parametric models is shown In Fig. 3, where
the methods considered are First-Order Response (FOR), Re-
cursive Least Square Estimation (RLSE), Weighted Least Square
Estimation (WLSE), Recursive Weighted Least Square Estimation
(RWLSE) and Instrumental Variable (IV). The input signal was set
at 3[V] to develop in the motor a speed of 556 [rad/s].

Identification models comparison

DATA
500 |/ FOR
ALSE
J WLSE
o BWLSE|
3 400 ] v
; /]
3
S 300 ]
@
>
8
3
2 200 b
<
100 | 1
0

0 1 2 3 4 5 6 7 8 9 10 1
Time [s]

Figure 3. Process identification from different methods.
Source: Author

The data acquisition for angular velocity values was taken
through an incremental encoder. The encoder pulses were trans-
formed into velocity values for each one of the proposed meth-
ods.

The acquired data were compared with velocity measurements

taken from the DAQ device. Fig. 3 shows a comparative visuali-
zation of the response of each identification method and thus be
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able to evaluate the most reliable options for a dynamic analysis
or controller design.

Differences in the rise time of each method are observed. Some
identification methods are more accurate in dynamic time than
others. Therefore, an error graph is made in Fig. 4.

To quantify the error values in each of the identification process-
es, the criteria of the Integral of the Absolute value of the Error
(IAE) and the Integral of the Time weighted Absolute Error
(ITAE) are used as evaluation principles of each of the proposed
methods.

Error models comparison
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Figure 4. Error curves from identification.
Source: Author

¢
IAE = f le(0)] dt
0 1)
t
ITAE = | tle(t)| dt
| e @)
The IAE and ITAE values are shown in Fig. 5.
Performance indexes
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Figure 5. Performance indexes for identification processes.
Source: Author

The data analysis describes the more preferred option, the FOR
method. Performance values are: IAE = 28.39 and ITAE = 17.13.
Despite its simplicity, this method represents an attractive op-
tion for structures with slow dynamics with a delay time. In
other cases, approximations to this function can be performed to
develop a linear controller with versatility compared to more
alternatives. Other methods like the RWLSE (IAE = 66.03 and
ITAE = 165.15) or IV (IAE = 56.5 and ITAE = 183.38) are useful
for plants with fast or slow dynamics because of the versatility to
choose the adequate mathematical expression to model any
system with more precision over other methods such as RLSE
(IAE = 107.93 and ITAE = 534.82). In this context, for a linear
plant such as a DC motor, a simpler model can capture the
dynamics and steady state features with high precision. This
method is useful for designing complex control algorithms from
simpler mathematical models.

Conclusions

Some methods, like classic identification models, are practical
proceedings for a lot of cases in the identification world. Also, it
is always desirable to achieve a more accurate model when a
control algorithm is going to be implemented in any plant. The
LSE technique offers more computational process to a control-
ler. However, is more accurate due to the minimizing of the cost
function.

Frequency analysis is not accurate when a Bode plot is displayed.
Due to the noise and other perturbations, the frequency analysis
can be confused presenting a magnitude and phase plots with
poles that are not necessary presented in the system.

A priori, it is necessary to take as much data as the process can
offer to the control engineer. Furthermore, in the DC motor
case, it has a fast dynamic and for a time of more than Iseg
achieves a stable state condition that offers redundant infor-
mation unless a change in the set-point or an external perturba-
tion were implemented in the plant.

Bibliography

Almeida, M. P., Mufoz, M., de la Parra, I., & Perpifdn, O. (2017).
Comparative study of PV power forecast using parametric and
nonparametric PV models. Solar Energy, 155, 854-866.

Bermon, S., Metelkina, A., & Rendas, M. J. (2018, September).
Comparison of parametric and non-parametric population
modelling of sport performances. In 2018 26th European Signal
Processing Conference (EUSIPCO) (pp. 301-305). IEEE.

Bespalko, D. T., Amini, A., & Boumaiza, S. (2016, January). A high-
order model looking beyond the first-order harmonic superposi-
fion assumption. In 2016 IEEE Topical Conference on Power Am-
plifiers for Wireless and Radio Applications (PAWR) (pp. 42-44).
IEEE.

Chico, A., “Informe profesional,” Ph.D. dissertation, Escuela
Superior Politécnica del Litoral, 2015.

Cho, Y. U., & Kang, G. H. (2016, June). The force identification of
200kW IPMSM using phase reference spectrum. In 2016 IEEE
Transportation Electrification Conference and Expo, Asia-Pacific
(ITEC Asia-Pacific) (pp. 818-821). IEEE.

Choudhary, A., Baghel, A. S., & Sangwan, O. P. (2016, January).
Software reliability prediction modeling: A comparison of para-
mefric and non-parametric modeling. In 2016 6th International
Conference-Cloud System and Big Data Engineering (Conflu-
ence) (pp. 649-653). IEEE.

Chu, Z., Sheng, C., Zhu, M., Chen, B., & Li, H. (2018). A robust
adaptive identification of sinusoidal signal with unknown fre-

34 ECUADORIAN SCIENCE JOURNAL VOL. 5 No. 1, MARZO - 2021 (30-36)



Gonzales

quency. |EEE Transactions on Circuits and Systems Il: Express
Briefs, 66(9), 1562-1566.

Deniz, F. N., Alagoz, B. B., & Tan, N. (2015, November). PID control-
ler design based on second order model approximation by us-
ing stability boundary locus fitting. In 2015 9th International Con-
ference on Electrical and Electronics Engineering (ELECO) (pp.
827-831). |EEE.

Devadasu, G., & Sushama, M. (2016, February). A novel multiple
fault identification with fast fourier transform analysis. In 2016
International Conference on Emerging Trends in Engineering,
Technology and Science (ICETETS) (pp. 1-5). IEEE.

Faifer, M., Otftoboni, R., Prioli, M., & Toscani, S. (2016). Simplified
modeling and identification of nonlinear systems under quasi-
sinusoidal conditions. IEEE Transactions on Instrumentation and
Measurement, 65(6), 1508-1515.

Faisal, A., Nora, A., Seol, J., Renvall, H., & Salmelin, R. (2015, June).
Kernel convolution model for decoding sounds from fime-
varying neural responses. In 2015 International Workshop on Pat-
tern Recognition in Neurolmaging (pp. 49-52). IEEE.

Feldman, A., Akbar, R., & Entekhabi, D. (2018, July). A First-Order
Radiative Transfer Model for Global Soil Moisture Retrievals Un-
der Vegetation Canopies. In IGARSS 2018-2018 IEEE International
Geoscience and Remote Sensing Symposium (pp. 100-103).
IEEE.

Gerling, D. (2016). Electrical Machines. Springer-Verlag Berlin An.

Gonzales, O., & Rosales, A. (2018, October). Sliding mode control-
ler based on a linear quadratic infegral regulator surface for
power confrol on a dual active bridge convertfer. In 2018 IEEE
Third Ecuador Technical Chapters Meeting (ETCM) (pp. 1-6).
IEEE.

Gonzales, O., Cela, A., & Herrera, M. (2017, October). Model
predictive control tuning based on Extended Kalman Filter. In
2017 IEEE Second Ecuador Technical Chapters Meeting (ETCM)
(pp. 1-6). IEEE.

Herrera, M., Gonzales, O., Leica, P., & Camacho, O. (2018,
October). Robust controller based on an optimal-integral sur-
face for quadruple-tank process. In 2018 IEEE Third Ecuador
Technical Chapters Meeting (ETCM) (pp. 1-6). IEEE.

Ishiyama, R., Takahashi, T., Makino, K., & Kudo, Y. (2018, Novem-
ber). Fast Image Matching Based on Fourier-Mellin Phase Corre-
lation for Tag-Less Identification of Mass-Produced Parts. In 2018
IEEE Global Conference on Signal and Information Processing
(GlobalSIP) (pp. 380-384). IEEE.

Ke, C., Huang, Q., Zhang, L., & Fang, Y. (2017, November). Model-
ing head-related impulse response based on adaptive Fourier
decomposition. In TENCON 2017-2017 IEEE Region 10 Confer-
ence (pp. 3084-3088). IEEE.

Liv, J., Qin, X., Zhang, Q., Ding, X., & Zhan, P. (2019, May). Modal
Frequency Identification of Quayside Container Crane Based
on Empirical Mode Decomposition and Power Spectrum. In
2019 International Conference on Advances in Construction
Machinery and Vehicle Engineering (ICACMVE) (pp. 322-327).
IEEE.

Myint, L. M., & Tantaswadi, P. (2019, June). Noise Predictive Mulfi-
Track Joint Viterbi Detector Using Infinite Impulse Response Filter
in BPMR's Multi-Track Read Channel. In 2019 34th International
Technical Conference on Circuits/Systems, Computers and
Communications (ITC-CSCC) (pp. 1-4). IEEE.

Oliveira, L., Bento, A., Leite, V., & Gomide, F. (2019, June). Robust
evolving granular feedback linearization. In International Fuzzy
Systems Association World Congress (pp. 442-452). Springer,
Cham.

Qiangian, L., Jingyuan, Z., & Bing, C. (2017, October). Study on life
prediction of radar based on non-parametric regression model.
In 2017 13th IEEE International Conference on Electronic Meas-
urement & Instruments (ICEMI) (pp. 586-5%0). IEEE.

Ribeiro, L. N., de Almeida, A. L., & Mota, J. C. (2015, December).
Identification of separable systems using trilinear filtering. In 2015

I[EEE 6th International Workshop on Computational Advances in
Multi-Sensor Adaptive Processing (CAMSAP) (pp. 189-192). IEEE.

Rigatos, G. G. (2011). Modelling and confrol for infelligent indus-
trial systems. adaptive algorithms in robotics and industrial engi-
neering.

Saghir, M., Naimi, Y., & Tahiri, M. (2018, April). First-order mathe-
matical modeling of biogas production: Application for the
confrolled landfill of fez. In 2018 Renewable Energies, Power
Systems & Green Inclusive Economy (REPS-GIE) (pp. 1-6). IEEE.

Sanaullah, M., & Chowdhury, M. H. (2014, August). A new real
pole delay model for RLC interconnect using second order ap-
proximation. In 2014 |EEE 57th International Midwest Symposium
on Circuits and Systems (MWSCAS) (pp. 238-241). IEEE.

Sato, K. (2017). Riemannian opfimal model reduction of linear
second-order systems. IEEE control systems letters, 1(1), 2-7.

Schilders, W. H. A., & Lungten, S. (2018, August). Model order
reduction for dynamic thermal models of LED packages. In 2018
IEEE MTT-S International Conference on Numerical Electromag-
netic and Multiphysics Modeling and Optimization (NEMO) (pp.
1-3). IEEE.

Seetharaman, P., & Rdfii, Z. (2017, March). Cover song identifica-
fion with 2d fourier fransform sequences. In 2017 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP) (pp. 616-620). IEEE.

Sirisantisamrid, K. (2017, October). Representation of Thai charac-
ter features with impulse response of FIR system. In 2017 17th
International Conference on Control, Automation and Systems
(ICCAS) (pp. 517-521). IEEE.

Slavakis, K., Kopsinis, Y., & Theodoridis, S. (2011). Robust adaptive
sparse system identification by using weighted | 1 balls and Mo-
reau envelopes. In 2011 19th European Signal Processing Con-
ference (pp. 1924-1928). IEEE.

Snowden, T. J., van der Graaf, P. H., & Tindall, M. J. (2017). Meth-
ods of model reduction for large-scale biological systems: a
survey of current methods and trends. Bulletin of mathematical
biology, 79(7), 1449-1486.

Ullrich, C. J., Bimbaum, D. M., & Bothsa, M. A. (2017). U.S. Patent
No. 9,547,366. Washington, DC: U.S. Patent and Trademark Of-
fice.

Volos, C. K., Pham, V. T., Vaidyanathan, S., Kyprianidis, . M., &
Stouboulos, I. N. (2016). The case of bidirectionally coupled non-
linear circuits via a memristor. In Advances and Applications in
Nonlinear Control Systems (pp. 317-350). Springer, Cham.

Xu, L. Y., Zhang, F., Kang, X. J., & Zhang, Y. S. (2015). Convolution
and correlation of nearest-neightbor model in algebraic signal
processing.

Xue, W., Brookes, M., & Naylor, P. A. (2017, March). Frequency-
domain under-modelled blind system identification based on
cross power spectrum and sparsity regularization. In 2017 IEEE
International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP) (pp. 591-595). IEEE.

You, W., Xu, F., & Limperopoulos, C. (2018, April). Linear convolu-
tion model of fetal circulation for hemodynamic responses to
maternal hyperoxia using in utero functional MRI. In 2018 IEEE
15th International Symposium on Biomedical Imaging (ISBI 2018)
(pp. 1284-1287). IEEE.Pedregal, P. (2006). Infroduction to optimi-
zation (Vol. 46). Springer Science & Business Media.

Ahlstrom, M. L., Bartlett, D., Collier, C., Duchesne, J., Edelson, D.,
Gesino, A., & O'Sullivan, J. (2013). Knowledge is power: Efficient-
ly integrating wind energy and wind forecasts. Power and Ener-
gy Magazine, IEEE, 11(6), 45-52.

Giebel, G., Brownsword, R., Kariniotakis, G., Denhard, M., and
Draxl, C. (2011). The state of the art in short term prediction of
wind power: A literature overview. Technical report, ANEMOS.
Plus.

Tastu, J. (2013). Short-term wind power forecasting: probabilistic
and space-time aspects.

ECUADORIAN SCIENCE JOURNAL VOL. 5 No. 1, MARZO - 2021 (30-36) 35



Parametric and Non-parametric Mathematical Modelling Techniques: A Practical Approach of an Electrical Machine Identification

Brown, B.G., R.W. Katz, and A.H. Murphy. (1984). Time series mod- Mgiller, J. K., Nielsen, H. A., & Madsen, H. (2008). Time-adaptive
els to simulate and forecast wind speed and wind power. Jour- quantile regression. Computational Statistics & Data Analysis,
nal of Climate and Applied Meteorology, 23, 1184-1195, 52(3), 1292-1303. 10.1016/j.csda.2007.06.027

DOI: 10.1175/1520-0450(1984)023<1184: TSMTSA>2.0.CO; 2.

36 ECUADORIAN SCIENCE JOURNAL VOL. 5 No. 1, MARZO - 2021 (30-36)



