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Abstract: Variations in generator parameters that occur during the operation of a doubly-fed induc-
tion wind turbine (DFIG) constitute a significant factor in the degradation of control performance.
To address the problem of difficulty in identifying multiple parameters simultaneously in DFIG, a
parameter identification method depending on the adaptive grey wolf algorithm with an information-
sharing search strategy (ISIAGWO) is proposed to solve the problem of low accuracy and slow
identification speed of multiple parameters in DFIG. The easily obtainable generator outlet current
was selected as the observed quantity, and the trajectory sensitivity analysis was performed on the
five electrical parameters of the DFIG to derive its discriminability. Finally, the parameter recognition
of the DFIG was carried out using the ISIAGWO algorithm in the MATLAB/Simulink simulation
software, applying the proposed calculation functions. The experimental results show that the ISI-
AGWO algorithm has better identification accuracy, stability, and convergence for DFIG’s generator
parameter identification.

Keywords: doubly-fed induction wind turbine; trajectory sensitivity; parameter identification;
ISIAGWO algorithm

1. Introduction

The world is facing very serious energy problems therefore clean energy units will
be used more often in the power system [1,2]. As the dominant new energy technology in
the world, wind power is renewable, resource-rich, widely distributed, and does not emit
greenhouse gases [3]. Doubly-fed wind induction turbines are widely used in medium
and large wind farms because of their high wind energy efficiency and the possibility of
decoupling active and reactive power control [4,5].

The control of the generator is an important part of a wind power system and the
precise control of the generator depends to a certain extent on accurate motor parameters.
In practice, parameters such as stator and rotor resistance and inductance of doubly-fed
induction wind turbines change due to mechanical losses, heat generation, and excitation
saturation caused by the long operation of the generator [6]. In the operation of the gener-
ator, if it is not possible to obtain accurate changed generator parameters and constantly
correct the generator control method according to these changes, it will reduce the control
performance of the generator and, to a certain extent, have an impact on the power system
simulation and on safe and stable operation. Therefore, it is important to study the accurate
identification of generator parameters of doubly-fed induction wind turbines in order to
obtain accurate motor parameters for the analysis and control of the stable operation of
the turbines.

The main identification methods used at home and abroad are the least squares
method, Kalman filter method, model reference adaptive method, artificial neural network
algorithm, intelligent algorithm, and so on.

Belmokhtar et al. [7] performed online identification of the parameters of a doubly-fed
wind turbine with recursive least squares method. Kong et al. [8] applied a two-stage
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identification method which is dependent on the recursive least squares method and
verified the properness of the method through simulation. Based on the unscented Kalman
filter method, Boyang Gao et al. [9] identified the parameters of the twin RC equivalent
circuit model of a lithium-ion battery offline and improved the accuracy of the model.

The discrimination methods complained of above are traditional approaches that
require the input signal to be highly variable and known. For certain scenarios or systems,
it is difficult to acquire all the indispensable input signals precisely, which renders the
approach thinly adaptable. The use of such methods for non-linear systems usually results
in low identification accuracy or worse global search capability than for linear systems.

Wang Qi et al. [10] proposed an improved current prediction control approach which
is dependent on a model reference adaptive system (MRAS). Using the d and q axis current
equations in the revolving coordinate system as reference models, an online inductance
and magnetic chain identification system for permanent magnet synchronous motors was
constructed and the identification parameters obtained were applied to the current predic-
tion control model, which effectively improved the current prediction control performance
under the change of motor parameters. Liwei Zhang et al. [11] presented a variable-step
adaptive linear (Adaline) neural network algorithm and applied it to the online identifi-
cation of parameters of surface-mounted permanent magnet synchronous motors, which
significantly improved the convergence speed of identification results and reduced the
steady-state deviations of stator resistance, inductance and rotor magnetic chain identifi-
cation results. To assess the extent of performance anomalies in wind turbines, H Chen
et al. [12] developed a performance assessment model using long short-term memory
(LSTM) neural units and auto-encoder (AE) networks, and built an adaptive threshold
estimation method to determine critical state detection parameters.

In recent years, research into intelligent algorithms has yielded better results in solving
many optimization problems, and intelligent algorithms have begun to be applied to the
field of parameter identification [13].

Yuhao Zhao et al. [14] established a detailed turbine model with different wind speeds
as excitation and used a particle swarm optimization algorithm (PSO) to recognize the
equivalent parameters of the turbine. The turbine model was established according to
the equivalent shaft system identification parameters and compared with the detailed
turbine model to verify the precision of the equivalence model, but its convergence rate
needs to be improved. Yongkang Liu et al. [15] first analyzed the difficulty of identifying
each parameter in DFIG and proposed an improved particle swarm algorithm to identify
DFIG parameters, which improved the precision of parameter recognition and the speed
of convergence of the algorithm. Biqiao Wu et al. [16] studied the hierarchical immune
co-evolutionary PSO algorithm to intelligently calculate the parameters of the model
by combining the efficient multimodal convergence performance of the PSO algorithm
and the strong global optimization capability of the immune mechanism. The method is
applied to the parameter identification and modeling of doubly-fed generators, and the
online parameter identification of doubly-fed motors based on the hierarchical immune
co-evolutionary PSO is proposed. However, the performance of the algorithm could be
improved. H Li et al. [17] introduced an improved PSO algorithm, established an equivalent
model of the DFIG, where active power was chosen as the measurement for parameter
trajectory sensitivity analysis, and proposed a new recognition method to increase the
accuracy and fitness of identification of variable parameters. Linlin Wu et al. [18] suggested
a parameter identification method for DFIG converter control systems, based on a hybrid
genetic algorithm, considering rotor current, stator current, grid-side voltage, stator voltage,
and rotor voltage losses, for parameter identification of DFIG operating data information.
In addition, to verify the validity of the presented parameter identification method, tests
are completed with operating data from a wind farm in Zhangjiakou, Northern China as a
test case.

Based on the research results of DFIG parameter identification by researchers, this
paper establishes a mathematical model of DFIG in the two-phase rotating coordinate
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system and analyzes the influence of DFIG generator parameters on its output. The
performance of the ISIAGWO algorithm is evaluated by standard test functions to validate
that the ISIAGWO algorithm has high performance, fast convergence, and high stability.
In the next, a doubly-fed wind turbine simulation model was built in MATLAB/Simulink
simulation software to demonstrate the discriminability of DFIG generator parameters by
using a three-phase short-circuit fault as an excitation and the turbine outlet current as
an observation to perform a trajectory sensitivity analysis. Then, the DFIG identification
model is established, the parameter identification problem is converted into a minimum
value problem for a given fitness function, and then the ISIAGWO algorithm is combined
to compare the output values of the actual model and the identification model to the
corresponding fitness values to achieve the identification of DFIG generator parameters.

2. The Mathematical Model of DFIG

The structure diagram of a doubly-fed induction wind turbine, shown in Figure 1,
consists of five main parts: wind turbine, gearbox, doubly-fed induction generator, back-
to-back converter, and converter control system [19]. The basic working principle is that
the wind drives the wind turbine, converting wind energy into mechanical energy, and the
gearbox drive system drags the doubly-fed induction generator to generate a three-phase
alternating current with alternating frequency and amplitude to the grid. The wind turbine
is linked to the doubly-fed induction generator by the gearbox drive system. The stator
side of the generator is attached directly to the grid, while the rotor side is connected to a
back-to-back converter to the grid, which enables the stator and rotor to transport power
from the grid in both directions [20]. The grid-side converter is to ensure the quality of the
power output from the stator winding, and the rotor-side converter is to ensure that the
rotor is adjustable and controllable to effectively complete the control strategy by adjusting
the DFIG electromagnetic torque for the purpose of speed control [21].
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Figure 1. Doubly-fed wind turbine structure.

The doubly-fed motor is a high-order, non-linear, strongly coupled multivariable,
and parametrically time-varying system. Therefore, idealistic assumptions are usually
made before analysis, and the mathematical model of the DFIG in a dq two-phase rotating
coordinate system is shown below.

(1) Voltage equation: 
uds = −Rsids + ωψqs − pψds
uqs = −Rsiqs −ωψds − pψqs
udr = Rridr − (ω−ωr)ψqr + pψdr
uqr = Rriqr + (ω−ωr)ψdr + pψqr

(1)

where uds, uqs, udr, uqr are the components of the stator and rotor voltages on the d and q
axes, ω is the stator angular velocities, ωr is the rotor angular velocities, ωs = ω−ωr is the
differential angular velocities and p is the differential operators.
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(2) Magnetic chain equation: 
ψds = Lsids − Lmidr
ψqs = Lsiqs − Lmiqr
ψdr = −Lmids + Lridr
ψqr = −Lmiqs + Lriqr

(2)

In which, ψds, ψqs, ψdr, ψqr are the stator, rotor magnetic chain in the d, q axis of the
component; ids, idr, iqs, iqr are the stator, rotor current in the d, q axis of the component; Lm
is the stator-rotor mutual inductance; Ls, Lr are the stator-rotor self-inductance.

Taking Equation (2) into Equation (1) gives the following relationship between current
and voltage:

uds
uqs
udr
uqr

 =


−Rs − LsP ωLs LmP −ωLm
−ωLs −Rs − LsP ωLm LmP
LmP ωsLm Rr + LrP −ωsLr
−ωsLm −LmP ωsLr Rr + LrP




ids
iqs
idr
iqr

 (3)

It can be seen from Equation (3) that the output current is related to the stator resistance,
rotor resistance, stator inductance, rotor inductance, and stator-rotor mutual inductance for
a constant input voltage.

(3) Electromagnetic torque, power equation

The equations of motion are the same as in the three-phase stationary coordinate
system, and the expression for the electromagnetic torque is:

Te = npLm(idsiqr − iqsidr) = np(ψqsids − ψdsiqs) (4)

The stator active and reactive power are:{
Ps = udsids + uqsiqs
Qs = uqsiqs − udsids

(5)

The rotor active and reactive power are:{
Pr = udridr + uqriqr
Qr = uqriqr − udridr

(6)

From Equations (1) to (6) it can be seen that Rs, Rr, Ls, Lr and Lm affect the output of
the motor.

3. Algorithm Introduction
3.1. Grey Wolf Algorithm

The grey wolf optimization algorithm (GWO) was proposed by the scholar Seyedali
Mirjalili [22] through observations of predators hunting in nature. The grey wolf opti-
mization algorithm is a simple and implementable model that performs as well as other
meta-heuristic swarm intelligence algorithms in many areas of optimization. Similar to
other smart algorithms, the best solution is represented by the prey, and each possible
solution is represented by each grey wolf. In the search for prey, grey wolves are endowed
with a ranking depending on the quality of the calculated value of the adaptation function.
The grey wolf has the optimum adaptation function score α wolf, the next best is β wolf,
the next best is δ wolf, and the rest are all ω wolves. α, β, and δ wolves are much closer to
their prey. The grey wolf’s level guidelines play an integral part in the hunting. The whole
group of grey wolves is commanded by α wolf; β wolf, also known as the deputy leader,
follows the orders of α wolf, facilitates α wolf in deciding, and has jurisdiction over other
wolves except α wolf; δ wolf, known as the ordinary wolf, follows the orders of wolves α
and β, and acts as a sentry and scout; ω wolf, known as the bottom wolf, is not of high
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level but are numerous. The pack, led by wolf α, surrounds the prey, wolves β and δ attack
the prey, and wolves d assist throughout the attack and eventually capture the prey.

The process of enveloping can be expressed as

D = |C× XP(t)− X(t)| (7)

X(t + 1) = XP(t)− A× D (8)

where XP(t) is the position of the prey, X denotes the position vector of the grey wolf,
and t is the current iteration. C and A are the coefficient vectors computed via
Equations (9) and (10) below:

A = 2× A× r1 − a (9)

C = 2× r2 (10)

where r1, r2 are random vectors in [0,1] and the elements of the a-vector decrease linearly
from 2 to 0 during the iterative process according to the following Equation (11):

a = 2− 2(2× t)/MaxIter (11)

The hunting process can be expressed as follows:

Dα = |C1 × Xa − X(t)| (12)

Dβ =
∣∣C2 × Xβ − X(t)

∣∣ (13)

Dδ = |C3 × Xδ − X(t)| (14)

Here C1, C2, and C3 are calculated by Equation (10) above:

Xi1(t) = Xα(t)− Ai1 × Dα(t) (15)

Xi2(t) = Xβ(t)− Ai2 × Dβ(t) (16)

Xi3(t) = Xδ(t)− Ai3 × Dδ(t) (17)

X(t + 1) =
Xi1(t) + Xi2(t) + Xi3(t)

3
(18)

where Dα, Dβ and Dδ are the distances of α wolf, β wolf, and wolf δ from other wolves,
respectively; Xα(t), Xβ(t), and Xδ(t) are the locations of wolves α, β, and δ, respectively;
Ai1, Ai2, and Ai3 are coefficient vectors; C1, C2, and C3 are random vectors, and X is the
current location of the individual wolf.

Finally, the wolves start to attack the prey and the value of a in Equation (11) decreases
linearly from 2 to 0 with time t. When A ≤ 1, the wolves concentrate on attacking the prey,
focusing on the local search; when A > 1, the wolves give up the pursuit of the current
prey and disperse, focusing on the global search.

3.2. Adaptive Grey Wolf Algorithm Based on Information-Sharing Search Strategy (ISIAGWO)

The basic GWO algorithm has some advantages in terms of its optimality-finding abil-
ity when solving low-dimensional problems. As the complexity of the problem increases,
the algorithm suffers from a reduction in population diversity and a lack of conditioning
in the later stages of the linear convergence operator a, leading to a tendency for the algo-
rithm to fall into local optima and insufficient solution efficiency [23,24]. To address these
issues, Wu et al. [25] introduced iterative mapping, non-linear dynamic operators, and
information-sharing search strategies to enhance the population diversity of the algorithm
and balance the global and local search capabilities of the algorithm to improve the initial
algorithm.
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The standard iterative chaos mapping function is:

xk+1 = sin
bπ

xk
(19)

where the random number b ∈ (0, 1), taken as b = 0.5 in this paper; xk is the value of the
kth iteration x.

In the standard GWO algorithm, the convergence operator a is linearly decreasing,
making the local search capability of the algorithm significantly reduced in the later stages.
The overall search performance of the algorithm is key to the algorithm, and putting down
an incomplete gamma function to update the convergence operator a effectively improves
the global and local search performance of the algorithm [26] with the expression:

a = alb +
aub − alb

λ
× gamma(λ, 1− t

Imax
) (20)

where aub and alb are the upper and lower bounds of a, respectively; t is the current number
of iterations of the algorithm; Imax is the maximum number of iterations, and λ is the
random number, which is taken as λ = 0.01.

A new search strategy is proposed based on the connotation of information-sharing
theory, including three steps information initialization, information sharing and informa-
tion updating.

Initialization phase of wolf information: random distribution of wolves in a given
search space, as specified by the expression:

Xij = lbj + k× (subj − slbj) i ∈ [1, N], j ∈ [1, D′] (21)

where subj and slbj are the upper and lower bounds of the search space; k are the ran-
dom numbers of the interval (0, 1); N are the number of populations, and D′ are the
dimensions of the problem. The position of the i wolf in the t iteration can be obtained as
Xi(t) = {Xi1, Xi2, •••, XiD}, and the degree of adaptation is denoted by F(Xi(t)).

Wolf pack information-sharing phase: each wolf acts as a candidate solution and
shares information with nearby wolves, which can be represented as:

Ni(t) =
{

Xj(t)
∣∣Ei(Xi(t), Xj(t) ≤ Ri(t), Xj(t) ∈ Ppop

}
(22)

where Ei is the Euclidean distance between Xi(t) and Xj(t); Ri(t) is the Euclidean distance
between the current wolf location Xi(t) and the candidate wolf Xi(t + 1), and Ppop is the
overall population size.

From the above, it can be seen that the information-sharing environment of the wolf
pack has been successfully constituted, where the domain of individuals is constructed
according to Equation (22). The candidate solutions for the wolf pack through dimensional
information-sharing are as follows:

Xi−IS,d(t + 1) = Xi,d(t) + rrand × (Xn,d(t)− Xr,d(t)) (23)

where Xi,d(t) is the current individual; Xn,d(t) is a random individual; Xr,d(t) is another
randomly selected individual in the population; Xi−IS,d(t + 1) is an individual updated by
the information-sharing search strategy; rrand is a random number between [0,1].

Wolf information update phase: Xi−IS(t + 1) and Xi(t + 1) are compared in terms of
fitness values and the better individual is selected, with the following update formula:

Xi(t + 1) =
{

Xi(t + 1) f (Xi(t + 1)) < f (Xi−IS(t + 1))
Xi−IS(t + 1) Others

(24)
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3.3. Algorithm Performance Test

In order to verify the performance of the ISIAGWO algorithm, four basic test functions
are used in this paper, and the three algorithms of GWO and IGWO [27] to compare and
verify, as shown in Table 1.

Table 1. Standard test functions.

Name of Function Functions Value
Range Optimum

Sphere Function f1(x) =
n
∑

i=1
x2

i
[−100, 100] 0

Schwefel’s Problem 2.22 f2(x) =
30
∑

i=1
|xi|+

30
∏
i=1
|xi| [−10, 10] 0

Generalized Rastrigin’s
Function f3(x) =

30
∑

i=1
[x2

i − 10 cos(2πxi) + 10] [−5.12, 5.12] 0

Generalized
Griewank’s Function

f4(x) = −20 exp(−0.2

√
1

30

30
∑

i=1
x2

i )−

exp( 1
30

30
∑

i=1
cos 2πxi) + 20 + e

[−32, 32] 0

Among them, functions f1 and f2 are single-peaked functions, which are used to check
the algorithm’s local optimization performance, and functions f3 and f4 are multi-peaked
functions, which are used to check the algorithm’s global optimization capability. The
optimal global values of the above four functions are all 0. The images of the test function
are shown in Figure 2 below.
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The parameters of the above three algorithms were all set to 30 dimensions, 50 popula-
tions, and 100 iterations, and the resulting optimization curves for the four functions are
shown in Figures 3–6 below.
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The results of the three algorithm run, with their optimal values, mean values, and
variance, are shown in Table 2.

Table 2. Results of the algorithm test.

Functions
GWO IGWO ISIAGWO

Optimum Mean Variance Optimum Mean Variance Optimum Mean Variance

f1 2.286 × 10−21 6.680 × 101 4.357 × 102 7.842 × 10−24 6.775 × 101 4.494 × 102 6.679 × 10−42 2.654 × 101 1.639 × 102

f2 2.580 × 10−13 4.817× 10−1 2.082 2.681 × 10−15 4.532× 10−1 3.107 4.228 × 10−22 3.406× 10−1 1.886
f3 4.979 9.456 6.765 9.950× 10−1 3.987 6.235 0.000 1.531 6.168
f4 1.737× 10−11 7.779× 10−1 2.888 4.232× 10−13 7.137× 10−1 2.801 3.997× 10−15 6.900× 10−1 2.697

As can be seen from the test function optimization curves in Figures 3–6, the conver-
gence speed and the optimization effect of the ISIAGWO algorithm are significantly better
than those of the original GWO and IGWO algorithms, and the optimal value, mean value,
and variance of the ISIAGWO algorithm are better than those of the other two algorithms
as can be seen from Table 2.

4. DFIG Parameter Identification
4.1. Identifiability of the Parameters

Before parameter identification can be carried out, it is necessary to know the iden-
tifiability of the parameters and the ease of parameter identification. The literature [28]
suggests that trajectory sensitivity can be used to measure the identifiability of parameters
and the ease of parameter identification. If the trajectory sensitivities of several parameters
pass the zero point at the same time, it can be determined that these parameters are not
uniquely identifiable. If the sensitivity of all the parameters does not pass the zero point at
the same time, then the parameters are uniquely identifiable, and the greater the trajectory
sensitivity, the greater the impact on the dynamic behavior of the system and the easier it is
to identify. The relative values of trajectory sensitivity are defined as follows:

Sθi = lim
∆θi→0

y(t,θ1,··· ,θi+∆θi ,··· ,θm)−y(t,θ1,··· ,θi ,··· ,θm)
y(t,θ1,··· ,θi ,··· ,θm)

∆θi
θi0

(25)

where θi is the sensitivity parameter to be found; θi0 is the given value of θi the parameter;
y is the observed trajectory; ∆ is the increment of the corresponding parameter.

This paper builds a system model based on the MATLAB/Simulink simulation plat-
form for doubly-fed wind turbines connected to an infinite grid, as shown in Figure 7. A
wind farm consisting of six wind turbines is connected through a 30 kM transmission line
to a 25 kV distribution grid supplying power to a 120 kV grid.
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Set the model parameters as shown in Table 3.
In this example, the wind speed is set at 15 m/s, the speed is maintained at 1.2 p.u., the

steady-state output power is 0.9 p.u., the simulation time is 1 s, when t = 0.3 s, a transient
three-phase short circuit fault occurs at the end of the transmission line, and the fault is
eliminated at t = 0.4 s. Using the fan outlet current as the observed quantity, increase Rs, Rr,
Ls, Lr, and Lm by 10% each, and keep the rest of the parameters unchanged, and calculate.
The trajectory sensitivity is shown in Figures 8 and 9 below.
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Table 3. Parameters of the model.

Components Parameters Values

Doubly-fed generator

Stator resistance Rs (p.u.) 0.023
Stator inductors Lr (p.u.) 0.180
Rotor resistance Rr (p.u.) 0.016
Rotor inductors Lr (p.u.) 0.160

Stator-rotor mutual inductance Lm (p.u.) 2.900

Wind Turbine

Rotor inertia time constant Hg (s) 0.685
Wind turbine inertia time constants Hw (s) 4.320

Damping factor of the shaft system Dsh (p.u.) 1.110
Shaft system stiffness factor Ksh (p.u.) 1.500

polar logarithms P 3.000

Grid
Grid voltage U (kV) 120.000

Grid capacity S (MVA) 2500.000
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Figure 9. Trajectory sensitivity of Ls and Lr.

It can be observed from Figure 8 that the three parameters Rs, Rr, and Lm do not pass
the zero point at the same time, which leads to the conclusion that the three parameters
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Rs, Rr, and Lm are identifiable. As can be seen from Figure 9, the phases Ls and Lr are
close to each other, but there are still some gaps that do not pass the zero point at the same
time, which leads to the conclusion that the two parameters Ls and Lr are identifiable. In
addition, after the end of the short circuit fault, the trajectory sensitivity curve of each
parameter will also occur relatively large abrupt changes, indicating that the change of
parameter values after the end of the short circuit fault in the grid will also have a certain
impact on the response of the unit.

4.2. The DFIG Identification Model

When performing DFIG parameter estimation, the mathematical model of DFIG can
be transformed into a state equation, as described in the literature [29], as shown in the
following equation:

.
x(t) = f (P, x(t), u(t))
y(t) = g(P, x(t))

(26)

In which, x(t) is the state variable, u(t) is the system input, P is the DFIG parameter
to be identified, and y(t) is the system output.

In the DFIG identification model, x(t) = (id, iq), u(t) = (ud, uq), P = (Rs, Rr, Ls, Lr, Lm),
y(t) = (id, iq). In order to identify the DFIG parameters P, the desired system state model
is developed as follows:

.̂
x(t) = f (P̂, x̂(t), u(t))
ŷ(t) = g(P̂, x̂(t))

(27)

In the DFIG identification model, x̂(t) = (îd, îq), u(t) = (ud, uq), P̂ = (R̂s, R̂r, L̂s, L̂r, L̂m),
ŷ(t) = (îd, îq). Suppose that the output error is defined as:

e = y− ŷ (28)

The degree of difference between the output of the desired system and the output of
the actual system can then be expressed in terms of the following performance indicators:

f (P) =
∫ t2

t1
eTedt (29)

is expressed in discrete form as:

f (P) =
N

∑
K=1

{
[y(k)− ŷ(k)]T [y(k)− ŷ(k)]

}
(30)

Therefore, when building the DFIG multi-parameter identification model, the current
and rotor speed of the doubly-fed motor are taken as state quantities, and the state equation
of the DFIG can be derived according to the above Equation (30).

dids
dt = −[((ω−ωr)L2

m −ωLsLr)iqs + RsLrids − RrLmidr
−ωrLrLmiqr − Lruds + Lmudr]/σLsLr

diqs
dt = −[((ω−ωr)L2

m + ωLsLr)ids + RsLriqs − RrLmiqr
+ωrLrLmidr − Lruqs + Lmuqr]/σLsLr

didr
dt = −[−((ω−ωr)LsLr −ωL2

m)iqr − RsLmids − RrLsidr
−ωrLsLmiqs − Lsudr + Lmuds]/σLsLr

diqr
dt = −[((ω−ωr)LsLr −ωL2

m)idr − RsLmiqs + RrLsiqr
−ωrLsLmids − Lsuqr + Lmuqs]/σLsLr

(31)

where the leakage coefficient is σ = 1− L2
m/LsLr.



Energies 2023, 16, 1355 12 of 19

Let the sampling period be Ts, and discretize the above equation to obtain the actual
system state equation:

ids(k + 1) = −[((ω−ωr(k))L2
m −ωLsLr)iqs(k) + RsLrids(k)

−RrLmidr(k)−ωr(k)LrLmiqr(k)− Lruds(k)
+Lmudr(k)]Ts/σLsLr + ids(k)

iqs(k + 1) = −[((ω−ωr(k))L2
m + ωLsLr)ids(k) + RsLriqs(k)

−RrLmiqr(k) + ωr(k)LrLmidr(k)− Lruqs(k)
+Lmuqr(k)]Ts/σLsLr + iqs(k)

idr(k + 1) = −[−((ω−ωr(k))LsLr −ωL2
m)iqr(k)− RsLmids(k)

−RrLsidr(k)−ωrLsLmiqs(k)− Lsudr(k)
+Lmuds(k)]Ts/σLsLr + idr(k)

iqr(k + 1) = −[((ω−ωr(k))LsLr −ωL2
m)idr(k)− RsLmiqs(k)

+RrLsiqr(k)−ωr(k)LsLmids(k)− Lsuqr(k)
+Lmuqs(k)]Ts/σLsLr + iqr(k)

(32)

Let îds, îdr, îqs, and îqr, be the estimates of ids, idr, iqs, and iqr, respectively, and the
equation of state under the desired system is as follows:

îds(k + 1) = −[((ω−ωr(k))L2
m −ωLsLr)îqs(k) + RsLr îds(k)

−RrLm îdr(k)−ωr(k)LrLm îqr(k)− Lruds(k)
+Lmudr(k)]Ts/σLsLr + îds(k)

îqs(k + 1) = −[((ω−ωr(k))L2
m + ωLsLr)îds(k) + RsLr îqs(k)

−RrLm îqr(k) + ωr(k)LrLm îdr(k)− Lruqs(k)
+Lmuqr(k)]Ts/σLsLr + îqs(k)

îdr(k + 1) = −[−((ω−ωr(k))LsLr −ωL2
m)îqr(k)− RsLm îds(k)

−RrLs îdr(k)−ωrLsLm îqs(k)− Lsudr(k)
+Lmuds(k)]Ts/σLsLr + îdr(k)

îqr(k + 1) = −[((ω−ωr(k))LsLr −ωL2
m)îdr(k)− RsLm îqs(k)

+RrLs îqr(k)−ωr(k)LsLm îds(k)− Lsuqr(k)
+Lmuqs(k)]Ts/σLsLr + îqr(k)

(33)

In the above mathematical model of DFIG, the motor parameter {Rs, Rr, Ls, Lr, Lm}
are the identification parameters, and according to Equation (30), the objective function of
the system can be established as shown in Equation (34); then the parameter identification
problem is transformed into the problem of finding the minimum value of Equation (34):

f (P) =
N

∑
k=1

(w1(ids(k)− îds(k))
2
+ w2(idr(k)− îdr(k))

2

+w3(iqs(k)− îqs(k))
2
+ w4(iqr(k)− îqr(k))

2
)

(34)

where ids, idr, iqs, and iqr are the current values in the dq coordinate system measured in
the actual model, îds, îdr, îqs, and îqr are the current values in the dq coordinate system
calculated in the identification model, and w1, w2, w3, and w4 are the weights, each taken
as 0.25.

4.3. Principle and Steps of the ISIAGWO Algorithm for Identification

The DFIG parameter identification process is based on the difference between the
actual output of the motor and the output of the identification model, and the identification
model is continuously adjusted by the ISIAGWO algorithm to finally identify the DFIG
parameters. The identification principle is shown in Figure 10.
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The ISIAGWO algorithm was used to identify the DFIG parameters, and the flow
chart is shown in Figure 11 below.
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5. Simulation and Analysis
5.1. Parameter Settings

In the simulations of parameter identification, the initial values of the population parti-
cles of the three algorithms, all of which were randomly initialized within the initialization
range of the given solution space, set the initial search interval for the motor parameters, as
shown in Table 4.

Table 4. True values of motor parameters and their initialization range.

Parameters Initialization Range True Value

Stator resistance Rs(p.u.) 0.01500~0.03200 0.02300
Rotor resistance Rr(p.u.) 0.01000~0.02200 0.01600
Stator inductors Ls(p.u.) 0.10000~0.22000 0.1800
Rotor inductors Lr(p.u.) 0.10000~0.22000 0.1600

Stator-rotor mutual inductance Lm(p.u.) 1.50000~5.00000 2.900

Each algorithm sets the number of populations to 10 and the maximum number of
iterations to 100.

5.2. Results and Analysis

The results of the optimization of the three algorithms to identify adaptation are shown
in Table 5.

Table 5. Values of the fitness function for the three algorithms.

Algorithms Minimum Average Variance

GWO 3.2388 9.0968 10.0749
IGWO 2.3159 4.3267 3.5354

ISIAGWO 0.6576 1.01616 2.26446

The results of the identification of Rs, Rr, Ls, Lr, and Lm of the DFIG are shown
in Table 6.

Table 6. Comparison of the results of three algorithms for the identification of generator parameters.

Algorithms Rs Rr Ls Lr Lm

GWO
True value 0.02300 0.01600 0.18000 0.16000 2.90000

Identifying value 0.02331 0.01671 0.16764 0.16921 2.83616
Relative error% −1.34% −4.44% 6.87% −5.75% 2.20%

IGWO
True value 0.02300 0.01600 0.18000 0.16000 2.90000

Identifying value 0.02260 0.01582 0.17441 0.16671 2.85539
Relative error% 1.75% 1.10% 3.11% −4.19% 1.54%

ISIAGWO
True value 0.02300 0.01600 0.18000 0.16000 2.90000

Identifying value 0.02314 0.01614 0.18137 0.16269 2.93127
Relative error% −0.63% −0.85% −0.76% −1.68% −1.08%

It can be observed from Table 5 that the ISIAGWO algorithm has smaller values of the
fitness function compared to both the GWO algorithm and the IGWO algorithm. In terms
of mean and minimum values, the ISIAGWO algorithm has better results in the parameter
identification process, and in terms of variance, this algorithm is also more stable than the
other two algorithms. It can be observed from Table 6, the ISIAGWO algorithm has better
parameter identification accuracy than the other two algorithms and has the smallest error
with the true value in the identification results for Rs, Rr, Ls, Lr, and Lm of the DFIG.

The convergence curve of the DFIG’s parameter identification algorithm adaptation is
shown in Figure 12.
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From the convergence curves in Figures 13–17, we can see that the GWO algorithm
has the worst discrimination effect and the discrimination curve deviates from the true
value the farthest. Compared with the GWO algorithm, the IGWO algorithm has a certain
improvement in recognition accuracy, but the convergence speed of the two is almost
the same; there is little difference. The ISIAGWO algorithm has the greatest recognition
precision and convergence rate, as well as the highest parameter recognition results.

A comparison of the output of the actual model and the identification model in
Figures 18–20 shows that the differences are minimal, further illustrating the accuracy of
the parameter identification results.
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6. Conclusions

The analysis shows that the DFIG generator parameters have an influence on its
output current, active, and reactive power. The analysis of the sensitivity of the generator
parameter trajectory based on the observed quantity as the DFIG outlet current illustrates
the identifiability of its parameters. The final simulation results show that the ISIAGWO
algorithm can accurately identify the stator resistance, rotor resistance, stator inductance,
rotor inductance, and stator-rotor mutual inductance, and its identification results are better
than those of the GWO and IGWO algorithms, with better identification accuracy, stability,
and convergence. The accuracy of the method can also be seen in the comparison between
the output of the actual model and the identification model. In addition, the precision and
efficiency of the method has been enhanced with respect to literature [30].

Further research is proposed to collect data from actual wind farms, then build a
model of the actual wind farm, and apply the parameter discernment method validated in
this paper to discern the generator parameters of the actual DFIG.
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