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Abstract: The accuracy of doubly fed induction generator (DFIG) models and parameters plays
an important role in power system operation. This paper proposes a parameter identification method
based on the hybrid genetic algorithm for the control system of DFIG converters. In the improved
genetic algorithm, the generation gap value and immune strategy are adopted, and a strategy
of “individual identification, elite retention, and overall identification” is proposed. The DFIG
operation data information used for parameter identification considers the loss of rotor current, stator
current, grid-side voltage, stator voltage, and rotor voltage. The operating data of a wind farm
in Zhangjiakou, North China, were used as a test case to verify the effectiveness of the proposed
parameter identification method for the Maximum Power Point Tracking (MPPT), constant speed,
and constant power operation conditions of the wind turbine.

Keywords: wind power; doubly fed induction generator; parameter identification; immune
algorithm; genetic algorithm

1. Introduction

Considering the depletion of fossil fuels and the threat that greenhouse gas emissions
pose to the global climate, the proportion of renewable energy will continue to expand [1],
and wind power is poised to be a major contributor to this expansion. Owing to the
different structures, types, and capacities of wind turbines, the control system strategy and
parameters will also be different, resulting in different power generation characteristics [2].
As large-scale wind turbine integration will greatly affect the stability of the power system,
the accuracy of the power system model has become an important technical issue in the
operation, which needs to be consistent with the physical system, and the accuracy of the
parameters is the key to ensuring model correctness. Parameter identification is a feasible
method for model acquisition during the test and operation of wind turbines.

At present, the doubly fed induction generator (DFIG) is one of the main wind tur-
bine types used on the market. The research on parameter identification of the DFIG
has mainly focused on electrical parameters [3] and parameters of the converter control
system. Classified from the perspective of algorithms, it can be divided into two types:
traditional statistical algorithms and intelligent algorithms. In [4], an Extended Kalman
Filter (EKF) was proposed for parameter estimation of DFIG in wind turbine systems.
Belmokhtar et al. [5] explored the recursive least-squares (RLS) online parameter iden-
tification of a DFIG operating in a wind energy conversion system. Based on the RLS,
a two-stage identification method was applied in [6], and the correctness of the method
was verified by simulation. Wang et al. [7] applied the damped least-squares algorithm to
identify the parameters of a variable speed DFIG-based wind turbine generator for wind
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power dynamic analysis. Takahashi et al. [8] proposed a recursive least-squares sensorless
identification method for online identification of permanent magnet synchronous generator
parameters, and it effectively detects characteristic changes during aging and degradation.
A new decoupled weighted recursive least-squares (DWRLS) method, proposed in [9], im-
proves the modeling accuracy by separately estimating the parameters of the fast and slow
dynamics. Xia et al. [10] improved the model’s parameter discrimination accuracy based
on forgetting the factor recursive least squares for the state-of-charge (SOC) estimation of
a battery management system.

Most traditional identification methods require that the input signal is known and
varies significantly. For some situations or systems, it may not be possible to obtain all
necessary input signals accurately, making the method less adaptable. Especially for
nonlinear systems, this often leads to low identification accuracy or poor global search
ability. Therefore, some bionic optimization algorithms, which have been developed
and applied to research on parameter identification, have gradually formed the current
intelligent parameter identification method [11]. These methods include the artificial neural
network, particle swarm optimization algorithm, and genetic algorithm.

Based on the artificial neural network method, Rong et al. [12] proposed a step-by-step
identification strategy to get the electrical parameters of a generator. In [13], a performance
evaluation model was constructed with long short-term memory (LSTM) neural units and
auto-encoder (AE) networks to evaluate the degree of abnormal performance of wind
turbines, and an adaptive threshold estimation method was established to identify key
condition-monitoring parameters. Based on the particle swarm algorithm, Li et al. [14]
realized the dynamic equivalence of multiple units and simplified the equivalent values of
the electrical parameters for multi-wind turbines. In [15], a new method for estimating the
parameters of a wind turbine DFIG and drivetrain system was proposed, and the global
optimal estimation result was obtained based on the local estimation and the coordinated
estimation method under different types of disturbances. In [16], a symbolic regression
method was introduced to identify models of a horizontal-axis wind turbine with evolu-
tionary multi-objective optimization. In [17], wind turbine structural parameters such as
inertial parameters, the damping coefficient, axial strength, and gearbox damping ratio
were identified based on the genetic algorithm. In [18], different control modes of wind
turbines under different lower voltage levels were identified based on the genetic algorithm.
In [19], the objective function was to minimize the active output power error between the
equivalent model and the actual wind farm, and an improved genetic algorithm was used
to identify the key parameters of a permanent magnet synchronous generator. In [20], a set
of fan parameters was identified with fault record data and the genetic algorithm to identify,
and the evaluation function was to calculate the total deviation between the original signal
and the simulation result.

The local search ability of the traditional genetic algorithm is insufficient and prone
to premature convergence. Consequently, the relevant parameters of an excitation system
were decomposed into multiple sets in [21], and a niche genetic algorithm with a fitness-
sharing mechanism was proposed to overcome the local convergence for parameters
identification. In view of the particularity of the DFIG structure and the complexity of
its inverter control system, in this paper, the generation gap value and immune strategy
are applied, and a strategy to improve the parameter identification based on the genetic
algorithm is introduced, namely “individual identification, elite retention and overall
identification”, so as to establish a hybrid genetic algorithm (HGA) suitable for parameter
identification of the DFIG converter control system. It is also considered that data variables
used for DFIG parameter identification, such as rotor current, stator current, grid voltage,
stator voltage, and rotor voltage, may be missing during the operation of the wind farm.
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2. DFIG Converter Control Model and Parameters to Be Identified

2.1. Converter Control Model and its Parameters to Be Identified

DFIG has been widely used in wind power systems and is mainly composed of a wind
turbine, transmission chain system, wound induction generator, and control system [22].
Figure 1 shows the structure of the DFIG-based wind power generation system, where
the stator windings are directly connected to the grid and the rotor windings are directly
connected to the external power grid through back-to-back converters [23]. The back-to-
back converter provides three-phase rotor excitation power with adjustable amplitude,
frequency, and phase, and ensures that the slip power can flow in both directions.
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Figure 1. Structure of doubly fed induction generator (DFIG)-based wind power generation system.

The converter of the doubly fed wind turbine consists of a rotor-side converter (RSC)
and a grid-side converter [23]. The RSC realizes the variable speed and constant frequency
operation of the DFIG by controlling the rotor excitation current, while the grid side
converter (GSC) maintains the DC bus voltage constant by controlling the power output.
Because the control objectives of the RSC and the GSC are different, the RSC adopts
the stator flux linkage-oriented control method, while the GSC adopts the vector control
method based on the grid voltage orientation. Figure 2a shows a block diagram of a typical
control system of the RSC of a doubly fed wind turbine, which is a double closed-loop
structure composed of an outer power loop and an inner current loop to realize active
and reactive power decoupling control. Figure 2b shows the typical control system block
diagram of the GSC of the DFIG, which is a double closed-loop structure of the DC voltage
outer loop and the grid-connected current inner loop. The DC voltage outer loop is used to
realize the DC voltage. The stable control of the innercurrent loop is used to achieve fast

tracking of active current and reactive current.
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Figure 2. Control strategy diagram of the converter. (a) Typical control system block diagram of the
rotor-side converter (RSC); (b) Typical control system block diagram of the grid side converter (GSC).
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It can be known from the current inner loop control flow in Figure 2a that the output
expression of the double closed-loop PI controller of the rotor-side converter is as follows:

[0

7 (1)

u

{ gy = gt (kpa + 1%4) — Ly(w1 — wy)igr — Lin(w1 — wyr)igs
X2
dt

Ugr = 7(kp2 + k%) + Lr(wl - wr)idr + Lm(wl - wr)ids

where kj> and k4 are the proportional coefficients, while k;> and k;4 are the integral coeffi-
cients, which are in the two PI controllers of RSC. L, and L,;, are the inductance of the rotor
winding and the mutual inductance between the stator winding and the rotor winding,
respectively. w; and w; are the synchronous speed and the rotor speed of the wind turbine,
respectively. iz, and iy are respectively the d-axis and g-axis components of the rotor current
in the dp coordinate system. x4 and x; are state variables.

As the current inner loop control flow in Figure 2b shows, the output expression of
the double closed-loop PI controller of the grid-side converter is as follows:

Ugg = tigs — 58 (kpe + Ko ) + ) Lyigg @)

dx ki .
ugg = —GF (kp7 + Z) — w1 Lgigq

where kyg, kp7 and kis, k;7 are the proportional and integral parameters of the two PI
controllers of the grid-side converter, respectively. L, is the filter inductor on the grid side.
iqg and igg are the d-axis and g-axis components of the grid-side current in the dp coordinate
system, respectively. x¢ and xy are state variables.

In Equations (1) and (2), the expressions of the state variables, xy, x4, x4, and xy are
shown in Equations (3) and (4), representing the rotor side and grid side, respectively.
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In Equation (3), kp1 and k;; are the proportional and integral parameters of the active
power outer loop PI controller, respectively. kp3 and ki3 are the proportional and integral
parameters of the reactive power outer loop PI controller, respectively. Ps ,of, Ps, Qs_f,
and Qs are the systemic active power reference value, active power output value, reactive
power reference value, and reactive power output value, respectively. Us represents the
stator winding voltage, ués + u%s = Lls2 X1, X2, x3, and x4 are intermediate state variables.

In Equation (4), ky5 and k;s are the proportional and integral parameters of the DC bus
voltage outer loop PI control, respectively. usc s and 1, are the DC bus voltage reference
value and the DC bus voltage output value, respectively. iz, iqq rf, and igq are the d-axis
components of the grid-side current, and the reference value of the g-axis components and
the g-axis components are in the dp coordinate system. x5, x¢, and x7 are intermediate
state variables.

In the converter parameter identification process, the known parameters include Ps_f,
P, Qsjef/ Qs, Udc_refs Udecs Lgr, Tqrs tds, Igs, Uds, Ugs, Udr, Ugr, Ugdg, and . The parameters to be
identified include electrical parameters (Ls, Ly, Ly, and Lg), rotor winding resistance (Ry),
stator winding resistance (R;), and parameters of the converter PI controller.

It is shown that PI controller parameters are important for sensitivity analysis [24,25].
Therefore, the parameters to be identified for the DFIG converter control system are k1,
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kpa. . .ky7 and kiq, ki2. . . k7 in Equations (3) and (4). In the DFIG control system, parameters
are generally set as follows: kyp = kp4, kio = kia, kpe = kp7, kis = ki7 and ki = k7, so this setting
is also used in this paper. The parameters to be identified for the back-to-back converter
control system are shown in Tables 1 and 2.

Table 1. Parameters to be identified for the rotor-side converter (RSC).

Parameters to be Identified Parameter Description

kp1

Proportional parameters of the active power outer loop PI controller

kiq Integral parameters of the active power outer loop PI controller
kp2 Proportional parameters of the rotor g-axis current inner loop PI controller
kiy Integral parameters of the rotor g-axis current inner loop PI controller
kp3 Proportional parameters of the reactive power outer loop PI controller
ki3 Integral parameters of the reactive power outer loop PI controller
kpa Proportional parameters of the rotor d-axis current inner loop PI controller
kiy Integral parameters of the rotor d-axis current inner loop PI controller
Table 2. Parameters to be identified for grid side converter (GSC).

Parameters to be Identified Parameter Description
kys Proportional parameters of the DC bus voltage outer loop PI controller
kis Integral parameters of the DC bus voltage outer loop PI controller
kpe Proportional parameters of the grid-side current d-axis PI controller
kig Integral parameters of the grid-side current d-axis PI controller
kp7 Proportional parameters of the grid-side current g-axis PI controller
kiz Integral parameters of the rotor g-axis current inner loop PI controller

There are various operating modes of the DFIG, such as maximum power point
tracking (MPPT) mode, constant speed mode, and constant power mode. In these modes,
the control structure of the RSC and GSC are familiar, but the parameters may be different,
which should be considered in the parameter identification method. Especially in the
constant power mode, the blade angle of the DFIG will change. Because the blade controller
only operates under specific wind speed conditions, even if the blade controller model
is introduced here, the complexity of parameter identification method will not increase.
Therefore, this paper only discusses the identification method of relevant parameters for the
converter control system. Moreover, for generator parameter identification, it is mentioned
in literature [17] that the greater the degree of disturbance, the higher are the accuracy of
the identification results. Therefore, a certain disturbance should be applied to the DFIG at
the beginning of parameter identification, and the data obtained in this way will make the
identification results more accurate.

2.2. Identification of Converter Control Parameters in the Absence of Certain Variables

Data for certain variables corresponding to some key working conditions for parameter
identification may be missing or contain errors occasionally. The parameter identification
method in this case has to be considered. In a group of variables, there is usually a situation
where one type of variable is not available, such as rotor current, stator current, stator
voltage, or rotor-side or grid-side voltage.

In actual working conditions, because the excitation voltage on the rotor side of the
doubly fed fan is not collected, the rotor side voltage is missing. Figure 2 shows that
the loss of rotor-side voltage will only affect the solution of the RSC equations. During
the parameter identification of DFIG, in the description equation of the RSC, the flux
linkage equation, the voltage equation, and the state equation are substituted into the



Processes 2022, 10, 567 6 of 18

output equation so as to eliminate the variable of the rotor-side voltage. Expressions of the
rotor-side simultaneous equations are shown in Equation (5).

dx
Ttl = Ls_ref —Ps

G = o+ () — iy

%53 = stref - Qs

45 = Gl + 500 2) oty i
58y 2) = 48+ Re

22 (kpo + 2) = Y + Riigy

War = Lyigr + Liias

$ar = Lrigr + Lmigs

©)

According to Equation (5), the parameters to be identified are electrical parameters
(L, Ly, Ls, Ry) and controller parameters (ky1, ki1, kp2, ki2, kp3, ki3, kpa, kis). Other types of
variables missing can also be handled in a similar way.

3. Hybrid Genetic Algorithm for Converter Control System Identification

At present, the swarm intelligence algorithms mainly used in wind power parameter
identification research problems include the genetic algorithm, particle swarm algorithm,
ant colony algorithm, differential evolution algorithm. The use of these algorithms alone
in parameter identification will inevitably lead to some shortcomings and limitations. For
example, the genetic algorithm easily falls into the local optimum when solving the objective
function in parameter identification. The particle swarm algorithm highlights strong
robustness in the process of use; however, the initial parameter setting relies on experience
and experimentation. The differential evolution algorithm highlights the characteristics
of strong robustness during use and exhibits a high degree of parallelism, but it easily
falls into premature convergence. Moreover, the early convergence of the ant colony
algorithm is relatively low. It is fast and has high precision, but it lacks effective mutation
measures, the convergence is slow in the later stage, and the algorithm easily falls into the
local optimum. In addition, the parameter identification model becomes complicated in
the absence of key information such as rotor current, rotor voltage, stator current, stator
voltage, grid-side current, and grid-side voltage, which makes the identification process
easier for a single group of intelligent algorithms stuck in a local optimum. Based on this,
an identification method for the control parameters of the DFIG converter based on the
hybrid genetic algorithm is proposed in this paper.

3.1. Hybrid Genetic Algorithm

Genetic algorithm (GA) is a global optimization search algorithm based on evolution-
ary mechanisms such as good and bad selection and genetic variation in the process of
biological survival [26]. GA mainly realizes the problem-solving process through four ba-
sic operations: reproduction, mutation, competition, and selection. Compared with the
least-squares method, GA does not need to consider the influence of the initial value of
the function for the identification results, and only needs to get the form of all objective
functions to obtain the optimal solution [27].

The immune algorithm (IM) is proposed based on the diversity of the immune system
and the learning and memory mechanism, which can be simulated by the recognition
and binding between antibodies and antigens in the immune system and the production
of antibodies [28].

The hybrid genetic algorithm proposed in this paper introduces an immune strategy
and generation gap value, and retains the elite individuals in the population in the memory
bank. The elite individuals are no longer genetically manipulated to ensure that each
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chromosome has immune memory function. Then, the excellent genes in the individual are
retained in the iterative process so as to improve the convergence speed and avoid falling
into local solutions. The specific steps of the hybrid genetic algorithm include population
initialization, calculating the population fitness value, calculating affinity, calculating the
concentration of antibodies, and calculating the expected reproduction rate of antibodjies.

3.1.1. Calculating Affinity

Affinity represents the binding degree between the antigen and antibody, which
correspond to the objective function and feasible solution of the objective function, re-
spectively [25]. Obtaining the affinity between the antibody and antigen in the genetic
algorithm is done to calculate the individual fitness value (F,). The greater the value of
F,, the greater the affinity. The affinity between the antibody and antibody in the hybrid
genetic algorithm is the approximation between two chromosomes.

Whether the absolute error between the fitness values of the two individuals is less
than a certain threshold (¢) is used to judge the similarity between two antibodies. As shown
in Equation (6), if it is less than ¢, the two individuals are considered to be approximately
the “same”, so Sy s = 1; otherwise, the two individuals are different, so S, s = 0.

o 1, |FUi_FU]"§S
Sl'f_{o, |Fi —Fyj| > ¢ ©)

Here, F,; and F,; represent the fitness values of two individuals.

3.1.2. Calculation of the Concentration of Antibody

The antibody concentration C, represents the ratio of individuals and their similar
individuals in the current population to the total number of individuals [17], as shown
in Equation (7).

L Sus
]
Co = N (7)

Here, N is the total number of antibodies, and j is the number of similar individuals of
an individual. S, represents the degree of similarity between individual v and s. If the
value of Equation (7) is 1, it means that the two individuals are similar; otherwise, if it is 0,
they are different.

3.1.3. Calculation of the Expected Reproduction Rate of the Antibody

The expected reproduction rate of antibodies is used to promote the inheritance and
variation of superior antibodies and ensure the diversity of antibodies. The expected
reproduction probability of the antibody is determined by the fitness value (F;) and the
concentration (Cy) of the antibody; that is,

SV G,
Ay:%

v

, ®)

where « is a constant value, and the deviation value (Ay) is the inverse value of the
fitness value (Fy). According to Equation (8), the individual fitness value, deviation value,
and individual concentration will affect the expected reproduction probability.

3.2. Application of Hybrid Genetic Algorithm for DFIG Control System Identification

The parameter identification of the DFIG control system needs to fit the actual output
curve and model output curve. The smaller the difference between the two sets of curves,
the closer the identified parameters are to the actual values. Therefore, in the parameter
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identification of the DFIG converter control system, the fitness calculation function used is
as follows:

Fy = 55
n n P 9
L [va)~va, 0]’ 100V, O] ©)
Ay = = n + = n

where y,; and y, are respectively the d-axis and g-axis response curves of the actual controller
output; y,;, ~and y,,,. are respectively the d-axis and g-axis output simulation curves of
the identified model; and n represents the number of curve data.

As shown in Figure 2, both the RSCs and GSCs include current inner loop control
blocks containing parameters ks = ky2, kis = ki, kp7 = kpe and k;7 = k;e. Therefore, the strat-
egy of “individual identification, elite retention, and overall identification” will be adopted
for parameter identification.

When identifying the parameters of the DFIG converter control system, the real
number coding method is chosen to initialize the population. Taking the RSC as an example,
the flow chart of the hybrid genetic algorithm in parameter identification of RSC of the
DFIG is shown in Figure 3, and the corresponding steps are as follows:

Randomly generate an initial population with a population
size of M, and set the memory pool size as P (M>P)

,

4% Calculate population fitness value

|

The P "gene" segments with poor individual fitness values of
the population are replaced by the excellent "gene”
segments corresponding to Kp2 and Ki2 in the memory
database, and a new population is generated.

|

As shown in Step 3, calculate the population fitness value and
antibody concentration, obtain the expected reproduction
probability

memory bank. The initial memory
l bank is generated by Stepl

The "gene" segments of the S1 individuals with higher affinity T
to the antigen and the S2 individuals with higher expected

reproductive probability are stored in the memory bank.

Whether the individual fitness value is
smaller than the generation gap value

N
v

Population selection, crossover, mutation, etc. Genetic
manipulation

A

Whether the termination
conditions are met

Figure 3. Flow chart for parameter identification of rotor-side converter.
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Step 1: A separate fitting strategy for the d-axis and g-axis is adopted for the RSC. The
evolutionary generations in the genetic algorithm are set as m; (17 > 5). The elite retention
strategy is adopted, and the top five individuals with the highest fitness in the population
are selected as elite individuals after one operation. The “gene” fragments corresponding
to ky2 and k> in these five individuals are extracted and averaged to obtain a group of
excellent “gene” fragments. Thus, n; groups of excellent “gene” fragments will be obtained
from the d-axis and g-axis. These “gene” fragments will be used as the initial memory bank
of the algorithm. The memory bank is set to be composed of P = 2 * n7 individuals.

Step 2: The overall identification strategy of the d-axis and g-axis is adopted. The
evolutionary algebra in the genetic algorithm [29] is set to M;, and the initial population
has M (M > P) randomly generated individuals. The fitness value of these M individuals
is calculated by Equation (9). The “gene” fragments corresponding to kj, and k;> in the
P individuals with the lowest fitness are replaced with excellent “gene” fragments in the
memory bank.

Step 3: The expected reproductive probability of the antibody in the parent population
is calculated. First, the concentration of the antibody is calculated by Equations (6) and (7).
Then, the expected reproduction probability of the antibody is obtained with Equation (8).

Step 4: Progeny populations are produced. When updating the memory bank,
the “gene” fragments corresponding to ky; and k;> in s; individuals with higher fitness
values are first stored in the memory bank. According to the expected reproduction proba-
bility of the remaining individuals in the population, the “gene” segments corresponding
to ky2 and k;> in the s, = P-s; individuals with a high expected reproduction probability are
stored in the memory bank.

Step 5: The fitness value and deviation value (Ay) of all individuals in the current
population are calculated. Comparing Ay with the generation gap (o), those with Ay < o
are set as elite individuals and directly retained, while those with Ay > o go to the next
genetic operation.

Step 6: The non-elite individuals in step 5 are put in order. Non-elite individuals evolve
through selection, crossover, and mutation [29]. In the selection operation, the details are
shown in Equation (8).

Step 7: If the termination conditions are met, the current individual value is output;
otherwise, step 2 is followed.

Step 8: The above processes from step 2 to step 6 are run for n; times with the initial
memory unchanged, and the running results to reduce the error are averaged.

The structure of the GSC is basically similar to that of the RSC, and so are the identifi-
cation steps.

4. Test Case

The following test was used to evaluate the effectiveness of the proposed hybrid
genetic algorithm. The operating conditions of MPPT, constant power, and constant speed
were tested based on the simulation model (Section 4.1). The missing variables of rotor
current, rotor voltage, stator current, stator current, stator voltage, and grid-side voltage
were tested based on the simulation model (Section 4.2). Recorded data from a wind farm
in Zhangjiakou, China, under the rotor voltage variable missing condition, were examined
under power oscillation conditions (Section 4.3).

4.1. Simulation Test of Converter Parameter Identification under Three Operating Conditions

DFIG data with a wind speed of 8 m/s, 10.5 m/s, and 12.5 m/s, and fluctuation value
of 1 m/s,0.4m/s, and 1 m/s were used for the test of MPPT, constant speed, and constant
power operation conditions, respectively. The data of rotor current, rotor voltage, stator
current, stator voltage, grid-side current, and grid-side voltage were used.

Taking the PI controller of the RSC as an example, the identification strategy of
“individual identification, elite retention, and overall identification” was adopted. The
basic parameters of the hybrid genetic algorithm were set as follows: evolutionary algebra
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mj = 20, number of runs n; = 5, number of memory bank individuals P = 10, M = 30,
threshold € = 1; s; =7, s; = 3, and generation gap o = 0.05.

The basic parameter settings for parameter identification of GSCs were basically the
same as those of RSCs. In the running state of MPPT, the comparison of the identification
results between genetic algorithm and hybrid genetic algorithm is shown in Figure 4. The
identification results of the converter in the constant speed region and the constant power
region also converged when the evolutionary algebra was 20. As shown in Figure 4, in the
subsequent iterations, because the fitness of the new offspring was not as good as the
fitness value of the parent, the algorithm would retain the parent population and discard
the offspring population, so the final identification curve was a straight line, representing
the optimal value searched by the algorithm at this time. Because the genetic algorithm had
problems such as local optimality, after a certain number of iterations, the genetic algorithm
could not jump out of the local optimality and could not find the global optimal solution,
which produced a large error in the parameter identification result.
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Figure 4. Comparison of identification results of the converter at the lower side of Maximum Power
Point Tracking (MPPT).
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Parameter identification results of the DFIG, RSC, and GSC under different operation
conditions are shown in Tables 3 and 4, respectively.

Table 3. Identification results of RSC parameters in different control modes.

Operating Area Algorithm kpl ki1 kpz ki> kp3 ki3
actual value 0.5 100 0.5 100 0.5 100
GA 04831  110.1348 04916 1087231 05195  105.7642
MPPT HGA 05001  99.9948 05000  99.9555 04995  100.0036
constant speed GA 05063  103.0831 05011 995462 04969  100.1028
HGA 05003 1000700 05000  99.9641 04997  100.0049
constant power GA 04824 1027250 05113 1082004  0.4893 98.0537
HGA 04997 1000030 05000  100.0073  0.5006 99.9974

Table 4. Identification results of GSC parameters in different control modes.

Operating Area Algorithm kps k;s kye kie
actual value 2 0.01 3 0.001

GA 2.004 0.0080 3.010 0.00087651
MPPT HGA 2.000 0.01 3.000 0.00099918
constant speed GA 2.001 0.0105 3.004 0.0009228
HGA 2.000 0.01 3.000 0.0009458
constant power GA 2.010 0.0103 3.006 0.0009022
HGA 2.000 0.01 3.000 0.0009913

Among them, the parameters k4 =k, kis = ki2; kp7 = kpe, ki7 = kis.

It can be seen from Tables 3 and 4 that the hybrid genetic algorithm could identify
the key parameters of the DFIG converter control systems effectively, as well as whether
DFIG was in MPPT operation condition, constant speed operation condition or constant
power operation condition. In addition, for the same set of control system parameters,
the identification results are not consistent under different operation conditions. As the
identification result of MPPT operation condition is closest to the actual value, the operation
data in MPPT condition can be preferentially selected for practical engineering application.

4.2. Simulation Test of Converter Parameter Identification in the Absence of Variables

From the analysis in Section 4.1, it is known that the parameter identification results
obtained by applying the data of DFIG in MPPT operation conditions are more accurate.
Therefore, MPPT is used as a typical operating condition to test the effect of converter
parameter identification under the variable missing condition. Based on the simulation
model, the data of rotor current, rotor voltage, stator current, stator voltage, grid-side
current, and grid-side voltage corresponding to the wind turbine in the MPPT operation
condition were generated. Then, by simulating the missing data of rotor current, rotor
voltage, stator current, stator voltage, grid-side current, or grid-side voltage data, the hybrid
genetic algorithm proposed in this paper was used to identify the parameters of the DFIG
converter.

4.2.1. Missing Rotor Current

When the rotor currents iy, and iy were missing, according to Figure 2, the absence
of rotor current did not affect the parameter identification of the GSC, but did affect
the parameter identification process of the machine-side converter. Taking the unknown
electrical parameters Ls and L, and the L,, converter parameters ky1 ki1, kp2/kpa, kio/kia,
ky3, and k;3 as unknown important parameters, the hybrid genetic algorithm was used to
identify these unknown parameters. The identification results of electrical parameters and
controller parameters are shown in Tables 5 and 6, respectively.
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Table 5. Identification results of electrical parameters.

Electrical Parameter Lg L, L,
actual value (pu) 0.0049 0.0049 0.0045
identification value (pu) 0.0051 0.0047 0.0044

Table 6. Identification of rotor-side control parameters.

Control Parameter kp1 ki kp2 kin kys ki3

actual value 0.5 100 0.5 100 0.5 100
identification value 0.4962 102.5231 0.4899 99.8759 0.5043 103.4254

Among them, the default k;» = kps, ki» = kia.

4.2.2. Missing Stator Current

When the stator current ij; and igs were missing, the situation was basically the same
as the rotor current missing. When the stator current was missing, it is shown in Figure 2
that it did not affect the identification process of GSC parameters, only the process of
machine-side converter parameter identification. The electrical unknown parameters were
Ls, L, and L, and the remaining unknown parameters were the controller parameters
kp1, ki1, kp2/kpa, kiz/kia, kp3, and k;3. Therefore, a strategy of identifying the two sets of
parameters as unknown parameters was adopted. The specific identification results are
shown in Tables 7 and 8.

Table 7. Identification results of electrical parameters.

Electrical Parameters L L, L,
actual value (pu) 0.0049 0.0049 0.0045
identification value (pu) 0.0043 0.0043 0.0048

Table 8. Identification of rotor-side control parameters.

Control Parameter kp1 ki1 kp> ki> kp3 kiz

actual value 0.5 100 0.5 100 0.5 100
identification value 0.4912 99.6518 0.5145 99.1584 0.4899 99.5214

Among them, the default kp2 = kp4, ki2 = ki4'

4.2.3. Missing Grid-Side Converter Voltage

When the grid-side converter voltages 14, and 14, were missing, it can be seen from
Figure 2 that the situation at this time was different from the situation in which the stator
and rotor currents were missing. The GSC voltage loss would only affect the GSC. The
identification of the parameters would not affect the identification of the parameters of
the machine-side converter. When fitting the unknown parameters, only the grid-side
filter inductance L, was unknown for the electrical parameters, and the other unknown
parameters were the controller parameters ks, kis, kpe/kp7, kis / ki7, so the grid-side filter
inductance Ly was the same as the grid-side controller. The parameters were identified
together as unknown parameters. The results of parameter identification are shown in
Tables 9 and 10.

Table 9. Identification results of electrical parameters.

Electrical Parameters Lg

actual value (pu) 0.0040
identification value (pu) 0.0038
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Table 10. Identification of grid-side control parameters.

Control Parameter kps ks kpe kie
actual value 2 0.01 3 0.001
identification value 1.999 0.0098 3.001 0.00099

Among them, the default kp7 = kpé, ki7 = ki6-

4.2.4. Missing Stator Voltage

When the stator voltages u4; and 14 were missing, according to the structure of the
machine-side converter and the structure of the grid-side converter in Figure 2, the absence
of the stator voltage would affect the parameter identification of the machine-side converter
and the GSC. Therefore, it was necessary to replace the stator voltage 1, and 1 in the
output items of the machine-side converter and the GSC so as to complete the parameter
identification research of the converter control system of the DFIG based on the absence
of the stator voltage. As the structure of the GSC is simpler than that of the machine-side
converter, when the parameters of the grid-side converter were first identified, at this time,
the unknown parameters were the electrical parameters (Ly, Ly, Ls, and L¢) and controller
parameters (kps, kis, kpe /kp7, kic/ki7). The identification results are shown in Tables 11 and 12.

Table 11. Identification results of electrical parameters.

Electrical Parameters Ls L L, L,
actual value (pu) 0.0049 0.0040 0.0045 0.0049
identification value (pu) 0.0043 0.0048 0.0044 0.0049

Table 12. Identification of grid-side control parameters.

Control Parameter kys k;s kye kie
actual value 2 0.01 3 0.001
identification value 1.898 0.0091 3.105 0.0015

Then, the machine-side converter was identified, and the parameters to be identified
were the controller parameters kp1, ki1, kp2/kpa, ki2/kia, kp3, and k;3. The identification
results are shown in Table 13.

Table 13. Identification of rotor-side control parameters.

Control Parameter kp1 ki1 kp> ki> kp3 kiz

actual value 0.5 100 0.5 100 0.5 100
identification value 0.4756 97.3581 0.5205 105.1554 0.5199 104.9518

Among them, the default kpz = kp4, ki» = kig.

4.2.5. Missing Rotor-Side Voltage

When the rotor-side voltages u,, and u4 were missing, according to Figure 2, the ab-
sence of rotor-side voltages 1, and u, did not affect the parameter identification of the
GSC, but only affected the parameters of the machine-side converter. At this time, new
unknown parameters would appear as stator resistance (Rs) and stator winding inductance
(Ls). The electrical parameters Ly, Rs, Ls, identification results, and process are shown
in Table 14.
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Table 14. Identification results of electrical parameters.

Electrical Parameters L, Lg R,
actual value (pu) 0.0045 0.0049 0.002
identification value (pu) 0.0046 0.0050 0.00199

Then, the strategy of identifying R, and L, together with the controller parameters
kp1, ki1, kp2/kpa, kin/kia, kp3 and ki3 was adopted. The identification results are shown
in Table 15.

Table 15. Identification results of electrical parameters.

Electrical Parameters R, L,
actual value (pu) 0.001 0.0049
identification value (pu) 0.0012 0.0049

Then, the machine-side converter was identified, and the parameters to be identified
were the controller parameters ky1, ki1, ky2/kpa, kiz/kis, ky3, and k3. The identification
results are shown in Table 16.

Table 16. Identification of rotor-side control parameters.

Control Parameter kp1 ki1 kp> kiz kp3 kiz

actual value 0.5 100 0.5 100 0.5 100
identification value 0.5011 99.9878 0.5002 99.6645 0.4992 100.0125

Among them, the default kp2 = kp4, ki2 = ki4'

4.3. Engineering Application

A DFIG wind farm in Zhangjiakou of North China was selected as the test case.
Figure 5 shows recorded data of the DFIG under the condition of power oscillation, where
the time length was 21 s, and the sampling period was 0.01 s, wherein the rotor-side
voltages 1y, and u, were missing.

In the absence of the rotor-side voltages i, and 1, the identification results are shown
in Tables 17-19, in which the assumption of kp4 = ky2, kis = k2, kp7 = kpe and k;7 = k;c was
still adopted.

Table 17. Identification of DFIG generator parameters.

Unknown Parameter Ry Lg Lm R, L,

identification value (pu) 0.022 4.857 4.68 0.026 4.796

Table 18. Identification of rotor-side control parameters.

Unknown Parameter kp1 ki1 kp2 k> kp3 ki3

identification value

0.001 5.425 0.0242 2.001 0.001 4.996
(pw)

Table 19. Identification of grid-side control parameters.

Unknown Parameter kys kis kpe kie
identification value (pu) 2.158 20.751 5.056 2.000

Applying the identified parameters, a set of curves was obtained from the DFIG
simulation model, and the comparison made with the original recorded data is shown in
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Figure 5. It can be seen from Figure 6 that the amplitude and phase of the original data and
the simulated power curve were extremely close, indicating that the identification results
are relatively close to the actual values.
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5. Conclusions

A hybrid genetic algorithm for parameter identification of the DFIG control system
was proposed. The algorithm introduces the generation gap value and immune strat-
egy, and adopts the identification strategy of “individual identification, elite retention,
and overall identification.” The test case showed that the identification results are different
under different DFIG operating conditions, and the identification results under the MPPT
operating condition are preferable.

According to the engineering requirements of parameter identification, we discussed
the lack of DFIG variables, such as rotor voltage, rotor current, stator voltage, stator current,
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and grid-side voltage. If one of the variables is missing, the DFIG converter control system
parameters can still be identified by the proposed method.
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