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This paper focuses on an effective control technique for enhancing the Maximum Power Point Tracking
(MPPT) performance of a grid-connected DFIG-based wind power plant under continuously varying
wind conditions. However, rapid fluctuations in wind speeds, uncertainties in parameters, and grid
disturbances are key challenges to enhancing the MPPT performance capability. Considering these
struggles, this study aims to model a modified dynamic DFIG-based wind turbine system and develop
a hybrid Adaptive Neuro-Fuzzy Inference System (ANFIS) with a Proportional-Integral (PI) controller
on the back-to-back converter at the rotor and grid sides. The actual limited ranges of wind speed and
output power generation data of the Adama Il wind power plant in Ethiopia are utilized as input and
output variables for the ANFIS controller. The simulation results from the latest version of R2024a-
MATLAB-Simulink software show that the proposed ANFIS-PI reached an MPPT of 2.22 MW compared
to the FLC-PI controller attained 2.2 MW using the benchmark as the reference value of 1.561 MW in
the PI controller, by improving the maximum power coefficient of 0.5504 compared to 0.5473 using
the baseline as the reference value of 0.4109, respectively, at a rated wind speed of 12.5 m/s and an
optimal pitch angle of 0°.

Keywords Adaptive Neuro-Fuzzy inference system, Doubly-Fed induction generator, MATLAB-Simulink
software, Maximum power point tracking, Proportional-Integral

A global shift toward renewable energy sources is primarily motivated by the pressing need to reduce climate
pollution and foster sustainable socio-economic development for improving public health. Among the various
renewable energy technologies, wind is a quickly expanding clean source of energy that contributes to large-scale
power generation for society'. In today’s technological landscape, the enhanced power harvesting capabilities
and standardized control features are the preferred options for further study and investigation in variable-speed
wind turbine systems. Because it allows greater flexibility and efficiency in the design and operation of grid-
connected Doubly Fed Induction Generator (DFIG)-based wind power plants, aligning energy generation
more closely with real environmental conditions. This turbine behavior facilitates maximizing output power by
improving the overall efficiency of the entire system?. As reported in the survey of various works summarized in
the related literature by>~%, to enhance MPPT performance capability by improving maximum power coefficient
(Cp may) Values. When reviewing the main findings of these publications, the numerical expression of C
ranges from 0.3878 to 0.49 at a rated wind speed and an optimal pitch angle.

To obtain theseresults, the authorsemployed their unique methodology, which involved modeling the dynamics
of a DFIG-based grid-connected wind turbine system, implementing some of the authors’ conventional control
techniques, like the Proportional Integral (PI) controllers, and other intelligent control strategies, such as FLC
and ANFIS controllers, and simulating the entire system using MATLAB-Simulink software. In a DFIG-based
grid-connected wind power plant, the challenge of using the PI controller lies in its inefficiency for enhancing
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MPPT performance when the system models are characterized by nonlinearity, dynamics, complex higher-order
time-delay functions, and variable wind conditions’. Thus, it becomes imperative to use the Adaptive Neuro-
Fuzzy Inference System (ANFIS), considered one of the Artificial Intelligence (AI) optimization methods that
combines Fuzzy Logic (FL) and Neural Networks (NNs) to enhance MPPT performance!’. In this regard, the FL
approach is utilized for rule-based reasoning, and the neural networks serve as an adaptive learning algorithm.
So, from these papers, the key gaps identified include the limited use of intelligent control strategies, the lack
of standard hybrid controller protocols, and suboptimal overall model designs. Considering the tuning and
training algorithm, the authors utilized the PI tuning methods, which include classic trial-and-error tuning,
Ziegler-Nichols tuning, and frequency response technique using Bode plots to analyze the gain parameters. In
addition, the training and testing algorithm for the ANFIS controller is based on the backpropagation algorithm,
the membership functions are trapezoidal, and the number of fuzzy rules does not exceed 25.

According to these reviews, from the researcher’s perspective, the Cp max values are insufficient, and these
control strategies present a crucial challenge under continuously varying wind speed conditions, as well as the
complexity, nonlinearity, and dynamic nature of the system model. Consequently, these issues are the primary
motivation for developing a novel robust hybrid control protocol and a modified DFIG-based grid-connected
wind power system model configuration to enhance the MPPT by improving G, max values at the same wind speed
and optimal pitch angle. Thus, in this work, the hybrid ANFIS-PI controller was designed to address the gaps
identified in the existing methodology when compared to the hybrid FLC-PI controller using the benchmark
as the reference or actual values in the PI controller. In this case, among the various PI tuning methods, use the
pole placement technique to analyze the fixed values of the proportional controller gain (k ), integral controller
gain (k,), and plant control gain (k). The pole placement technique offers a model-based advantage over classic
trial-and-error tuning, Ziegler-Nichols tuning, and frequency response methods by providing direct and precise
control over closed-loop system dynamics. It is the most effective analytical method for defining the accurate
transient response characteristics, strategically placing the closed-loop poles in the s-plane, and mathematically
determining the fixed values of kp, ki, and k to achieve optimal performance metrics, including settling time,
rise time, steady-state error, and overshoot. While the Ziegler-Nichols and trial-and-error tuning methods are
largely empirical, often leading to aggressive tuning with limited robustness, the frequency response method
using Bode plots emphasizes achieving the desired gain and phase margins in the frequency domain.

Furthermore, the ANFIS controller is employed as a hybrid propagation training and testing algorithm to
enhance the overall system accuracy when processing real data. The new control architecture of the neural
networks trains and creates triangular membership functions by increasing the number of fuzzy rules based on
the assigned input variables. The selection of a triangular membership function over trapezoidal and any other
types of membership functions is often justified by their computational efficiency and sharper sensitivity to input
changes. This design provides more granular and responsive control, as any change in the input immediately
alters the degree of membership. Consequently, triangular membership functions generate a more nuanced and
smoother output surface, which is particularly advantageous for controlling dynamic and non-linear systems.
Moreover, comparing the larger number of fuzzy rules over the simpler rule base enables the system to model
more complex, non-linear behaviors with greater precision, better distinctions between operating conditions,
optimize key findings, and facilitate context-aware control decisions. Ensuring these will bring a significant
reduction in the fluctuation of turbine output power, improve system stability, and increase the overall efficiency
of a grid-connected wind power generation.

In addition to designing an effective control strategy, it is also an essential task to choose optimal key
components of the Wind Energy Conversion System (WECS), such as a Horizontal- Axis Wind Turbine (HAWT),
a Doubly Fed Induction Generator (DFIG), an electronic back-to-back converter, a power transformer, and grid-
side filter technologies!!.

Nowadays, in the wind industry, the HAWT is becoming one of the most common types of turbines being
used in grid-connected Wind Power Plants (WPPs) in both onshore and offshore systems due to its aerodynamic
blade design, to capture the optimal energy as efficiently as possible by converting the existing wind flow into
rotational motion'2. This turbine is typically taller than other turbine types, making it easier to access stronger
winds at higher altitudes, which improves overall energy output at variable wind speed conditions'®. On the
other hand, the HAWT integrated with the rotor of the DFIG-based WPPs operates at variable speeds, being
fed by a current at varying frequency through a back-to-back converter. This flexibility enables the turbine
to adapt to variable wind speed conditions by ensuring optimal performance and stable power output. This
approach minimizes the need for a complex set of converter topologies, prime movers, and heavier gearboxes
for grid integration by further reducing mechanical and electrical losses!'’. The use of an electronic back-to-
back converter, power transformer, and filter at the rotor side of a DFIG maintains stability, mitigates harmonic
distortions, and hence improves overall power quality of the system, as well as manages the power flow between
the generator and the grid'®. Additionally, a power transformer plays a vital role in stepping up the generated
voltage to meet grid standards'®.

Finally, the key added values and contributions of this work is recognizing the enhanced key parameter
values such as the maximum power point tracking (MPPT), maximum power coefficient (C ), optimal
angular speed of the turbine rotor and its equivalent rotational speed of the turbine rotor of the Adama 1T
wind power plant in Ethiopia using the proposed hybrid ANFIS-PI controller through the recent version of
R2024a-MATLAB-Simulink software to the core end users throughout the world, such as the wind power plant
operators, grid operators, researchers, engineers, innovators, governmental and non-governmental energy
utility companies, wind turbine vendors, and others involved in the renewable and sustainable energy sectors by
addressing the challenges of integrating a wind power plant into the grid effectively.
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Methods

The methodology of this paper is systematically structured to address the research objectives and the main
findings. This comprehensive approach comprises several critical components, each designed to contribute to
the overall integrity of the system model and the effectiveness of the research process. It encompasses several
key elements that are clearly described, as the recent related literature review was conducted, gathered and
analyzed the required data, developed a comprehensive dynamic model of the optimal key components of a
grid-connected DFIG-based wind power plant, designed a hybrid ANFIS-PI controller, integrated with grid
systems, and performance tested and evaluated with the latest MATLAB-Simulink-R2024a software to enhance
the MPPT performance capability by improving maximum power coefficient.

Design of grid-connected DFIG-based wind power plant

The overall system design of the optimal key components and standard control technique for a DFIG-based
wind energy conversion system integrated to the electrical grid is depicted in Fig. 1'7. This includes a HAWT,
gearbox, DFIG, electronic back-to-back converter, filter, power transformer, and hybrid ANFIS-PI controller.
The system begins with the mechanical input, where the continuously varying wind speed (V) is driven to
an HAWT. The HAWT captures the kinetic energy of the wind and converts it into mechanical power (P _)
as the turbine rotor spins. This rotational mechanical power is transmitted through a gearbox that adjusts the
low-speed, high-torque rotation of the turbine rotor to a higher speed suitable for efficient operation of the
DFIG. The stator and rotor windings of the DFIG are actively used for power exchange'®. The stator winding is
directly connected to the grid through a transformer, and a back-to-back power converter and filter facilitate the
integration of the rotor winding with the grid for enhancing stability, reducing harmonics, and ensuring output
power quality. A power transformer plays a crucial role in stepping up the voltage generated by the DFIG for
efficient transmission to the grid. Additionally, the proposed hybrid ANFIS-PI controller was implemented to
enhance output MPPT performance capability and maximize the power coefficient by controlling key control
parameters under variable wind conditions, grid disturbances, and parameter uncertainties.

Mathematical modeling of HAWT
The mathematical modeling of the HAWT represents the turbine aerodynamic, mechanical, and electrical
characteristics under variable wind conditions. The aerodynamic model is typically based on Betz’s limit, which
calculates the mechanical output power generated by the turbine, and the nonlinear power coefficient depends
on the wind speed, blade geometry, and angle of attack'. A theoretical maximum power coefficient (C, )
of the wind turbine is limited to 0.593, whereas in practical applications, the nonlinear power coeflicient (C )
ranging from 0.108 to 0.49, is used®.

The extracted wind turbine output power (P ) as a function of the nonlinear power coefficient C (A, B) can
be expressed in Eq. (1) as?;
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Fig. 1. Overall system design of grid-connected DFIG-based wind power plants'”.
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The wind turbine tip speed ratio (\) can be formulated in Eq. (2) as?’;
wm

Vw

A=R 2)

The function of the nonlinear power coefficient depends on X and the blade pitch angle () calculated in Eq. (3)

as?3;

705

1 1
Cy (M B) = Cs (02 ——Cs8 fc4) e 953 106 A 3)

Where C, to C, are adjusted and unadjusted turbine-specific constant coefficient values, such as C,=0.43,
C,=91,C,=04,C,=5,C,=18, and C¢=0.0287. Ris the radius of the rotor, v, is the wind speed, p is the density
of air, and w_ is the angular speed of the turbine rotor.

The adjusted tip speed ratio () can be defined by Eq. (4) as?%;

1 1 ~0.035
A A+00083 1+p3

The dynamic wind turbine-generated torque (T, ) in the rotor of the blade can be obtained by Eq. (5) as?’;

F’w 1 -
=Y =_—C,(\B) pr R’ Vs (5)

Tw
Wyn 2wm

The maximum power output (P ) that can be extracted from the turbine is calculated in Eq. (6) as®%;

‘W max:
_1 2.3
Pw max — 5/)77 Cp max R Vwruted (6)
Where C is the maximum power coefficient, and V. is the rated speed of the wind.
P max w rated

Wind turbine output power versus wind speed characteristics curve

The nonlinear curve among wind turbine output power in watts versus continuously varying wind speed in
meters per second is illustrated in Fig. 2. Typically, the curve consists of three operating points and control
regions, marked by dashed lines. The cut-in speed is the minimum wind speed, ranging from 3.02 m/s to 4 m/s,
at which the turbine starts to generate power. The rated speed is around 12.5 m/s, and the turbine generates
maximum output power?. Cut-out speed is the maximum wind speed, around 25 m/s, at which the turbine
will automatically shut down to prevent damage to its components®®. The three control regions include below
the cut-in speed indicated by region 1where no power is generated; between the cut-in and the rated speed,
illustrated as region 2, where the generated power increases as wind speed changes; and between the rated
and cut-out speed, as assigned by region 3, where the output power begins to stabilize as wind speed rapidly
varies?®30. As a result, in region 2, the Maximum Power Tracking (MPT) is achieved within the continuously
varying wind speed range of 3.02 m/s to 12.5 m/s.
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Fig. 2. Wind turbine output power versus wind speed characteristic curve?’~,
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Mathematical modeling of DFIG

The three-phase mathematical modeling of a DFIG provides a comprehensive description for analyzing and
controlling its behavior, particularly under the dynamic conditions of a wind energy system. The abc-reference
frame model describes the three-phase stator and rotor voltage, current, and flux leakage’!. The three-phase
stator and rotor dynamic voltage derived formulas are represented in Eq. (7) and Fig. 3 as®’;

d
Vabes = Rsiabes +Ls % Labes
(7)

d
Vaber = Rr iaber +Loy a taber

where V.,V i ,andi, arethe three-phase voltagesand currents, R,R,L,andL_are the resistances and
abcs’ " aber’ “abgs abcer $ TP s T

self-inductances in the stator and rotor windings, respectively.

DFIG Dq modeling
The dq-model is the cornerstone for designing the sophisticated standard control strategy in DFIG-based wind
turbines. To overcome the complexity of the three-phase model, it is transformed into a dq-reference frame
using ParK’s transformation techniques. This transformation aligns the time-varying sinusoidal AC quantities
into DC values in a steady state, significantly simplifying the control design*.

A derived nonlinear dynamic stator and rotor d-q voltage formulas represented by Egs. (8, 9) and.

Figure 4 as®;

. d

Vas = R, lds —Ws qu +$ wds
d

Vqs = Rs ’I:qs +ws wds +— T/}qs
dt

Vdr - Rr ldr —Wr UJqT +E 1/J,1r
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Fig. 3. Three-phase (a) stator and (b) rotor windings of the DFIG electrical equivalent circuit®.
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Fig. 4. Two-phase (a) d-axis (b) q-axis stator and rotor of the DFIG equivalent circuit®’.

The dq stator and rotor flux leakage are expressed in Egs. (10, 11) as®;

Vg = Lsids +Lm iar
qu =Ls igs +L,, tqr

d}dr = Lm ids +Lr Tdr
d)q,— =Ln ’iqs +Lr ’iqr

(10)

(11)

where Voo Vier laas and i dar AT€ the direct and quadrature axis voltage and current, w, and w_are the stator and
s qr’ “dgs qr

rotor speed, ‘I’ das and ¥ dqr T€ the direct and quadrature axis flux leakage in the stator and rotor windings, L _and

L, are the self and magnetizing inductance.

The total power delivered to the grid is the sum of the stator power and the net rotor power after considering
the converter losses. A derived nonlinear dynamic active and reactive output power in the stator and rotor
windings can be expressed in Egs. (12, 13) as*;

Ps = 5 (Vds tds +Vqs Zq,s)
3 (12)
P 5 (Vdr idr +Vqr 'Lqr)
3
s — 5 (Vqs tds _Vds iqs)
3 _ (13)
r = 2 (Vqr tar —Var 'Lqr)

The nonlinear dynamic electromagnetic torque (T, ) produced by the machine can be given in Eq. (14) as™;

3 o .
Tem = 51) Lm (qu Zd'r —ds qu) (14)

Where P, and P, are the active power, Q, and Q, are the reactive power of the stator and rotor windings,
respectively, and p is the number of pole pairs.

Mathematical modeling of rotor side converter (RSC) for MPPT

The mathematical modeling of the back-to-back converter involves the dynamics of the two converters and the
crucial DC-bus circuit. The rotor and grid voltage and current are changed into a d-q model using abc-ap-dq
transformation techniques. The RSC d-q voltage model under the stator g- ax15 ﬂux leakage orientation (i.e., ¥
= 0) is derived from the rotor equations of the DFIG, expressed in Eq. (15) as*
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d m d

Var = R, tdr +L'I‘ Y7 tdr —Wr Ly iqr v+ Lf* wds
dt Ls dt 3
d m

Vor = Ry iqr +Ly ’7& lgr TWr Ly idr ¥ +wr % wds

Where = 1'(Lm2/Ler) is the leakage coeflicient.

Mathematical modeling of Grid-Side converter (GSC) for MPPT

The supplied three-phase grid voltage of the stator winding of a DFIG has a fixed magnitude and frequency. For
improving MPPT performance and grid stability. The derived filter voltage at the AC side of the GSC in terms of
grid voltage in the d-q components is calculated in Eq. (16) as*;

d
Vap = Vg +Rpiagp —ws Lyiqr +Lys - dar
d (16)
Var =V g T Byriqr +ws Ly iar +Ly p iqf

Where Vig and V_ are the d-q grid voltages, R, and L, are the filter resistance and leakage inductance, whereas
V,sand V_.are the d-q filter voltages, and i, and icare the d-q filter currents.

As indicated in Egs. (15, 16), the PI controller can be applied to control the d-q currents by assuming fixed
grid quantities and negligible changes in the d-q current and flux leakage.

The derived equation of active and reactive power in the d-q component injected into the filter from the GSC
is expressed by Eq. (17) as%

3 . .
Py = 5 (Vg iar +Vag iar)
3 . . (17)
Qp = 5 (Vag iar Vs iay)

The derivative of the DC-link voltage (V) is governed by the power balance between the rotor active power
(P) entering from the RSC and the filter active power (P,) leaving from the GSC, calculated by Eq. (18) as*®*%;

d 1

Ve

E = m (Pr —Pf) (18)

Where P and Q, are the active and reactive filter power, C is the DC-link capacitance.

Gearbox dynamic modeling

A gearbox is a mechanical device that transmits power and adjusts the turbine speed and torque through a
series of gears. It typically consists of a housing that contains various gears, shafts, and other components. A
gearbox is essential in automotive, industrial, and machinery applications, allowing for efficient power transfer
and enabling machines to operate at various speeds and loads**. A gearbox is crucial for optimizing the energy
conversion process between the HAWT and the DFIG. The gearbox modeling predicts the gearbox’s response
under different operating wind speed conditions to enhance performance and efficiency in mechanical systems*4.
Applying the differential equation to derive the gearbox modeling in terms of electromagnetic torque (T, ), and
turbine torque (T,) of the entire nonlinear dynamic system can be expressed in Eq. (19) as®;

d
— wp =Ty —Tem —Bw, 19
Jdt w w (19)

Where w, is the mechanical rotor speed in the gear, ] is the moment of inertia, and B is the friction coefficient.

ANFIS controller modeling for MPPT

Figure 5 presents the overall architecture of the ANFIS controller that contains five hidden layers. The node
function within each layer performs specific operations; the adaptive layers contain parameters that are tuned
during the learning process, while the fixed layers have no tunable parameters*®. Thus, in this work, the real
continuously varying wind speed data collected from the Adama II wind power plant in Ethiopia are used as the
user-specified input variables X and Y. The variation of this wind speed ranges from 0 m/s to 17.2 m/s. At layer
one, or the input fuzzification layer, when the input X is assigned as the minimum range of wind speed (V. ),
which varies from 0 m/s to 1.8 m/s. This consists of six membership functions, as labeled by each adaptive node
A, to A, Whereas, the maximum wind speed range (V) is represented by the input variable Y, which changes
continuously from 9 m/s to 17.2 m/s and contains seven membership functions as denoted by B, to B.. Layer two
is the fixed layer, which depicts a set of nodes that apply fuzzy logic operations to combine the inputs from layer
one. All nodes in this layer produce forty-two fuzzy rules that contribute to the overall inference process and
provide inputs for the next layer. Layer three, or the normalization layer, is also a fixed layer, where the output
of the fuzzy rules from layer two is processed. The normalized firing strengths (W) are passed to layer four or
the consequent layer, which is an adaptive implication layer. Each node in this layer computes a consequent
value for a rule and sums the contributions of the fuzzy rules to produce intermediary output values (Z ), which
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Fig. 5. Overall architecture of the ANFIS controller®®?.

are passed on for further processing. Finally, layer five is a single defuzzification layer and a fixed node that
aggregates all the incoming signals from the consequent layer to produce the overall system output (f)*.

The mathematical model of the ANFIS controller based on this typical diagram starts at layer one, which
chooses a common generalized bell function to calculate the output of the node (O,) and (Olj) by Eq. (20) as*;

017; = /LA»L'X =

1 (20)

295
14 (Y;jef) ’

Where a, b, ¢, d, e, and g are the triangular membership function premise parameter sets. These adaptive
parameters optimize the degree of the membership functions during the training process to minimize the model
error. Whereas 1 is the fuzzy linguistic values,i=1,2...,6,and j=1, 2...,7.

In layer two, the output of the node (O, ) can be calculated using the multiplication operation on its incoming
membership degrees, expressed by Eq. (21) as*;

Olj = ;LBJ'Y =

OZnZWn:/LAiX*)U‘BjY (21)
In layer three, the output of the node (O, ) can be calculated as the normalized firing strength for a rule expressed
in Eq. (22) as*;

_ Wh
Wi+Wsa + . . . + W,

This crucial step ensures that the sum of the firing strengths is unity, providing a weighted average in the final
output layer.
In layer four, the output of the node (O, ) is calculated in Eq. (23) as®%

Oun =Zn f, = Zn(Pn X +Yq, +r,) (23)

Where f_ is the rule’s linear consequent function, and p , q,, and r, are the consequent parameter set for that rule.
These parameters are also adaptive and tuned during the learning process.

In layer five, the output of the node (O, = f) is calculated by summing all incoming values represented in
(24) as™

> Wa fy
oM:f:E:zJ;:%fﬁf— (24)

Where W, is the weighted firing strength, Z . is the normalized firing strength, and n=1, 2, 3...,42.
Therefore, it can be seen that this is how an adaptive neural network works, specifically as a Sugeno-type
Fuzzy Inference System, rather than a Mamdani one, for better model performance accuracy.
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Pl controller modeling for MPPT
The selection of the fixed values of proportional gain (k ) and integral gain (k) of the PI controller is based on the
DFIG plant model. In a DFIG-based wind turbine MPPT system, the primary objective of this controller in the
back-to-back converter is to control the generator’s torque, rotor speed, or dq-axis current to extract maximum
power from the wind speed. Thus, the selection of these gain parameters for the PI control system involving the
plant model designed to regulate the output y(t) based on a reference input r(t) is represented in Fig. 6. The error
signal e(t) is the difference between the reference input and the output. This error is processed through both
the k and k;, which accumulate the error over time. The outputs of these controller gains are summed to form
the control signal u(t). Furthermore, an adjusted feedforward plant control gain (k) is incorporated to enhance
system effectiveness. As a result, the accurate design and tuning of these key parameters ensure the output tracks
the desired reference input effectively, improving the entire system’s optimal performance and stability’!. The
mathematical plant model for PI tuning is developed based on the relationship between the dq-axis current and
voltage from the converter side, as well as the resulting electromagnetic torque and rotor speed of the generator.
A first-order approximation of the ratio of rotor speed of the generator (w ) and electromagnetic torque (T, )

dynamics is expressed by Eq. (25) as®%;

w,‘(s) o 1
Tem(s) Jes+ B (25)

Where J, is the total moment of inertia of the turbine and generator, B is the damping coefficient, and s is the
Laplace variable.

The current control loop in the back-to-back converter, in terms of first-order plus delay time, is calculated
by Eq. (26) as®;

k’l —Qas

= 26
1+T$e (26)

G(s)

Where k is the plant control gain, T is the time constant, which indicates how fast the system responds, and a is
the delay time before the system starts responding.
The combined standard second-order plant model Gp(s) from Egs. (25) and (26) is represented by Eq. (27)

as>253;
G (S) _ k —as (27)
P (s +B) (14 758)
The PI controller model G (s) in terms of kp and k; is expressed in Eq. (28) as’;
ki
Ge(s) =kp +; (28)

The proportional up(t) and integral u, (t) functions in terms of the error signal e(t) are expressed by Eq. (29) as’;

up (t) = kpe(t)

29
ui(t):ki/e(t)dt ( )

The control output u(t) can be formulated by summing the two gains expressed in Eq. (30) as®;
[ (t) =kpe (t) + ki /e (t) dt (30)

| Plant model @
Gp(s)

PI controller model

Fig. 6. Overall design of the PI controller involving a plant model®-’.
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The reference input r(t) is compared with the system output y(t) to calculate the error signal e(t), which is
expressed in Eq. (31) as*’;

e(®) =r(t)—y(t) (31)

The overall open-loop transfer function, G (s), based on the plant model Gp(s) and the PI controller model
G(s), is calculated by Eq. (32) as>>™%

_ kz k —as
Gt (5) = (k” +§) (JistB)(1+7s) < (32)

Accordingly, for selecting the fixed values of k , k; and k among the various state-space control system design
methods, the pole placement technique is the most preferable method in this study.

Based on this method, the closed-loop transfer function G (s) is expressed by Eq. (33) as®*~%

ki k —as
Gt (s) = Go(s) (kp +?) (Jis1B)(it7s) © “
¢ - - ki k —Qas
1+ Gals) 1+ (kp +*) e stB)(it7s) ©

E]

(33)

Finally, the fixed values of k , kp and k calculated using the characteristic equation have their roots at these

desired pole locations shown'in Eq. (34) as>?~>%;

_ ki k —as _
1+Goz(s)—1+<kp+5)(JtS+B)(1+TS)e =0 (34)

The specific values of the gain parameters for the PI controller are used as follows: kp =0.21, k; = 7.2414, and
k=34.483.

Sensitivity analysis for MPPT

Sensitivity analysis in the control system involves evaluating how variations in key input model parameters affect
the system’s output and the resulting performance metrics. Sensitivity functions for each parameter with respect
to a performance metric (p) expressed in Eq. (35) as°®;

S(p79): 75 (35)

Where p is any of the performance metrics like rise time, settling time, steady-state error, or overshoot, and 6
represents either k , ki, or k. Calculating sensitivities of s(p, kp) for metrics like rise time or overshoot, when an
increase in k| typically reduces rise time but may increase overshoot. An analysis of s(p, k,) concerning steady-
state error indicates that as the value of ki increases, the steady-state error decreases. However, this may result
in slower response times and the potential for oscillations. Assessing s(p, k) for overall system effectiveness.
Adjusting k can improve performance when the entire system is well-tuned, but may introduce instability if not
managed properly.

MATLAB-Simulink model of grid-connected DFIG-based wind power plant

The nonlinear masked MATLAB-Simulink model of a grid-connected DFIG-based wind power plant is
illustrated in Fig. 7 and the system reference parameter values of the wind power plant is given in Table 1.
This model presents multiple interconnected blocks and complex relationships among the various aerodynamic,
mechanical, and electrical components, including the RSC current control loop, the MPPT, grid power
calculation, DC bus, and GSC control loop models, as well as the associated filter model and their interactions
within the overall system. These individual models have unique functions that demonstrate how to optimize
MPPT performance by improving the maximum power coefficient value under continuously varying wind
conditions, grid disturbances, and parameter uncertainties by controlling the crucial control parameters using
the proposed hybrid controller. A complete back-to-back converter model is a multi-input, multi-output system
defined by the differential equations of the current, flux leakage, and DC-link voltage for enabling variable-
speed operation and bidirectional power flow. It consists of two voltage-sourced converters, the RSC and GSC,
interconnected by a common DC bus circuit. The primary function of the RSC and GSC is to control the rotor
and grid currents for maintaining stable torque and active and reactive power output. The RSC typically converts
the sinusoidal AC from the DFIG into a DC voltage, and the GSC converts the DC voltage from the RSC into an
AC voltage suitable for grid integration. A grid filter is used at the GSC output to ensure the current injected into
the grid, maintaining power quality standards by reducing total harmonic distortions.

The highly variable and intermittent nature of the Adama II wind power plant’s real wind speed profile data
is presented in Fig. 8. These variable input resources are crucial for enhancing the MPPT performance capability
and other related optimal output parameter values. These wind speeds do not settle at a steady-state value but
continuously fluctuate within the wide range of 0 m/s to 17.2 m/s throughout the observed time. These types
of transient behavior are critical for understanding the dynamic mechanical loads on turbine blades and the
challenge of converting a rapidly variable wind energy source into stable electrical power for the grid. Therefore,
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Fig. 7. Overall masked MATLAB-Simulink model of a grid-connected DFIG-based wind power plant.

Parameters Values
Number of pole pairs 2

Rated stator line-to-line voltage | 690 V (rms)
Rated stator phase voltage 398.4 V (rms)
Rated rotor phase voltage 196.88 V (rms)
Base flux linkage 1.2681 Wb(rms)
Base impedance 0.3174 Q

Base inductance 1.0103 mH
Base capacitance 10028.7 pF
Load resistance (R;) 050

Load inductance (L,) 1 mH

Rated stator frequency 50 Hz

Table 1. Specific system reference parameter values of a DFIG of the Adama-II wind power plant™.

this graph effectively illustrates the inherent instability of wind speed conditions that directly affect wind power
generation, which presents a significant consideration for turbine design and control systems.

ANFIS controller MATLAB simulink model for MPPT

Figure 9 illustrates the minimum and maximum ranges of wind speed values that serve as input variables to the
ANFIS controller, with the output being the maximum range of turbine output power. The ANFIS controller,
depicted in the center labeled Sugeno-type fuzzy inference system, processes these inputs to generate an output
function, denoted as f(u), which ultimately determines the turbine’s output power.

The generated input membership functions (MFs) during the training and testing processes are shown
in Fig. 10a and b. Both graphs have a similar triangular structure, with the horizontal axis representing the
input variables that range from 0 to 1.8 for Figs. 9 and 10a to 17.2 for Fig. 10b, and the vertical axis indicates
membership values that range from 0 to 1. The first and second input variables consist of six and seven MFs,
respectively, that are labeled as Extremely Weak (EW), Very Weak (VW), Weak (W), Medium (M), Fast (F), and
Very Fast (VF), but in Fig. 10b add one additional MF that is assigned by Extremely Fast (EF), indicating the
different fuzzy set categories to which the input variable can belong.

The connection of the five-layer structure demonstrates how the ANFIS framework combines fuzzy logic
with neural networks, utilizing the logical operations to model complex relationships and optimize turbine
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18 Continuously varying wind speed versus time
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Fig. 8. Continuously varying wind speed profile versus time.
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Fig. 10. (a) Minimum and (b) maximum ranges of wind speed membership functions.
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Fig. 11. Internal MATLAB-Simulink architecture of the proposed ANFIS controller.

Information Values
Node numbers 115
Linear parameter numbers 126
Nonlinear parameter numbers 39
Total parameter numbers 165
Testing data pair numbers 5,000
Training data pair numbers 10,000
Fuzzy rule numbers 42

Table 2. All necessary system reference values for the ANFIS controller MATLAB simulink model.

output under continuously fluctuating wind conditions, as illustrated in Fig. 11. It shows two input variables
associated with thirteen membership functions, which are processed through a comprehensive set of forty-two
rules controlling their interactions. Additionally, using all the necessary system reference values of the ANFIS
controller from Table 2 and forty-two output functions to generate a single output.

Results

The MATLAB simulation results of the wind turbine output power (P ) and the related parameters, such as
the nonlinear power coefficient (Cp)’ angular speed of the turbine rotor (w_), and its equivalent rotational
speed of the turbine rotor (N), are demonstrated in Figs. 12, 13, 14, 15, 16, 17, 18 and 19. At the start of the
simulation, the three controllers showed a sharp rise, indicating an initial transient phase. Subsequently, due to
the continuous variation of wind speed conditions, all parameter values reached and settled at their maximum
operating limits, known as saturation levels. The effectiveness of the proposed hybrid ANFIS-PI controller in
maximizing output power capture is directly evidenced by its optimal control of this nonlinear power coefficient
(C,). As the primary determinant of the turbine output power (P_ ) performance efficiency expressed in Eq. (1),
among the listed parameters, the C and the variable wind speed (V, ) are the most critical values. Accordingly,
the C_ simulation graph visually illustrates that improved tracking values achieved by the ANFIS-PI controller
directly contribute to an increase in the turbine output power captured from the wind speed. This optimal C
indicates that both the w_ and N of the turbine rotor are effectively regulated in comparison to their reference
values, ensuring that the turbine continuously operates at its peak output power point tracking. According to
Eq. (1) to (5), when the wind speed changes continuously, as illustrated in Fig. 8, the parameter values listed
above also change. When simulating wind speed variations over 10 s, changing from 0 m/s to 17.2 m/s, all the
obtained results are positive output values that fluctuate continuously throughout these durations. Those results
show too many variations, particularly in the proposed hybrid ANFIS-PI controller when compared to the FLC-
PI controller using the benchmark as the reference values in the PI controller. These clearly indicate that the
performance analysis of the computational complexity for those controllers does not demonstrate oscillations
and ripples; rather, it reflects the results themselves. Those fluctuations arise from the continuously varying
wind speed conditions, as well as the complexity, nonlinearity, and dynamic nature of the overall model. Thus,
the results show that using the PI controller likely exhibits the lower performance improvement, in some cases,
similar to linear results, due to its fixed gain parameters, which cannot adapt to the nonlinear aerodynamic
characteristics, and the lack of variability at the wind speed conditions. The results in the hybrid FLC-PI
controller demonstrate better performance enhancement over the PI through its rule-based adaptation. When
compared to the FLC-PI controller within the ANFIS-PI controller, it has noticeably less performance because
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Fig. 13. Simulation result of C_ in FLC-PI, ANFIS-PI, and PI controllers at V, 12.5 m/s.

the predefined fuzzy rules may not fully capture the complex, nonlinear dynamics of the wind turbine system
across all operating regions. Based on the use of real data, the proposed hybrid ANFIS-PI controller achieves the
best performance enhancement by adapting to the nonlinear aerodynamic characteristics and properly tuning
the PI gain parameters through the combination of the learning capability of neural networks and the logical
reasoning ability of fuzzy logic rule-based systems.

So, the numerical values of those parameters, such as the wind turbine output power (P ), described in
Figs. 12 and 16, which vary from 0.54 MW to 2.22 MW in ANFIS-PI controller, as compared to 0.538 MW to
2.2 MW in FLC-PI controller, when the benchmark as the reference values change from 0.31 MW to 1.561 MW
using the PI controller. Figures 13 and 17 illustrate the nonlinear power coeflicient (C ) values, which change
from 0.151 to 0.5504 for the ANFIS-PI controller compared to 0.1507 to 0.5473 for the FLC-PI controller using
the baseline as the reference values that vary from 0.108 to 0.4109 in the PI controller. The values of angular
speed of the turbine rotor (w,_) change from 63.19 rad/s to 162.1 rad/s in the ANFIS-PI controller, as compared
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Fig. 15. Simulation result of N in FLC-PI, ANFIS-PI, and PI controllers at V., 12.5m/s.

to 63.17 rad/s to 161.7 rad/s in the FLC-PI controller, when the benchmark as the reference values, which
change from 63.094 rad/s to 159.06 rad/s in the PI controller, are presented in Figs. 14 and 18. Additionally,
Figs. 15 and 19 demonstrate that the rotational speed of the turbine rotor (N) in the ANFIS-PI controller varies
from 603.42 rpm to 1,547.941 rpm compared to the FLC-PI controller, which changes from 603.229 rpm to
1,544.121 rpm using the baseline as the reference values that fluctuate from 602.503 rpm to 1,518.911 rpm in the
PI controller. All parameter values were achieved under continuously varying wind speed (V) conditions, as
described in Fig. 8 and within the various pitch angle values.

Discussions

The reference values from the PI controller are used in the simulation results, rather than those from other
controllers, because the control strategy implemented by the Adama II wind power plant is the PI controller, as
verified by the collected real data. The reference numerical values in the PI controller of this power plant indicate
that the maximum turbine output power, maximum power coefficient, optimal angular speed of the turbine rotor,
and its equivalent rotational speed of the turbine rotor under a rated wind speed of 12.5 m/s, and an optimal
pitch angle ([3 o) of 0° are illustrated in Table 3. Based on this data, from the researcher’s perspective, these
reference values are inadequate, and this control strategy poses a crucial challenge under continuously changing
wind speed conditions, as well as due to the complexity, nonlinearity, and dynamic nature of the system model.
Consequently, these issues are the primary motivation for developing a novel robust hybrid control protocol to
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Fig. 17. Simulation result of CP in FLC-PI, ANFIS-PI, and PI controllers at Vw 9.34 m/s.

enhance the MPPT values of this power plant by improving the maximum power coeflicient (C_ ) values at
the same wind speed and an optimal pitch angle.

Thus, in this work, to address the identified gaps in the current methodologies, a robust hybrid ANFIS-PI
controller was designed to enhance the MPPT performance by improving the maximum power coefficient and
the other related peak output parameter values, compared to the hybrid FLC-PI controller, using the benchmark
of the reference values from the PI controller. Since maximum power tracking (MPT) is primarily achieved
in the second region of the wind turbine output power versus wind speed characteristics curve, as shown in
Fig. 2, where the wind speed varies in the range of 3.02 m/s to 12.5 m/s. Thus, to obtain the turbine maximum
output power (P ) or MPPT and the mentioned optimal output values by substituting into Eq. (6), from
the continuously varying real wind speed profile data as described in the results section, the wind speeds of
9.34 m/s and 12.5 m/s were utilized at the optimal pitch angle of 0°. Accordingly, Fig. 12 depicts the MPPT
output performance of the wind turbine, revealing that the ANFIS-PI controller reaches a slightly higher value of
2.22 MW when compared to the FLC-PI controller achieves a peak value of 2.2 MW using the benchmark as the

p max
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Parameters Values
Number of blades 3

Rated speed 12.5m/s
Density of air 1.225 kg/m?
Optimal blade pitch angle 0°

Maximum power coefficient 0.41

Rated turbine power 1.56 MW

The range of rotational speed of the turbine rotor | 1000-2000 rpm
Nominal rotational speed of the turbine rotor 1500 rpm
Rated turbine torque 10.739 kNm
Moment of inertia 67.0106 kg.m?
Gearbox ratio 94.74

Radius of the blade 38.5m

Table 3. Specific system reference parameter values of the Adama-II wind power plant™.
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Percentage enhancement
of MPPT output in percent
Wind | Reference value of the turbine | Turbine maximum Turbine maximum output | Percentage enhancement of MPPT output | when the effectiveness of
speed | maximum output power output power (P, )or | power (P, )or MPPT | in percent when the effectiveness of the the ANFIS-PI controller is
in (P, o) Of MPPT using the PI | MPPT using the FLC-PI | using the ANFIS-PI FLC-PI controller is compared to the compared to the reference
m/s controller in MW controller in MW controller in MW reference value in the PI controller value in the PI controller
12.5 1.561 2.2 222 40.9353% 42.2165%
9.34 1.359 1.891 1.919 39.1464% 41.2068%
Table 4. Summary of the main results of P, or MPPT output for the proposed hybrid ANFIS-PI controller
compared to the FLC-PI controller using the baseline as the reference value in the PI controller.
Wind | Reference value of the Turbine maximum | Turbine maximum Percentage enhancement of Percentage enhancement of
speed | turbine maximum power | power coefficient | power coefficient C, .ox i percent when the effectiveness | C in percent when the effectiveness
in coefficient ) may) 10 the (C, nay) in the of the hybrid FLC-PI is compared to the of the ANFIS-PI is compared to the
m/s (CP max) 10 the PI controller | FLC-PI controller AI&FIS-PI controller | reference value in the PI controller reference value in the PI controller
12.5 0.4109 0.5473 0.5504 33.1954% 33.9499%
9.34 0.4098 0.5413 0.5439 32.0888% 32.7233%

Table 5. Summary of the main results of C, max for the proposed hybrid ANFIS-PI controller compared to the
FLC-PI controller using the benchmark as the reference value in the PI controller.

reference value of 1.561 MW in the PI controller at a rated wind speed of 12.5 m/s with an optimal pitch angle
of 0°. Maintaining an optimal pitch angle of 0° and at 12.5 m/s, the wind turbine’s maximum power coefficient
(C, ) Teaches a slightly higher value of 0.5504 in the ANFIS-PI controller, when compared to 0.5473 for
the FLC-PI controller using the benchmark as the reference value of 0.4109 in the PI controller, as shown in
Fig. 13. Figure 14 illustrates that the nominal angular speed of the turbine rotor in the ANFIS-PI controller
reaches approximately 162.1 rad/s, compared to 161.7 rad/s in the FLC-PI controller using the benchmark as
the reference value of 157.08 rad/s from the PI controller at a wind speed of 12.5 m/s with a pitch angle of 0°. At
12.5 m/s and 0°, Fig. 15 shows that the ANFIS-PI controller achieves a slightly higher optimal rotational speed
of the turbine rotor, at 1,547.94 rpm, compared to 1,544.12 rpm for the FLC-PI controller. This comparison
uses the benchmark reference value of 1,500.0035 rpm in the PI controller. Figure 16 illustrates that the MPPT
output performance from the turbine with the ANFIS-PI controller reaches 1.919 MW, compared to the FLC-PI
controller, which achieves an impressive 1.891 MW using the benchmark as the reference value of 1.359 MW
from the PI controller at 9.34 m/s with a pitch angle of 0°. For a wind speed of 9.34 m/s and the same angle,
the wind turbine’s maximum power coefficient in the ANFIS-PI controller attains a slightly notable value of
approximately 0.5439 when compared to 0.5413 reached in the FLC-PI controller using the baseline as the
reference value of 0.4098 in the PI controller, as shown in Fig. 17. The nominal angular speed of the turbine
rotor for the ANFIS-PI controller reaches approximately 161.1 rad/s, compared to 160.9 rad/s for the FLC-PI
controller. This comparison uses the baseline reference value of 159.06 rad/s from the PI controller at 9.34 m/s
with the same pitch angle, as illustrated in Fig. 18. Moreover, Fig. 19 indicates that the nominal rotational speed
of the turbine rotor for the ANFIS-PI controller achieves a value of 1,538.39 rpm compared to 1,536.48 rpm
reached for the FLC-PI controller. This comparison uses the benchmark as the reference value of 1,518.911 rpm
from the PI controller at 9.34 m/s with a pitch angle of 0°.

The comparative analysis of the main results between the proposed hybrid ANFIS-PI controller and the
FLC-PI controller, utilizing the benchmark reference value from the PI controller, is summarized in Tables 4
and 5. This analysis focuses on enhancing the maximum output power performance capability by improving the
maximum power coefficient of the turbine.

Conclusions

This paper summarizes the enhancement of the MPPT performance of a grid-connected Doubly-Fed Induction
Generator (DFIG)-based wind power plant under continuously fluctuating wind speed conditions. The proposed
hybrid ANFIS-PI controller was implemented on the back-to-back converter at the rotor and grid sides to address
the identified gaps in the existing methodologies. Since the actual numerical values in the PI controller of the
Adama II wind power plant in Ethiopia indicate that the maximum turbine output power is 1.56 MW, achieved
at a maximum power coefficient of 0.41, under a rated wind speed of 12.5 m/s and an optimal pitch angle
of 0°, this taken as the critical benchmark reference values for enhancing the MPPT performance capability.
Thus, the simulation result in Fig. 12 clearly demonstrates that the actual output power closely matches the
reference output power, with only a minimum deviation. The reason for using the reference values from the
PI controller in the simulation results, rather than any other controllers, is that the control strategy employed
by this power plant is the PI controller, as confirmed by the collected real data. Based on this data, from the
researcher’s perspective, these reference values are inadequate, and this control strategy poses a crucial challenge
under continuously changing wind speed conditions, as well as due to the complexity, nonlinearity, and dynamic
nature of the system model.
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Therefore, this work aims to achieve an enhanced turbine maximum output power of 2.22 MW in the
proposed hybrid ANFIS-PI controller as compared to 2.2 MW in the hybrid FLC-PI controller by improving
the maximum power coefficient to 0.5504 compared to 0.5473, respectively, under the same rated wind speed
of 12.5 m/s and an optimal pitch angle of 0° using the latest version of R2024a-MATLAB-Simulink software.
Accordingly, the wind speeds of 9.34 m/s and 12.5 m/s, as well as all wind speed values taken from Fig. 8, the
proposed hybrid ANFIS-PI controller offers the best enhanced MPPT performance results and an improved
tracking of the other related peak output parameter values.

In conclusion, the performance analysis of the computational complexity results shows that using the PI
controller likely exhibits the lower performance improvement, in some cases, similar to linear results, due
to its fixed gain parameters, which cannot adapt to the nonlinear aerodynamic characteristics, and the lack
of variability at these wind speed conditions. The results in the hybrid FLC-PI controller demonstrate better
performance enhancement over the PI controller through its rule-based adaptation. When compared to the
FLC-PI controller within the ANFIS-PI controller, it has noticeably less performance because the predefined
fuzzy rules may not fully capture the complex, nonlinear dynamics of the wind turbine system across all
operating regions. Based on the use of real data, the proposed hybrid ANFIS-PI controller achieves the best
performance enhancement by adapting to the nonlinear aerodynamic characteristics and properly tuning the PI
gain parameters through the combination of the learning capability of neural networks and the logical reasoning
ability of fuzzy logic rule-based systems. Finally, the design process of the proposed hybrid ANFIS-PI controller
can be applied for other specific location wind farms by retraining the ANFIS module with local data and re-
tuning the PI gain parameters under different turbine characteristics, grid conditions, or wind profiles. However,
this work is limited to enhancing MPPT performance by maximizing all related output parameter values under
balanced operational conditions and continuously varying wind speeds, without addressing the fault ride-
through capability under unbalanced operational conditions. For next research, it is recommended to test the
generalizability of results by applying hybrid controller in various grid-connected wind power plants located in
different environments, under both balanced and unbalanced operational conditions, as well as continuously
varying wind speeds.

Contributions

The contributions of this work are highly relevant to the core end users throughout the world, including wind
power plant operators, grid operators, researchers, engineers, innovators, governmental and non-governmental
energy utility companies, wind turbine vendors, and others involved in the renewable and sustainable energy
sectors. The key contributions are listed as follows: it designs a robust hybrid ANFIS-PI controller to enhance
MPPT performance capability by addressing the challenges of integrating a wind power plant into the grid
effectively. It provides comprehensive simulation results that demonstrate the robustness of the proposed
controller compared to the hybrid FLC-PI controller using the benchmark as the reference and actual values
in the PI controller through the recent version of MATLAB Simulink R2024a software. Finally, it is important
to recognize the enhanced key parameters, such as maximum power point tracking (MPPT), maximum power
coefficient (CP may)» OPtimal angular speed of the turbine rotor, and the rotational speed of the turbine rotor for
power plant under continuously varying wind speed conditions.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author on
reasonable request.
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