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Abstract—This paper proposes a reactive power and voltage
optimal control method for wind farms based on data-driven
power flow. Because no prior knowledge of wind farm parameters
is necessary, the proposed method is model-free. Based on
Koopman operator-based method, this paper constructs a power
flow model of wind farms connected to the grid by using
state space mapping and lift-dimension linearization. Considering
reactive power devices such as wind turbines and static var
generator (SVG) in wind farms, a global sensitivity-based reactive
power and voltage linear optimization control model is proposed.
Taking minimum reactive power adjustment of wind turbines
and SVG as the objective function, combined with the sensitivity
relationship between node voltage and reactive power injection,
the proposed model-free voltage control method can realize
optimal reactive power distribution, effectively reduce active
power loss, and satisfy the requirement of rapid voltage control
response of wind farms. Based on historical data of a wind farm
in Ningxia, feasibility of the proposed voltage optimal control
method under inaccurate parameters is verified. Compared with
model-based methods, the proposed method exhibits advantages
on parameter dependency and efficiency.

Index Terms—Date-driven, power flow, reactive power,
sensitivity, voltage control, wind power generation.

I. INTRODUCTION

THE large-scale integration of wind power generation
exerts an increasing influence on operation of power

systems. Due to its inherent fluctuation, intermittence and
uncertainty, high-penetration wind power generation poses
challenges to voltage stability in the operation process, and
affects power supply reliability and power quality of power
systems [1]. To address this problem, many countries have
enhanced standards and grid codes to require wind turbines
have the ability to provide reactive power support in response
to voltage fluctuation. On the other hand, with increase of
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wind farm capacity, voltage of point of common coupling
(PCC) and wind turbine terminal suffers from the risk of
exceeding the limit, which can result in wind turbines dropping
off and causing serious imbalance between power supply and
consumption [2]. Therefore, it is of great significance to pay
attention to reactive power and voltage optimal control of wind
farms.

In fact, extensive research on voltage control of wind farms
has been carried out. Conventionally, wind farm voltage con-
trol mainly relies on the regulation capacity of reactive power
devices installed to secondary-side bus. Using fast response
and steady-state voltage control characteristics of static VAR
compensator (SVC), SVG and static synchronous compensator
(STATCOM), wind farms can provide VAR support to power
grids. For instance, [3] proposes a control strategy of STAT-
COM to suppress voltage fluctuation of a weak loop power
system. Comparing the reactive compensation capability be-
tween SVC and STATCOM, [4] proposes a fast coordinated
reactive power and voltage control strategy for doubly fed
induction generators (DFIGs) and STATCOM. In [5], the
proposed method comprehensively coordinates reactive power
compensation devices such as STATCOM, SVG and on load
tap changer (OLTC) in wind farms to maintain bus voltage
within feasible range. In order to solve the voltage unbalance
problem induced by wind power integration, an improved
voltage control strategy with strong dispatching ability for grid
voltage and reactive current is proposed in [6].

Compared to reactive power devices, by using vector control
technique to control active power and reactive power sepa-
rately [7], wind turbines inherently possess reactive power reg-
ulation capability, and have the advantage of saving investment
cost. Therefore, instead of running in constant power factor
mode, operators gradually require wind turbines to provide
reactive power support. Based on this idea, [8] constructs a
detailed model of DFIG, and analyzes different combinations
of reactive power control of rotor-side converter and grid-side
converter, to achieve the purpose of optimal voltage control.
In [9], a flexible compensation strategy for DFIG connected to
unbalanced weak networks is proposed, which can solve the
problem of voltage fluctuation at the PCC and balance output
current of DFIGs. Despite focusing on the coordination of
wind turbines and reactive power devices, these papers haven’t
taken voltage profile in wind farms into consideration. The
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consequent drawbacks can result in large power losses and
overvoltage problems at wind turbine terminals.

Using an internal network model of wind farms, [10] pro-
poses a strategy to coordinate active power and reactive power
control of DFIGs to realize optimal voltage control. In [11],
the authors propose a voltage feedback control method based
on decentralized gradient descent to optimally coordinate the
voltage set point of wind turbines. A distributed online voltage
control algorithm based on dual decomposition to coordinate
reactive power output of wind turbines and reactive power
devices to maintain internal bus voltage of wind farms within
feasible range is proposed in [12]. A distributed cooperative
secondary unbalanced voltage control strategy is proposed to
decrease the output voltage unbalance factor of each droop-
controlled distributed generation in [13]. In [14], an attack-
resilient optimal voltage control method is proposed to elimi-
nate the influence of cyber-attacks on voltage optimized con-
trol. Although they can coordinate all reactive power devices
to optimize the internal voltage profile of wind farms, these
methods rely heavily on accuracy of model parameters and
cannot meet requirement of rapid voltage control response.
Usually in a wind farm, feeder parameters are estimated
according to length and type, and hence a complete model with
accurate parameters is difficult to guarantee. The deviation of
model parameters will inevitably affect the optimization results
of reactive power and voltage.

Sensitivity-based voltage regulation has the advantage of
fast local response. For instance, [15] takes PCC of wind
farms as the control object and initial steady-state voltage
as the control target, and dynamically adjusts reactive power
of the wind farm according to traditional sensitivity to main-
tain voltage stability. On the basis of sensitivity matrix, an
analytical target cascading based distributed optimal voltage
control scheme for a large-scale wind farm cluster is proposed
in [16]. Although having unique advantages in fast response,
the traditional sensitivity method for voltage control can only
achieve approximate linear near the operating point, rather
than global optimal reactive power distribution. If the reactive
power adjustment is large, accuracy cannot be guaranteed.
Furthermore, the sensitivity calculation still relies on model
parameters of the wind farm, and consequently causes the
method to be invalid under the condition of incomplete model.

In order to overcome difficulties of voltage control under
inaccurate model parameters, our previous work [17] utilizes
a data-driven method to construct a linear power flow model
based on state space mapping. However, it is difficult to
solve optimization problems by using this linearized power
flow, because there exists a nonlinear relationship between
original input variables and augmented input variables. In
addition, [18] provides pioneer work on data-driven power
flow, which has satisfactory calculation speed and accuracy.
The proposed data-driven method serves as the basis for
accurate linearization and optimization model. A data-driven
power flow linearization method under measurement noise
is proposed in [19], which has higher computational ac-
curacy than model-based methods. These works can prove
that compared with traditional methods based on physical
mechanism, data-driven methods can construct a power flow

model under inaccurate parameters. In [20], a data-driven
model-free VVC method is presented in this paper which only
relies on partial measurements of critical nodes in ADNs, and
the power flow performance for calculating active and reactive
power is improved, but it can only ensure voltage balance
and cannot achieve reactive power optimization. The authors
of [21] compare sensitivity derived from model parameters
with sensitivity calculated by using data-driven method, and
prove the data-driven approach has good accuracy. However,
it cannot apply the advantage to optimal control problems.
In [22], reactive power and voltage characteristics of wind
farms are determined by using historical data. The paper
realizes modeling based on curve fitting, which provides a
novel idea for voltage control. However, the proposed method
is confined to analyzing the relationship between reactive
power and voltage, and fails to coordinate wind turbines and
other reactive power devices based on the data-driven model.
A method based on traditional voltage sensitivity to control
reactive power for voltage regulation of wind power systems is
proposed in [23], and [24] uses an optimal power flow method
to construct power flow equations. The two methods can be
used for reactive power and voltage optimization control, but
rely heavily on accuracy of model parameters.

This paper presents a data-driven optimal reactive power
and voltage optimization method for wind farms based on
data-driven power flow. By using Koopman lift-dimension
linearization-based mapping, original state space of power flow
is augmented to a high-dimensional space, by which accurate
global sensitivity independent of model parameters is derived,
and the reactive power and voltage linear optimization model
of the wind farm is constructed. In the control process, though
sensitivity is used to construct an optimization model, network
topology and parameters are not prerequisite knowledge for
voltage control, and the model is only an intermediate produce.
Therefore, the proposed method is model-free and can resist
parameter errors. To the best of the authors’ knowledge, this
paper makes the following contributions:

This paper presents a model-free optimal reactive power
and voltage optimization method for wind farms based on
data-driven power flow. By using Koopman lift-dimension
linearization-based state space mapping, accurate global sen-
sitivity independent of model parameters is derived, and the
reactive power and voltage linear optimization model of the
wind farm is constructed. To the best of the authors’ knowl-
edge, this paper makes the following contributions:

1) A model-free global linearization sensitivity calculation
method is proposed. Based on the data-driven linearized power
flow equation, voltage sensitivity is derived. Compared with
traditional equilibrium point linearization method based on
Jacobian matrix; it applies to a wider control range.

2) An optimal voltage control model of wind farm based on
data-driven sensitivity is constructed. Having the advantage of
fast solving, the linear optimization model considers the inter-
nal voltage profile in the wind farm, and avoids overvoltage
problems of wind turbines. Besides, the wind farm can respond
to voltage fluctuation of system-side automatically, and reduce
active power losses and operation cost.
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The remainder of the paper is organized as follows. Sec-
tion II describes the voltage optimization model based on
classical linear power flow model. The Koopman-based model-
free state space mapping and sensitivity calculation method
is proposed in Section III. Taking an actual wind farm in
Ningxia as example, feasibility of the reactive power and
voltage optimization control method is verified in Section IV.
Finally, Section V concludes the paper.

II. OPTIMAL VOLTAGE CONTROL MODEL OF WIND FARM

A. Wind Farm Linear Power Flow and Voltage Model

Since topology of wind farms are usually radial networks,
the wind farm voltage model takes a radial network as research
object. Wind turbines are integrated to different nodes of
the network, and active power injection may cause terminal
voltage of feeders to be higher than the substation of the wind
farm.

In order to simplify expression, it is defined that N = {0,
1, · · · , N} represents the set composed of nodes in the wind
farm, and L = {lij} ⊂ N × N represents the set composed
of branches connecting node i and node j. Node 0 represents
voltage reference node. Generally, it represents high-voltage
bus of the substation. Voltage magnitude of node i is repre-
sented by Vi, and pi, qi respectively represent active power
and reactive power of node i. Branch resistance and reactance
value of branch lij are respectively, represented by rij and xij ,
and Pij and Qij represent active power and reactive power
flow from the head-end of node i to node j. For convenience,
downstream adjacent nodes of node i are defined as nodes
farther from the reference node than node i, and directly
connected to node i. The set composed of downstream adjacent
nodes of node i are defined as Ni ⊂ N .

According to the above definition, we can get the following
branch-form power flow equations [18]:

Pij −
∑
k∈Nj

Pjk = −pj + rij
P 2
ij +Q2

ij

V 2
i

(1)

Qij −
∑
k∈Nj

Qjk = −qj + xij
P 2
ij +Q2

ij

V 2
i

(2)

V 2
i − V 2

j = 2(rijPij + xijQij)− (r2ij + x2ij)
P 2
ij +Q2

ij

V 2
i

(3)

Under voltage control, voltage of each node of the wind
farm in normal conditions is usually close to nominal value,
i.e., Vi ≈ 1. Besides, losses account for a relatively small
proportion of power consumption. In order to further derive
the linearized branch-form power flow equation, the quadratic
term on the right side of (1)–(3), which correspond to active
and reactive losses in the branch, can be left out. In this way,
the linearized approximate results of the original branch power
flow model can be obtained:

Pij −
∑
k∈Nj

Pjk = −pj (4)

Qij −
∑
k∈Nj

Qjk = −qj (5)

Vi − Vj = rijPij + xijQij (6)

To simplify the expression in matrix form, M0 is defined
to represent the node-branch incidence matrix of the internal
network of the wind farm, of which size is N×(N−1). If node
j ∈ Ni, we have elements M0

il = 1 and M0
jl = −1, where l is

number of branch lij . Removing the first row corresponding
to reference node 0 in matrix M0, we use M to represent
the N ×N dimensional node-branch incidence matrix of the
remaining part, which is a full-rank square matrix. In this way,
the matrix-form branch active and reactive power equations
can be expressed as:

MP = p (7)
MQ = q (8)

where P and Q represent column vectors composed of branch
active power Pij and reactive power Qij , respectively, and p
and q represent column vectors composed of active power
injection pi and reactive power injection qi, respectively.
Besides, the matrix form of branch voltage (6) can be ex-
pressed as:

(M0)T[V0V
T]T = m0V0 +MTV = DrP +DxQ (9)

where V represents column vector composed of node voltage
magnitude Vi, mT

0 represents first row in matrix M0, and
Dr and Dx represent N ×N diagonal matrix with diagonal
entries rij and xij , respectively.

Substituting (7) and (8) into (9), yields

V = M−T(DrP +DxQ−m0V0)

= M−TDrP +M−TDxQ−M−Tm0V0

= M−TDrM
−1p+M−TDxM

−1q −M−Tm0V0
(10)

By making the following definition:

R = M−TDrM
−1 (11)

X = M−TDxM
−1 (12)

the voltage (10) can be rewritten as:

V = Rp+X(q̄ + ∆q)−M−Tm0V0

= X∆q + V̄ (13)

where q̄ represents the vector composed of reactive power
injection without voltage control, ∆q represents the vector
composed of reactive power adjustment, and V̄ represents the
natural voltage profile of the wind farm without reactive power
adjustment. Specifically, it corresponds to

V̄ = Rp+Xq̄ −M−Tm0V0 (14)

In the voltage optimal control model, V̄ can be considered a
constant. The linear sensitivity relation between node voltage
and wind turbines reactive power is described in (13). It should
be noted expression is based on the assumption of flat voltage
profile Vi ≈ 1, and leaves out loss term, which definitely dete-
riorates the linear model accuracy. From another perspective,
if X is derived by using the sensitivity analysis method based
on Jacobian matrix in Newton-Raphson method, satisfactory
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linearized approximation only can be obtained in a small range
near the equilibrium point. In addition, whether using linear
power flow in (13) or equilibrium point sensitivity based on
Jacobian matrix, the relation between voltage and reactive
power is still derived based on model parameters. In conditions
of inaccurate parameters, voltage control performance will be
consequentially limited. Therefore, a model-free state space
mapping-based linear power flow and voltage control method
is proposed in Section III to avoid dependency on model
parameters.

B. Voltage Optimization Model of Wind Farm

Based on the linear relation between voltage and reactive
power (13), a wind farm voltage optimization control model
can be constructed. Reactive power regulation capacity of wind
turbines should be considered in the model. In response to
voltage fluctuation of the PCC, according to predetermined
characteristics of automatic voltage control (AVC), the wind
farm is required to regulate reactive power to meet the
droop relationship between reactive power via the PCC and
high-voltage bus voltage of the substation. In the meantime,
wind farm voltage control needs to ensure internal voltage
balance, without voltage violation at wind turbine terminals,
and reactive power distribution among wind turbines should
be improved considering minimum adjustment amount. Based
on the above objectives and constraints, a voltage optimization
model can be constructed.
1) Optimization Objective

With AVC and internal voltage constraints, the objective is
to minimize reactive power adjustment of wind turbines and
SVG to prolong their lifetimes. Therefore, the optimization
objective can be expressed as:

∆q∗ = arg min ‖∆q‖22 = arg min

N∑
i=1

∆q2i (15)

where ∆q∗ represents optimal reactive power adjustment
vector, ‖ · ‖22 represents Euclidean norm, and ∆qi represents
reactive power adjustment of the wind turbine at node i.
2) Constraints

Constraints of wind farm voltage optimization include wind
farm reactive power output constraints, voltage and reactive
power flow constraints, voltage magnitude constraints, wind
turbines and SVG capacity constraints, reactive power ramping
rate constraints, and power factor constraints. Voltage and
reactive power flow constraints can be represented by (13),
and complete constraints can be expressed as

−q0 = qref −Kf (V0 − Vref) (16a)

Vmin ≤ V̄ +X∆q ≤ Vmax (16b)

−qmax ≤ q̄ + ∆q ≤ qmax (16c)

−∆qmax ≤ ∆q ≤ ∆qmax (16d)√
p2i + (q̄i + ∆qi)2 ≤ Si,max, for all i ∈ N (16e)

cosϕi =
pi√

p2i + (q̄i + ∆qi)2
≥ 0.7, for all i ∈ N (16f)

N∑
i=0

pi = 0 (16g)

N∑
i=0

(q̄i + ∆qi) = 0 (16h)

where qref represents set point of wind farm reactive power
output, Vref represents set point of wind farm PCC voltage,
Kf represents droop coefficient between wind farm reactive
power output and PCC voltage, Vmin, Vmax represent vec-
tors composed of voltage magnitude bounds, qmax represents
vectors composed of maximum reactive power limits, ∆qmax

represents vectors composed of maximum reactive power
ramping rate limits, q̄i represents reactive power injection of
node i without voltage control, Si,max represents capacity limit
of node i, and cosϕi represents power factor of node i.

In the voltage optimization model (15) and (16), if the
voltage and reactive power sensitivity matrix X have been
obtained, the optimization model is simplified as a linear con-
strained quadratic programming problem, which can be solved
in a very short time. However, due to the reason explained
above, value of X derived from the linear power flow equation
suffers from large approximation errors, which may impose
an adverse influence on voltage control performance. On the
other hand, the local linearization method based on Jacobian
matrix only exhibits acceptable linear characteristics near the
operation point, both methods rely heavily on accuracy of
model parameters. Without accurate model parameters, voltage
control effect based on linear optimization model (15) and
(16) is difficult to be guaranteed. Therefore, it is necessary
to propose a model-free voltage control method independent
of parameters to realize optimal reactive power distribution,
which can utilize real operation data to obtain high-precision
global sensitivity matrix X .

III. LIFT-DIMENSION MAPPING-BASED POWER FLOW
AND SENSITIVITY CALCULATION

A. Data-Driven Voltage Optimal Control Framework

In this paper, a data-driven method based on Koopman
operator is used to construct a lift-dimension linear power
flow, and voltage and reactive power sensitivity matrix X
in the optimization model (16) is derived by using state
space mapping. Compared with methods based on impedance
parameters; the proposed method is independent of accuracy
of model parameters because the sensitivities are derived from
real operation data. The voltage control framework can be
divided into two levels: offline data-driven model training level
and online voltage optimization level:

1) Offline data-driven model training level: Collect historical
reactive power injection and voltage magnitude as training
sample input, construct lift-dimension linear power flow model
based on Koopman state space mapping, and calculate global
sensitivity matrix X in an offline manner.

2) Online voltage optimization level: According to real
operation state of the wind farm, construct linear constrained
quadratic programming model (15) and (16) based on sensitiv-
ity matrix X obtained from model training level. By solving
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the model, reactive power adjustment is issued to each wind
turbine and SVG to realize optimal voltage control.

The data-driven voltage optimal control framework is shown
in Fig. 1. In order to facilitate understanding, the physical
level of the wind farm, i.e., wind turbines, is also drawn in
the framework. Since the online voltage optimization layer
needs to collect real-time operation status of the wind farm and
perform online control, the physical level illustrates data flow
of the proposed method. Because data-driven model training
carries out sensitivity calculation based on lift-dimension
linear power flow, sensitivities are global results instead of
local linearization around the equilibrium point, and values
can apply to a wide range if network topology maintains
unchanged. The voltage optimization model is constructed
based on voltage measurement of the PCC, voltage mea-
surement of nodes in the wind farm, power output real-time
value of wind turbines and SVG. Combined with data-driven
trained global sensitivities, the voltage optimization model is
updated in a rolling manner to achieve online optimal voltage
control. Therefore, in each optimization cycle, the control
system uses the linear model obtained from data-driven model
training level to reconstruct voltage optimization model based
on operation status. Owing to the simple form of optimization
model, though voltage control method is centralized, fast
online solution can be achieved within the cycle. Utilizing
double-layer model training and voltage optimization, unified
offline training and online control is realized. In conclusion,
though the data-driven power flow is a global model, the
proposed method can cope with frequency disturbance of wind
power.

B. Koopman-Based Lift-Dimension Linear Power Flow

In nature, the accurate power flow model of the wind farm
is a nonlinear equation. According to the Koopman operator,

a nonlinear equation can be transformed into an infinite-
dimensional linear equation by using state space mapping. In
practice, it is sufficient to highly fit the original nonlinearity
by lifting state space to several thousand dimensions, rather
than infinite dimensions. Therefore, the essence of power
flow modeling based on Koopman operator is to utilize a
large amount of historical operation data to train the lift-
dimension linear model. Samples are used to fit the linear
relationship between state variables and input variables in the
lift-dimension space. Specifically, it is assumed the wind farm
satisfies the following nonlinear power flow model:

y = ϕ(x) (17)

where state variables y = [θ V ]T are composed of phase
angle and voltage magnitude, and K-dimensional input vari-
ables x = [p q]T are composed of active power and reactive
power injection.

By increasing dimension of input variables to construct a
linear relationship, the coordinate system is extended, and the
global linearization equation can be derived. Specifically, with
lift-dimension function ψ(x), there exists a linear matrix C,
by which the relationship between state variables and input
variables can be expressed [16]:

y = Cxlift = [C1C2]

[
x

ψ(x)

]
(18)

where xlift represents the vector composed of augmented input
variables.

Theoretically, the linear equation can be globally strictly
true only if lift-dimension function ψ(x) is infinite, but
in practical application, an acceptable linear approximation
can be obtained by increasing input variables to appropriate
dimensions. Assume the dimension of the augmented input
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Fig. 1. Data-driven voltage optimal control framework.
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variables is n, and the i-th augmented input variable, ψi(x),
can be defined as a function of x:

ψi(x) = flift(x− ci) (19)

where ci represents the i-th K-dimensional basis vector in
which elements are random within the variable range.

In the paper, the lift-dimension function flift adopts poly-
harmonic form [16], i.e.,

flift(x− ci) =

√√√√ K∑
j=1

(xj − cij)2 · ln

√√√√ K∑
j=1

(xj − cij)2 (20)

where xj represents the j-th element of input variables x, cij
represents the j-th element of ci.

In order to obtain the linear relationship (18) in the lift-
dimension state space, linear power flow matrix C can be
fitted by using the least squares estimation according to the
massive historical samples. Assuming historical samples used
for matrix training contain S time sections, the sample set of
input variables X , and sample set of output variables Y can
be defined as:

X =[x1x2 · · ·xS] (21)
Y =[y1y2 · · ·yS] (22)

where xi and yi represent input variables and state variables
of i-th time section, respectively. Therefore, we can get the
sample set of augmented input variables Xlift according to X:

Xlift = [xlift,1xlift,2 · · ·xlift,S ] (23)

where xlift,i represents augmented input variables of i-th time
section, which can be calculated according to

xliftt,i =

[
xi

ψ(xi)

]
(24)

Therefore, using the above sample sets, linear matrix C can
be fitted according to least squares estimation:

C = Y XT
lift[XliftX

T
lift]
† (25)

where [·]† represents the Moore-Penrose inverse of matrix.
Using linear power flow matrix C calculated in (25), the

linear relationship between state variables y and augmented in-
put variables xlift can be described without model parameters.
The lift-dimension linear power flow equation is independent
of parameters, and is not based on linearization near the
equilibrium point. Therefore, the global linear relationship can
be obtained by state space mapping, which exhibits significant
advantages in voltage optimization control.

C. Data-Driven Sensitivity Matrix Calculation

With incomplete model parameters, the high-precision
global linear power flow equation can be trained based on
historical data. Based on linear power flow matrix C, a more
accurate sensitivity matrix X can be derived and used in
voltage optimization model (16), and hence voltage optimal
control independent of parameters can be realized.

The element in the i-th row and j-th column of the sensi-
tivity matrix X can be represented as Xij . For convenience,

we define that it represents sensitivity of voltage magnitude
of node i to reactive power of node j.

In fact, linear power flow matrix C reveals the linear
relationship between node voltage and reactive power. There-
fore, accurate sensitivity can be derived based on the global
linear power flow equation. Specifically, sensitivity Xij can
be calculated according to

Xij =
∂Vi
∂∆qj

= Cij +

n∑
t=1

(
Ci,(K+k) ·

∂ψk(x)

∂∆qj

)
(26)

where Cij represents the linear relationship between voltage
magnitude of node i, Vi, and reactive power adjustment of
node j, ∆qj , Ci,(K+k) represents the linear relationship be-
tween voltage magnitude of node i, Vi, and the k-th augmented
input variables ψk(x), and the partial derivative term on the
right side can be calculated according to

∂ψk(x)

∂∆qj
=

(∆qj − ckj) ln
(
e
√∑K

t=1(xt − ckt)2
)

√∑K
k=1(xt − ckt)2

(27)

Therefore, value of sensitivity Xij between any node volt-
age and reactive power can be obtained based on linear power
flow matrix C trained by offline data-driven training, basis
vector ci, and reactive power adjustment measurement ∆qj .
Using global sensitivity result X , complete wind farm voltage
optimization model (15) and (16) can be constructed.

In practical applications, linear power flow matrix C can
be regarded as a constant parameter after offline training. It
is unnecessary to update value of C frequently if wind farm
topology remains unchanged. On the other hand, sensitivity
matrix X can be calculated in an online manner according to
(26) and (27) based on linear power flow matrix C according
to operation state of the wind farm. Reactive power regulation
instructions of wind turbines and SVG can be obtained by
solving the online optimization model. To deal with change
of operation state, sensitivity matrix X and the optimization
model should be updated periodically to realize online optimal
voltage control. The complete process of the proposed model-
free voltage control method based on lift-dimension linear
power flow is shown in Fig. 2.

Owing to simple sensitivity calculation without repetitive
data-driven training, and simple linear constrained form of the
optimization model, the proposed method can meet require-
ments of fast dynamic voltage control and response to AVC
command.

IV. CASE STUDY

A. Basic Test System and Parameters

Case study simulation is carried out based on real param-
eters and operation data from an actual wind farm located in
Ningxia Autonomous Region, China. The feeder topology of
the wind farm is shown in Fig. 3.

As shown in the figure, there are 48 wind turbines in the
wind farm, with a total installed capacity of 120 MW and a
SVG of which the capacity is 40 MVar. The wind turbines are
divided into 5 groups, which are connected to different nodes
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Fig. 2. Complete process of the model-free voltage control method based
on lift-dimension linear power flow.
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Fig. 3. Topology of the wind farm for case study.

of 35 kV feeders, and the SVG is connected to 35 kV bus
in the substation, which is connected to 110 kV power grid
through a 110/35 kV transformer.

B. Data-Driven Power Flow Analysis

To validate the performance of the data-driven linear power
flow model, we construct the historical sample sets by using
500, 1,000, and 2,000 samples, respectively. Actual data record
of active and reactive power output on 0:01 am, June 1st,
2021, is taken as initial condition. To cover more different
situations, taking the initial condition as the active power
and reactive power benchmark, training data are generated
by scaling the initial condition with random coefficients. For
each training sample, power flow calculation is executed by
using MATPOWER, and the wind turbine voltage results are
also taken as training samples (output samples). The training
data are utilized to obtain the linear power flow matrix C.
Besides, we also generate 1,000 groups of test samples by
scaling the initial condition with other random coefficients.
The power flow results based on the proposed method (PM)
model is compared with the reference method (RM) in [18],
and the maximum errors and average errors of node voltage
are shown in Table I. For convenience of readers to obtain
the original sample data, the training data file is uploaded to
Google drive [25].

As seen from Table I, the power flow results based on the
proposed method possesses satisfactory high accuracy than
the reference method in [18]. The advantage of our proposed
method is that the augmented dimension can be adjusted to
further improve the accuracy, and when the historical sample
number is small, the accuracy improves with the increase of
the historical sample number and lifted dimensions. It also can
be concluded from the results shown in Table I that, when
the number of historical sample set is sufficiently large, with
the increase of the number of historical sample set and lifted
dimensions, both the maximum error and the average error
of power flow results tend to be stable. In other words, the
proposed data-driven method can realize a satisfactory power
flow analysis by using training samples without very large
size. In the subsequent case analysis, the number of sample
set is 2,000, and the lifted dimension is also set to be 2,000.

As a data-driven method, the proposed voltage control
may be affected by data quality, and inevitable measurement
errors may deteriorate the accuracy of power flow calculation.
In order to further analyze the influence of data on this
method, taking accurate power flow results of 2,000 groups of
sample data, obtained from power flow calculation by using
MATPOWER, under normal conditions as benchmark, and
500 groups, 1,000 groups and 2,000 groups of samples are
randomly selected to add random disturbances within the range
of ± 0.1% of real values to represent measurement errors. By

TABLE I
ERROR COMPARISON OF POWER FLOW RESULTS

Number of Historical
Sample Set

Lifted
Dimensions

Maximum Error (p.u.) Average Error (p.u.)
PM RM PM RM

500 1500 6.91 × 10−4 2.3 × 10−3 3.91 × 10−5 3.9 × 10−4

500 2000 6.81 × 10−4 2.3 × 10−3 3.13 × 10−5 3.9 × 10−4

1000 1500 6.84 × 10−4 1.1 × 10−3 3.74 × 10−5 4.16 × 10−5

1000 2000 6.31 × 10−4 1.1 × 10−3 2.72 × 10−5 4.16 × 10−5

2000 1500 6.4 × 10−4 1.3 × 10−3 2.94 × 10−5 3.7 × 10−5

2000 2000 5.27 × 10−4 1.3 × 10−3 2.33 × 10−5 3.7 × 10−5
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using the proposed data-driven method, the voltage profiles
under different sample sets are shown in Fig. 4.
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Fig. 4. Comparison of power flow accuracy under different groups of errors.

It obvious that, Fig. 4 validates that the power flow profiles
under the proposed method with measurement errors are very
close to the result with accurate training data. In other words,
although sample size and data quality have an effect on the
performance of the proposed method, a satisfactory power flow
result can be guaranteed under normal sample sizes and errors.
In fact, measurement errors are usually in normal distribution
around real values, if measurement equipment is qualified.
Therefore, the adverse effect of data accuracy can be limited to
minimum extent, if only the sample size is sufficiently large.

On the other hand, the proposed data-driven power flow
training is independent of model parameters, and therefore
it can withstand the negative impact of parameter errors. In
this way, power flow calculation accuracy can be improved
and applied to different scenarios. In order to verify influence
of parameter errors on the data-driven model and traditional
physical model-based method, we add 15% error and 20%
error to feeder parameters. At the same time, the method
proposed in this paper is compared with the reference method
in [18], and result comparison is shown in Fig. 5.

It can be concluded from Fig. 5 that, with inaccurate
parameters, the power flow results based on Newton-Raphson
method suffer from serious deviation, and the deviation fur-
ther increases with greater parameter errors. In contrast, the
proposed data-driven lift-dimension power flow exhibits very
close results to the results based on fully accurate model. Since
the value range of the training data may not cover the actual
scenario of the wind farm, the linear power flow in [18] suffers
from limitations, and results in errors in the voltage profile
results. Compared with the results shown in Fig. 4, we can
easily draw a conclusion that the influence of data accuracy
under the proposed method is much smaller than parameter
accuracy under model-based method. The comparison verifies
the superiority of the proposed data-driven method over tradi-
tional methods, which ensures the applicability and robustness
under different conditions.
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C. Voltage Control Analysis Under Accurate Parameters

1) Voltage control under normal conditions
In this scenario, voltage control performance under normal

fluctuation is discussed. Voltage of the primary-side bus in
the substation is assumed to be 113.3 kV (1.03 in p.u.
value), the droop coefficient is set to be 125 MVar, and total
reactive power output of the wind farm via the substation
is calculated according to the droop characteristics between
the wind farm reactive power output and the primary-side bus
voltage. Therefore, a voltage optimization model is constructed
considering wind farm external characteristics requirement.

The voltage profile in the wind farm is shown in Fig. 6,
and reactive power adjustment of wind turbines and SVG
is shown in Fig. 7, where positive adjustment value repre-
sents increasing reactive power consumption. For comparison,
results under optimal power flow method based on a fully
accurate model are also shown in Fig. 6. In response to voltage
fluctuation of the primary-side bus of substation, the proposed
model-free method can meet the AVC requirement with more
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Fig. 6. Voltage control performance under normal conditions.
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conditions.

reasonable voltage profile inside the wind farm. Besides, node
voltage in the wind farm is maintained within the security
range, which avoids overvoltage at the end of feeders before
adjustment. Compared with optimal power flow method with
accurate model, the average node voltage is smaller, which
demonstrates performance of the proposed method.

According to reactive power adjustment amount of wind
turbines in the wind farm, we execute power flow calculation
based on accurate model to analyze active power loss. Table II
shows relevant results of active power loss in the wind farm.
As seen from Table II, by utilizing the proposed model-free
voltage control method, serious voltage deviation is signifi-
cantly mitigated, and hence active power loss can be reduced,
which consequently saves operation cost of the wind farm.

TABLE II
MAXIMUM VOLTAGE AND ACTIVE POWER LOSS IN THE WIND FARM

Variables 1st Test 2nd Test 3rd Test
Maximum Voltage Before
Voltage Control

1.067 1.069 1.064

Maximum Voltage After
Voltage Control

1.048 1.049 1.048

Active Power Loss Before
Voltage Control

2.34% 2.53% 2.67%

Active Power Loss After
Voltage Control

1.85% 2.02% 2.12%

Reduced Active Power Loss 0.59% 0.51% 0.55%

2) Voltage Control Under Extreme Conditions
In this scenario, voltage control performance under extreme

fluctuation is discussed. Voltage of the primary-side bus in
the substation is assumed to be 1.04 in p.u. value, and droop
coefficient is 125 MVar. Due to high PCC voltage, average
voltage of the wind farm will increase. Moreover, assuming
active power output of the wind farm is close to maximum
capacity, voltage magnitude at the end of each feeder may
exceed upper limit seriously. The voltage profile in the wind
farm under the proposed method is shown in Fig. 8. For
comparison, the voltage profile under optimal power flow
with accurate model is also shown in Fig. 8. As seen from
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Fig. 8. Voltage control performance under extreme conditions.

results, under extreme operating conditions, node voltage
inside the wind farm violates upper bound severely, whereas
the proposed method can still maintain wind turbine terminal
voltage within the security range 0.95∼1.05. Compared with
optimal power flow method with accurate model, the voltage
profile is more balanced.

Reactive power adjustment of wind turbines and SVG is
shown in Fig. 9, where positive adjustment value represents
increasing reactive power consumption. It can be concluded
reactive power adjustment of each wind turbine meets con-
straints of wind turbine capacity. With adequate external output
characteristics of the wind farm according to AVC command,
the proposed method eliminates overvoltage problem and
minimum reactive power adjustment is realized.
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D. Voltage Control Analysis Under Inaccurate Parameters

This case focuses on voltage control performance under in-
accurate parameters. The proposed model-free voltage control
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method is compared with traditional sensitivity-based volt-
age control method using inaccurate parameters, and optimal
power flow-based voltage control method using inaccurate
parameters. A simulation test is carried out with 15% deviation
added to real feeder impedance parameters of the wind farm.
Voltage control results are shown in Fig. 10, and reactive
power adjustment under the 3 methods is shown in Fig. 11.
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Fig. 10. Voltage control performance under inaccurate parameters.
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Compared with traditional sensitivity-based voltage control
method, the proposed model-free global linear voltage control
method is unaffected by inaccurate parameters. With increase
of parameter errors, superiority of the proposed method over
traditional model-based sensitivity method is more prominent.
Compared with the optimal power flow-based voltage control
method, the proposed model-free global linear voltage control
method applies to a wider range, and the voltage optimization
model possesses simpler form, which makes the proposed
method have higher solution efficiency adaptive to online
applications. In conclusion, the proposed method exhibits ad-
vantages on parameter dependency and calculation efficiency
over model-based methods.

V. CONCLUSION

Increasing penetration of wind power generation necessi-
tates reactive power and voltage autonomous control of wind
farms. In addition to meeting the external requirement of
AVC, a wind farm should improve inside voltage profile
and avoid overvoltage by regulating reactive power of wind
turbines. This paper presents a model-free reactive power and
voltage optimal control method of wind farms based on data-
driven linear power flow. By utilizing Koopman operator-based
method, a linear power flow model of wind farm is constructed
by using state space mapping and lift-dimension linearization.
Considering reactive power devices such as wind turbines and
SVG, global sensitivity is derived based on data-driven power
flow. Sensitivity is a global result instead of local linearization
around the equilibrium point, and the value can apply to a wide
range if network topology remains unchanged. Besides, the
reactive power and voltage linear online optimization model
is established. Taking minimum reactive power adjustment of
wind turbines and SVG as objective functions, the proposed
model-free voltage control method can realize optimal reactive
power distribution, effectively reduce active power loss, and
satisfy the requirement of rapid voltage control response of
wind farms. Simulation results validate the proposed method
has significant advantages on parameter dependency and cal-
culation efficiency over model-based methods.
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