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Abstract: In order to reduce the negative influence of wind speed randomness and prediction error
on frequency modulation, the reliability of the wind storage system was assessed effectively. In the
wind storage frequency modulation system, a state of charge (SOC) adaptive adjustment method for
wind speed randomness is proposed. Firstly, through the correlation analysis between the standby
capacity of frequency modulation and the output power of wind turbine, the uncertainty of its
frequency modulation capacity is revealed. Secondly, in view of the uncertainty of wind turbine
frequency modulation, the output power of energy storage frequency modulation is optimized with
the goal of minimizing the frequency modulation power deviation of the wind storage front under the
framework of model predictive control, and the improved whale optimization algorithm (WOA) is
used to solve the problem. Finally, the simulation results show that, under the given 5 min continuous
disturbance, the root mean square of frequency regulation of the proposed restoration method is
reduced by 56.65% compared to the SOC recovery base point set to 0.5. Under continuous large
perturbations, the maximum frequency deviation is reduced by 0.0455 Hz. This effectively shows
that this method can not only improve the frequency modulation reliability of wind power system
but also improve the continuous frequency modulation capability of energy storage system.

Keywords: frequency regulation; wind storage system; model prediction control; SOC; self-adaptation

1. Introduction

In the end of 2019, the Global Wind Energy Association announced that the cumulative
installed capacity of wind power reached 410,000 MW, accounting for 21% [1]. However,
the large-scale grid connection of wind farms and other new energy sources with random
and unpredictable output and no independent frequency modulation capability [2] brings
great challenges to the stability of power grid frequency [3–5].

In recent years, in order to ensure the frequency stability of power grids including
wind power systems, wind power is considered to have frequency modulation functions
such as frequency modulation reserve capacity and inertial response. Many relevant
guidelines or norms have been developed in European and North American countries
for wind power to participate in frequency modulation of power systems [6,7]. China
has also promulgated or revised a series of technical specifications or standards, which
clearly specify the technical requirements for connecting wind farms and photovoltaic
power stations to the grid. For example, the Technical Standards for Grid-connected
Wind Power [8] and the Technical Regulations and Test Guidelines for Primary Frequency
Modulation of Grid-connected Power Supply [9] (GB/T40595-2021), which were scheduled
to be implemented on 1 May 2022, clearly require wind farms to have primary frequency
modulation capability. In this context, the study of frequency modulation technology
involving wind farms in power grids has developed rapidly, but refs. [10,11] point out that,
even on the time scale of primary frequency modulation, the change in wind speed may
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cause frequency deterioration. Authors of [12,13] further show that wind speed randomness
and prediction errors significantly affect the ability of wind turbines to reliably participate
in frequency modulation. Therefore, it is urgent for high-quality frequency modulation
resources such as energy storage to provide auxiliary frequency modulation means to meet
the frequency modulation requirements of the system [14]. However, state of charge (SOC),
as one of the key factors for the efficient utilization of energy storage [15,16], must consider
its management in the frequency modulation process. Authors of [17] propose that, in the
isolated island state, the frequency modulation reliability of air storage and SOC recovery
base point are optimized by taking the minimum deviation of the frequency modulation
power of air storage as the goal. The results show that the proposed method can effectively
improve the frequency modulation reliability and the continuous frequency modulation
capability of energy storage. In [18], a microgrid energy optimization scheduling strategy
based on the SOC state of energy storage to improve the utilization rate of renewable
energy is proposed.

To sum up, most of the existing studies on SOC self-recovery take 0.5 as the base
point, and there is a lack of a method to determine the base point of SOC recovery that
can meet the reliability requirements of wind power frequency modulation and adapt to
changes in wind speed. In view of this, a frequency regulation adaptive control strategy
of wind energy storage system for wind speed uncertainty is proposed in this paper. Its
main contribution is that the energy storage adaptively follows the wind power output
curve to optimize the frequency modulation power of wind storage in real time, which can
improve the continuous frequency modulation capability of energy storage and reduce the
number of charge and discharge times of energy storage while ensuring the reliability of
frequency modulation.

The rest of the paper is structured as follows: Section 2 presents the wind power
frequency modulation uncertainty model; Section 3 presents the adaptive adjustment
strategy of energy storage SOC; Section 4 contains the model’s solving process. Section 5
comprises the simulation analysis, and Section 6 consists of the conclusion.

2. Study on Frequency Modulation Uncertainty Mechanism of Wind Turbine

The fan frequency modulation control principle is shown in Figure 1, where d% is the
reserve power factor for frequency modulation, and ∆P is the reserve power.
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The mechanical power (Pm) generated by wind generators is related to the air density
ρ, the wind speed v, the pitch angle β, the sweep radius r of wind turbine blades, and the
wind energy utilization coefficient Cp. Based on aerodynamic principles, the expression is
given as follows [19]: 

Pm = 1
2 ρv3πr2Cp(λ, β)

Cp(λ, β) = 0.22
(

116
λi

− 0.4β − 5
)

e
−12.5

λi

λ = rω
v

(1)
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At the present stage, the load reduction mode is mainly adopted to enable wind
turbines to have bi-directional frequency modulation capability [19]. If the wind turbines
operate with the load reduction coefficient d%, the standby power of frequency modulation
is shown in (2), and the power–speed characteristic curve is shown in Figure 2.

∆Pwind = Pmd =
1
2

ρv3πr2Cp(λ)d% (2)

∆Pwind = Ki∆ f (3)

where Ki is the frequency modulation constant of the system.
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In Figure 2, when the wind speed is less than 6.7 m/s (start-up stage), the wind turbine
is generally in the shutdown state without any frequency modulation ability. When the
wind speed is between 6.7 and 11.7 m/s, the maximum power tracking area adopts the
overspeed load reduction frequency modulation control mode, as shown in the middle
point E in the figure. After overspeed load reduction, it runs at point F, and the adjustment
capacity is ∆P1 = d% ∗ PoptE. When the wind speed is 11.7~13 m/s, that is, the constant
speed zone, because the speed is close to the rated speed, the adjustable range is small. If
the frequency modulation ability does not meet the demand at this time, combined with
the pitch load reduction control, the overspeed load reduction from point A to point B,
and then the variable paddle load reduction to point C, the adjustable power is ∆P2 = d%
∗ PoptA. When the wind speed is greater than 13 m/s, that is, the constant power zone,
and the maximum rated power is the output, only the pitch load reduction control can be
carried out. In the figure, the load reduction from M point to N point can be carried out
through the pitch. Thanks to PoptM > PoptA > PoptE, therefore, ∆P3 > ∆P2 > ∆P1, it is not
difficult to find that the frequency modulation ability of wind farms, which varies with
wind speed and is unstable.

When the predicted power error of wind power is ∆P, then, the frequency-modulated
standby power error is ∆P × d%. By substituting the frequency-modulated standby power
error into Equation (3), the frequency deviation caused by wind power prediction error can
be written as follows:

∆ f1 =
∆P × d%

Ki
(4)

It can be seen from Equation (4) that the standby capacity of wind turbine frequency
modulation is one of the important factors affecting the reliability of frequency modulation.

3. SOC Adaptive Adjustment Strategy for Wind Speed Randomness

There are two operational requirements for energy storage-assisted wind farms to
participate in frequency regulation: (1) maintain reasonable SOC and (2) improve the



Energies 2024, 17, 2523 4 of 14

frequency modulation reliability of the air storage system. It is worth noting that, in most
previous studies, SOCref recovery base point (SOCref) was set as the fixed point 0.5 [16].
However, in wind power systems, due to the randomness of wind speed, SOCref is set
as the reference point, which may cause the energy storage to need frequent charging
and discharging to recover its SOC, which will not only shorten the service time of the
energy storage but also bring instability to the power grid. Therefore, an SOCref adaptive
adjustment method based on the randomness of wind speed is proposed in order to
maintain the SOCref within the planned range, so as to improve the reliability of its output
during frequency modulation and avoid the influence of frequent charge and discharge on
the service life of energy storage.

To damp the power deficit/redundancy of wind power frequency modulation caused
by wind speed fluctuations, the SOCref needs to be increased to make up for this part
of the power deficit when wind speed decreases, and SOCref needs to be lowered when
wind speed increases to store this part of redundant power. In summary, the basic point
adjustment method is shown in Figure 3.
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According to Figure 3, the method of adaptive adjustment of SOCref according to the
randomness of wind speed proposed in this paper is as follows:

(1) If the perturbation ∆PL(t + 1) = 0 is predicted at the next time, the SOCref remains
unchanged;

(2) If the perturbation quantity ∆PL(t + 1) > 0 is predicted at the next time; at this time,
more space should be reserved to store the redundant power generated by the increase
in wind speed at the next time, and SOCref should be lowered;

(3) If the perturbation quantity ∆PL(t + 1) < 0 is predicted at the next time; at this time,
more power should be stored to make up for the power loss caused by the decrease in
wind speed at the next moment, and SOCref should be increased.

According to the above ideas, if the current moment is known and the wind speed
is predicted at the next moment, the fluctuation of wind power frequency modulation
(∆Pwind(t)) in the next sampling interval can be predicted, namely, the frequency modula-
tion output power (∆PES(t)) in the period of energy storage. Therefore, the current energy
storage SOC base point value (SOCref(t)) can be known.

∆Pwind(t) = [Pm(t + ∆t)− Pm(t)]× d% (5)

∆Pwind(t) = ∆PES(t) = ∆SOC(t)× EN (6)

SOCref(t) =
{

SOCmax − ∆SOC(t), Charging
SOCmin + ∆SOC(t), Discharge

(7)

where ∆t is the sampling interval, and EN is the rated energy storage power.

4. Optimization Model Based on Model Predictive Control
4.1. Introduction to Model Predictive Control

The basic principle and rolling optimization process of MPC are shown in Figures 4 and 5.
Its core steps are as follows:

(1) Based on the current moment k and the current state x(k), the state of the system in
the future (k~k + p∆t) is predicted, and then, we obtain the future control instruction
sequence at time k + m∆t, i.e., k + ∆t, k + 2∆t....

(2) Only the first control instruction in the optimal control sequence is applied to the system;
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(3) At the time of k + ∆t, the system state is updated to x(k + ∆t) with the actual control
effect as the feedback information. A revised forecast model is obtained based on new
forecast information. Then, the preceding steps are repeated.
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4.2. Evaluation Equation

Based on rolling optimization and advanced control ideas, the model prediction
control (MPC) can effectively solve the frequency modulation uncertainty caused by the
randomness of wind speed. According to the relationship between variables, the MPC
state space model is established, as shown in Equations (8) and (9). According to the
ultra-short-term forecast data of the output and load of wind turbine, the above state space
model is iterated repeatedly, and the vector Yf composed of the estimated output value of
the energy storage SOC in the control time domain m∆t can be obtained. As shown in the
upper part of Equation (10), in the period m∆t ahead of the current moment, the vector
Rref formed by the planned value of energy storage SOCref (determined according to the
day-ahead SOC scheduling plan) is the tracking control target, as shown in the following
part of Equation (10). With the goal of minimizing the error between the estimated output
value and the planned value of the energy storage SOCref, the rolling optimization control
is transformed into the quadratic programming problem as shown in Equation (11).

x(k + ∆t) =


PWT(k + ∆t)
PES(k + ∆t)
SOCES(k + ∆t)
Pgrid(k + ∆t)

 =


1 0 0 0
0 1 0 0
0 −∆t

WESN
1 0

0 0 0 1




PWT(k)
PES(k)
SOCES(k)
Pgrid(k)



+


1 0
0 1
0 −∆t

WESN
−1 −1

[ ∆PWT(k)
∆PES(k)

]
+


0 0 0
0 0 0
0 0 0
1 −1 1


 ∆PL(k)

∆PWTY(k)
∆PESD(k)


(8)
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y(k) = [SES(k)] = [0 0 1 0]
[

PWT(k)PES(k)SES(k)Pgrid(k)
]T

(9) Yf =
[
SOCES− f (k + ∆t) . . . SOCES− f (k + m∆t)

]T

Rre f =
[
SOCES−re f (k + ∆t) . . . SOCES−re f (k + m∆t)

]T (10)


minJ = (Rre f − Yf )

T H(Rre f − Yf ) + UTGU
s.t. PWT−min ≤ PWT ≤ PWT−max
∆PWT−min ≤ ∆PWT ≤ ∆PWT−max
PES−min ≤ PES ≤ PES−max
SOCmin ≤ SOCES ≤ SOCmax

(11)

4.3. Whale Algorithm Optimization Evaluation Equation

Compared to the classical particle swarm optimization (PSO) and differential evolution
algorithm (DE) with 11 well-known benchmark functions, the results of the experiments
showed that the WOA was effective in solving optimization problems [20,21]. Therefore,
WOA was chosen to solve the problem in this paper.

Whale algorithm (WA) is mainly divided into three stages: marking stage, hunting
stage, and searching stage. After spotting prey, the whale will perform a spiral narrowing
of the circle, and its position will be updated as follows:

X(t + 1) =
{

X′(t)− A ∗ D, p < 0.5
D′ebl cos(2πl) + X′(t), p ≥ 0.5

(12)

{
D = |C ∗ X′(t)− X(t)|

D′ = |X′(t)− X(t)| (13)

where p [0, 1] is a random number, and when p < 0.5, it can be considered that the whale
population will perform a narrowing circle behavior and move closer to the position of prey.
When p ≥ 0.5, the whale population will perform a spiral hunt to prey more accurately. t
is the number of current iterations; X′(t) is the current prey position; X(t) is the current
whale position; b and l are spiral path parameters, where b is a constant, and l is the random
number between [−1, 1]; D and D′ are the distances between prey and whales; A and C are
coefficient vectors, which are defined as follows:

A = 2sr1 − s, C = 2r2 (14)

s = 2 − 2t
Tmax

(15)

where s is the convergence factor, whose value belongs to [0–2], resulting in the late iteration
of the algorithm that is always less than 1. When |s| < 1, the algorithm does not have
global search capability. r1 and r2 are [0, 1] random numbers. Tmax is the maximum number
of iterations.

In order to improve the global search capability of whale algorithm, whales need to
search for new prey in the solution space in addition to encircling hunting behavior. The
position update formula is as follows:

X(t + 1) = Xrand(t)− A•D (16)

D = |C•Xrand(t)− X(t)| (17)

where Xrand(t) is the whale individual random position, and when |A| > 1, by A type (16),
the whales will randomly update their location away from the prey, and when |A| ≤ 1,
hunting whales surrounded the implemented prey.

It is not difficult to find from the above analysis that the traditional WA is difficult to
jump out of the local optimal solution in the late iteration period and lacks the global search
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ability. Moreover, it also has certain limitations in the search for the local optimal solution
in the optimization process. Therefore, a nonlinear convergence factor s is proposed to
improve the global search capability of the algorithm. In order to improve the global search
ability in the early stage and local fine search ability in the late stage, adaptive weight η was
added into the whale population position updating formula. The nonlinear convergence
factor s and the adaptive weight η are shown as follows:

s = si − (si − sn)(
t

Tmax
)

2
(18)

η = ηmin + (ηmax − ηmin)×
1

1 + e(kt/Tmax−µ)
(19)

where si and sn are initial and final values, respectively. In the early stage of whale algorithm
optimization, the value of s is large, and the decline rate is slow, while in the late stage
of whale algorithm optimization, the decline rate of s is accelerated, which is conducive
to algorithm convergence. ηmin and ηmax are the maximum inertial weights. k and µ are
curvature-adjusted quantities, and the values of k and µ directly affect the decline rate of η.
The updated formula of the improved adaptive whale algorithm is as follows:

X(t + 1) =
{

ηX′(t)− A•D, p < 0.5
D′ebl cos(2πl) + ηX′(t), p ≥ 0.5

(20)

X(t + 1) = Xrand(t)− ηA•D (21)

4.4. Model Solving Steps

The proposed algorithm flow is shown in Figure 6. The implementation steps are
as follows:

(1) Parameter initialization: Let the current optimal scheduling time be t = 1 and the
optimization interval be 15 min. Obtain the load demand and output value of wind
turbine and photovoltaic turbine every 15 min in the next 24 h.

(2) Initialization of whale algorithm: different whale positions and velocities represent
different micro-source scheduling plans and adjustment sizes.

(3) Calculate the objective function: The optimization objective is to minimize the fre-
quency deviation from the current moment to the last moment, and the optimal
decision variable sequence is shown in Equation (9). And the first value of the se-
quence in Equation (9) is sent as a scheduling reference value.

(4) Update the SOC value of energy storage, whale position, and speed: The SOC value
is updated with the measured load, wind power, and photoelectric output value, and
the actual charge/discharge power of the energy storage is fine-tuned. The measured
information is used to achieve a closed-loop optimization process and improve the
optimization effect.

(5) Iterative update: let t = t + 1, and then, repeat steps (2)–(5) until t = N, to gradually
solve the optimal P(t) adjustment value at each moment.
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5. Simulation Analysis
5.1. Basis of Simulation

The dynamic model of primary frequency modulation in a region containing the wind
storage system is shown in Figure 7. The unit capacity of the power grid is 200 MW, the
maximum load is 160 MW, and the proportion of new energy is 40%. The parameters are
standardized based on the unit capacity of 1000 MW. Parameters of the simulation model
are shown in Table 1 [18], and load reduction coefficient of wind turbine d% = 10%.
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Table 1. Simulation model parameters.

Parameter Name Value Parameter Name Value

WESN (MWh) 0.5 D (p.u.) 1
EN (MW) 1 H (s) 5
KG (p.u.) 20 FHP (p.u.) 0.5

TG (s) 0.08 Kmax (p.u.) 24
TCH (s) 0.3 TES (s) 0.01
TRH (s) 10 TWT (s) 0.01
SOCmax 0.9 SOCmin 0.1
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Under the two working conditions of short-time continuous step disturbance and
5 min continuous disturbance, the frequency modulation effects of three different control
strategies, no energy storage (SOC = 0), SOC restoration base point constant value of 0.5
(SOC = 0.5), and dynamic SOC (DSOC) restoration base point method, proposed in this
paper are simulated and analyzed. In the example, the disturbance refers to the algebraic
sum of the load disturbance and the new energy disturbance. At the same time, a frequency
modulation evaluation index was defined for the quality of frequency modulation effect
of quantitative analysis. For step disturbance, the index was the maximum frequency
deviation (∆f max).

∆ fmax = fmax − f0 (22)

where f 0 represents the reference frequency of 50 Hz.
For continuous disturbance, the root mean square of frequency deviation (Rf) and root

mean square of SOC (Rsoc) are used as frequency modulation evaluation indexes.

R f =

√
1
n

n

∑
i=1

( fi − f0)
2 (23)

Rsoc =

√
1
n

n

∑
i=1

(SOCi − SOC0)
2 (24)

where fi and SOCi are the frequency and SOC of moment i; SOC0 is the recovery base point
value; and smaller Rf and Rsoc values indicate better frequency modulation effect and SOC
maintenance effect.

5.2. Short-Time Continuous Step Disturbance Condition Analysis

The 0.005 p.u. step disturbance is given at 5 s and 0.015 p.u. at 15 s. Step disturbance
of −0.065 p.u. is given at 25 s. The disturbance curve is shown in Figure 8, and the
simulation duration is 50 s. Frequency response curves under different control methods are
shown in Figure 9, energy storage output and SOC curves are shown in Figures 10 and 11,
respectively, frequency modulation power increment in conventional units is shown in
Figure 12, and the relevant frequency modulation indexes are shown in Table 2.
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Table 2. Regulation index statistics.

Index
(Hz)

Time of
Disturbance

Frequency Modulation Method
SOC = 0 SOC = 0.5 DSOC

∆f max

5 s −0.0561 −0.0451 −0.0446
15 s −0.1252 −0.1022 −0.0775
25 s 0.2338 0.1658 0.1203

As seen in Figure 6, in the disturbance period, ∆f max is significantly greater than
that of the frequency modulation mode in which energy storage participates, indicating
that energy storage can effectively improve the frequency deviation. In Figure 8, with the
method of fixing SOC, at 10 s, when the frequency enters the new steady state, SOC begins
to recover to around 0.5. At this time, due to the large change in recovered power, the
frequency is obviously affected, as shown in Figure 9, and frequency disturbance occurs at
10 s. At 25 s, when a large step disturbance occurs, the SOC value in the fixed SOC method
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is around 0.45, and the energy storage space is limited at this time. As a result, the frequency
modulation reaches the SOC saturation state in the later stage and exits, thus leading to a
large steady-state frequency deviation. However, the DSOC method adopts the recovery
of SOC base point based on disturbance uncertainty, and its SOC base point adaptively
adjusts with wind speed prediction. When the disturbance is predicted for 10 s to 15 s, the
disturbance increases, but the SOC can meet the demand of frequency modulation at this
time, so the recovery is not carried out. When the disturbance is predicted for the next time
at 25 s, in order to provide more storage space, the SOC remains at a low state and does
not need to be restored, which effectively reduces the number of energy storage recovery
and charge and discharge times of energy storage. In addition, according to the data in
Table 2, the ∆f max of the proposed DSOC method is lower than that of other energy storage
frequency modulation methods under any step disturbance, which effectively demonstrates
the superiority of this method.

5.3. Continuous Disturbance Condition Analysis

This section verifies the universality of the proposed method under the continuous
load curve shown in Figure 12. Figure 13 is the frequency response curve, Figures 14 and 15
are the energy storage power curve and the SOC curve, respectively, and the frequency
modulation index results are shown in Table 3.

Table 3. Frequency modulation index statistics.

Index
Frequency Modulation Method

SOC = 0 SOC = 0.5 DSOC

Rf 0.115 0.591 0.365
Rsoc - 0.203 0.088
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As seen in Figure 10, in the continuous disturbance condition, the frequency deviation
value of the mode without energy storage is still greater than that of the mode with energy
storage, indicating that energy storage can effectively improve the frequency modulation
effect. In the DSOC frequency modulation mode, the recovery base point of energy storage
SOC changes with the trend of disturbance. When the disturbance develops from positive
to negative, the energy storage changes from discharge to charge in this process, and
the corresponding SOC recovery base point changes from small to large. At this time,
discharge can be used to deal with the frequency fluctuation caused by the system power
deficiency. In the long run, the effect of frequency adjustment and SOC maintenance will be
weaker than that of DSOC. This is because when SOC is near 0.5, the probability of energy
storage saturation or depletion under large disturbance is much greater than that of SOC
adaptive recovery base point method, as shown in Figure 8. In addition, in the process of
continuous recovery, it can increase the frequent start-up times and frequency disturbance
times of conventional units, thus increasing the mechanical wear cost and reducing the
frequency modulation effect, which effectively indicates that the SOC recovery base point
method proposed in this paper can adapt to the disturbance trend, is more conducive to the
long-term stability of frequency and the maintenance of SOC, and improve the operation
economy of energy storage.

According to the data in Table 3 and Figure 12, the SOC offset of the DSOC method is
56.65% smaller than that of the fixed SOC method based on the planned SOC value, and the
SOC maintenance effect is the best. This is mainly because the SOC = 0.5 method cannot
automatically adjust the SOC base point according to the disturbance trend, but restores it
to around 0.5, thus increasing the deviation.

6. Conclusions

In order to improve the frequency modulation reliability of the wind storage system,
a frequency modulation control method based on the SOC recovery base point oriented
to wind speed uncertainty is proposed. Through simulation under different working
conditions, the following conclusions can be drawn:

(1) At 25 s, when a large step disturbance occurs, the SOC value in the constant SOC
method is around 0.45, and the energy storage space is limited at this time, result-
ing in the late SOC saturation state and the withdrawal of frequency modulation,
∆f max =0.1658 Hz, while the DSOC method adopts the SOC base point recovery based
on disturbance uncertainty. The SOC base point adaptively adjusts with the wind
speed prediction, and the disturbance will increase when 10 s is predicted to be 15 s,
but SOC can meet the frequency modulation demand at this time, so no recovery is
carried out. However, when a large disturbance is predicted at 25 s for the next time,
SOC remains at a low state in order to provide more storage space, and no recovery is
required. And ∆f max =0.1203 Hz, increased by 0.0455 Hz, which not only effectively
reduces the maximum frequency deviation but also effectively reduces the number of
energy storage recovery and the number of energy storage charge and discharge.
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(2) Based on the planned SOC value, the SOC offset of the DSOC method is 56.65% smaller
than that of the fixed SOC method, and the SOC maintenance effect is the best.

To sum up, the SOC adaptive recovery base point control strategy proposed in this
paper comprehensively considers the current SOC state and the disturbance trend and
adaptively adjusts the recovery base point of energy storage SOC, which not only improves
the reliability of energy storage FM but also takes into account the maintenance effect of
energy storage SOC.
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