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Abstract: In recent years, the world has been actively promoting the development of wind power,
photovoltaic, and other new energy. The inherent randomness and intermittency of wind power
output have led to the reduction of supply-side controllability and stability, and the power system is
facing severe challenges. Aiming at the irregular fluctuation of wind power output and the restriction
between the charge and discharge depth and service life of hybrid energy storage equipment, a
hierarchical control strategy for a hybrid energy storage system based on improved GA-SVR wind
power prediction is proposed. First of all, the short-term prediction of wind power output is
carried out using Support Vector Regression (SVR), and the improved genetic algorithm is used for
optimization. Then, the result obtained from the prediction calculation is used as the wind power
output, and the internal initial power of each energy storage element is obtained through the hybrid
energy storage capacity configuration method and further controlled through hierarchical control
regulation. Finally, a simulation experiment is carried out on the proposed control strategy. The
simulation algorithm shows that the proposed method can not only enhance the effective output of
new energy but also extend the service life of energy storage and ensure the safe and stable operation
of the power system.

Keywords: wind power prediction; hybrid energy storage; hierarchical control; wind power; improved
genetic algorithm

1. Introduction

In the past few years, in order to change the energy pattern dominated by fossil energy,
it has become imperative to promote the development of new energy sources [1]. Under
the strategic goal of “carbon peak and carbon neutralization”, wind power generation, as
a renewable environmentally friendly power source, has been increasing its share in the
power resources. However, with the gradual increase in the installed scale of wind power
generation, the volatility and randomness of large-scale wind power grid connection due
to climatic conditions have aggravated the uncertainty of power system operation [2,3].
At the same time, inherent characteristics, such as irregular fluctuation, of wind power
output power also bring great “negative effects” on the power quality of the system, often
resulting in voltage fluctuation and flicker, waveform distortion and frequency deviation,
etc. [4]. Therefore, it is necessary to study the control of charge and discharge power of
hybrid energy storage systems after wind power output prediction to effectively reduce
the random fluctuation of wind power output and ensure the reliability and economy of
power grid operation.

At present, energy storage devices have been increasingly applied to stabilize the
power fluctuation caused by wind power integration. Due to the finite capacity of energy
storage equipment and the significant fluctuation of wind power, it is necessary to apply
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control to the energy storage system by taking into account not only the stabilization effect
but also the risk of overcharging, over-discharging, or poor working conditions when
fluctuations are stabilized [5,6]. In references [7–9], the power initially allocated to the
storage element is adjusted twice according to the magnitude of the real-time feedback
from the State of Charge (SOC) of the storage element, so that the corresponding overcharge
and overdischarge protection can be performed while effectively suppressing the wind
farm output power fluctuations. A coordinated control strategy of hybrid energy storage
components based on wavelet packet decomposition was proposed in references [10], and
the charging and discharging power of the storage battery and supercapacitor is modified
according to the controlled power instruction. References [11,12] modified the charging
and discharging power of batteries and supercapacitors according to the fuzzy control
rules established by the SOC of energy storage elements. The output of the battery energy
storage system should not change frequently, and this key point is not taken into account
in the above research, which may lead to too many battery charge–discharge state switches
and affect the service life of the battery. On the other hand, the fluctuation of wind power
output is not strong. In order to smooth the coming fluctuations the first time, reliable and
effective wind power prediction is particularly important. Wind power output prediction
and the ESS control strategy are combined to achieve advanced control of ESS energy
management [13]. In reference [14], five control factors were proposed for the ultra-short-
term prediction of wind power output, and on this basis, an ESS control strategy was
established, and this particle swarm optimization algorithm was used to optimize the five
control factors in real time. In reference [15], an improved cuckoo algorithm was employed
to optimize the support vector machine for ultra-short-term prediction of wind power
output, and fuzzy control rules were established to restrict the SOC of the battery to reduce
the number of charging and discharging and prolong the cycle life. In reference [16], a
Kalman filter algorithm was adopted to improve the prediction accuracy of ultra-short-
term wind power, and a wind storage system optimal control strategy was proposed by
integrating prediction enhancement processing and advanced rolling optimization. In
reference [17], a short-term wind-speed forecasting model combining wavelet analysis and
support vector machine (SVM) was established to produce an excellent performance in
making predictions. However, it was relatively difficult to select a wavelet basis function
and determine a decomposition scale in the decomposition process. In reference [18], the
grid-connected power was obtained by using a model forecast control algorithm, due to
which it is not easy to observe the impact of system parameters on the control performance
directly. In reference [19], a wavelet packet was applied to wind power decomposition.
It is necessary to select a basis function during decomposition, and the decomposition
result varies with the selection of the basis function. In reference [20], a method was
proposed to stabilize the wind power output by using an energy storage system based on
empirical mode decomposition (EMD). However, the EMD is prone to boundary effects
and mode mixing problems, with the maximum charge and discharge power constraints
ignored. Only when the wind power output is determined can the above methods meet
the requirements of grid connection, which leads to the lack of universal applicability.
According to the above research and analysis, it is concluded that the control strategy
of the hybrid energy storage system should meet two conditions: First, the output of
the wind power through the energy storage system should meet the requirements of the
grid connection; second, the charge and discharge power and SOC of the energy storage
equipment must be within a safe range.

In summary, this paper proposes a hierarchical control strategy for a hybrid energy
storage system based on improved GA-SVR wind power prediction for the characteristics
of irregular fluctuation of wind power output and the problem of charging and discharging
control of the energy storage system. First of all, the historical wind power output data of a
certain day are selected as the training data of the prediction model, and the results pre-
dicted by the improved GA-SVR model are taken as the wind power output. Subsequently,
EEMD decomposition and Hilbert transform are used to distribute high-frequency and
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low-frequency power to supercapacitors and batteries, respectively, and the control is fur-
ther adjusted by limiting control and coordinated control. Finally, the simulation test of the
proposed control strategy is carried out, and the charge state curve and charge–discharge
power curve of each energy storage device before and after control are compared to verify
the effect of the proposed control strategy.

2. Short-Term Forecasting of Wind Power Based on Improved GA-SVR
2.1. Support Vector Regression

Support Vector Regression (SVR) can be expressed as (xi,yi), and xi∈R is the input
index vector and yi∈R is the output index vector. y can be any real number.

In the regression, the linear problem is solved with the help of ε. In order to solve
the original problem of ε SVR, the relaxation variable ξi, ξ∗i and penalty function C are
introduced, so the convex quadratic programming is:

min
ω,b

1
2 ||ω||2 + C

n
∑

i=1
(ξi + ξi

∗)

s.t.
{

(ω · xi) + b ≤ ε + ξi + yi
yi − (ε + ξi

∗) ≤ (ω · xi) + b

(1)

where i∈{1,2,3, . . . ,n}; the relaxation variable is ξi ≥ 0 and ξ∗i ≥ 0. To solve the dual problem,
the Lagrange function is introduced:

L(ω, b, ξ∗, α∗, η∗) = 1
2 ||ω||2 + C

n
∑

i=1
(ξi + ξi

∗)−
n
∑

i=1
(ηiξi + η∗i ξi

∗)

−
n
∑

i=1
αi(ε + ξi + yi − ((ω · xi) + b))

−
n
∑

i=1
αi
∗(ε + ξi

∗ − yi + (ω · xi) + b)

(2)

where α* and η* are Lagrange multiplier vectors. If Lagrangian vectors are adopted, the
dual form of the optimization problem is:

min
α∗∈R

1
2

n
∑

i,j=1
(αi
∗ − αi)(αj

∗ − αj)(xi · xj) + ε
n
∑

i=1
(αi
∗ + αi)−

n
∑

i=1
yi(αi

∗ − αi)

s.t.
n
∑

i=1
(αi − αi

∗) = 0
(3)

where 0 ≤ α* i ≤ C and i∈{1,2,3, . . . ,n}. After calculation, it is obtained that α* = (α1,α∗1 ,
. . . ,αn, α∗n)T, and αj and α∗k of the α* component in the open interval (0,C) are selected.

Finally, the regression function is obtained:

y =
n

∑
i=1

(αi
∗ − αi)(xi · x) + b∗ (4)

In this work, the Gaussian radial basis kernel function is selected when seeking the
local performance optimization, and the kernel function is as follows in Equation (5):

K(x, xi) = exp(−|x− xi|2

σ2 ) (5)

2.2. Parameter Optimization Method Based on Improved Genetic Algorithm

In the regression forecast assisted by the SVR model, the predicted results were closely
associated with the penalty factor parameter C and the kernel function parameter σ. In the
present study, the genetic algorithm was applied to optimize these two critical parameters
in the regression machine. Cross-validation was conducted to deal with the selection of
models and the evaluation of their quality in the context of SVR modeling. On the basis
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of ensuring accuracy, the mean square error of the model as established with different
parameters was obtained in this study by performing 5-fold cross-validation and combining
the program running time. Furthermore, it was treated as the criterion for evaluating the
quality of the model constructed by using these selected parameters. The optimal parameter
was obtained by finding the minimum mean square error through cross-validation. The
process of implementing GA-SVR is detailed in Figure 1.
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Under the different topographical and geomorphic conditions of a wind farm, the
change in wind speed and direction shows a complex nonlinear relationship with various
influencing factors, which is attributable to the effect of various meteorological factors such
as temperature, air pressure, and humidity. Therefore, wind speed constitutes unstable
data. For the purpose of the SVR model forecast, it is necessary to reduce the effect that the
instability of the original data has on the results of the model forecast by homogenizing the
original data.

As a form of an optimization algorithm, the genetic algorithm (GA) relies on the
evolution mechanism that the fittest will survive in nature. Chromosomes represent an
important carrier of biological genetics. According to the genetic algorithm, a series of
sequences are used to simulate chromosomes for the optimal solution. In the present study,
the genetic algorithm was adopted to optimize the two key parameters in the regression
machine. When the SVR model was used for the regression forecast, the predicted results
were closely related to a penalty factor parameter C and a kernel function parameter
σ. Moreover, the genetic algorithm was used in this study to optimize these two key
parameters in the regression machine.

The kernel function in the SVR prediction model uses the Gaussian radial basis
kernel function. The calculation speed is very slow when solving the dual problem,
so an improved method regarding the training time is proposed for the traditional GA
optimization algorithm. Specifically, the whole training set of the prediction model is
divided into l categories, and each class is divided equally into m parts, then m sub-training
sets constitute the whole training set of the prediction model, as shown in Figure 2. The
improved GA algorithm is optimized by the following steps:

(1) In the first training model, training set 1 is used as the GA-SVR training sample set.
(2) Training set 2 is used as a cross-validation set to calculate fitness.
(3) In the second training model, training set 2 is taken as the new training sample set.
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(4) Training set 3 is used as a cross-validation set to calculate fitness.
(5) In the mth training model, training set m is taken as the training sample set, and

training set 1 is used as the cross-validation set to calculate the adaptive set.
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3. Hybrid Energy Storage Capacity Allocation Strategy

The improved hybrid energy storage power allocation strategy combining moving
average filtering and EEMD decomposition is shown in Appendix A. The grid-connected
reference power is obtained after the original wind power is filtered by the improved mov-
ing average, and the reference power of the hybrid energy storage system is obtained after
the difference between the two. Then it is decomposed by EEMD, and the frequency divi-
sion frequency is determined by the principle of minimum modal aliasing energy Eoverlap
after the Hilbert transform, and the high- and low-frequency fluctuation components are
allocated preliminarily, which lays a solid foundation for follow-up research.

4. Hierarchical Control Strategy for Hybrid Energy Storage System

The structure block diagram of the wind-storage combined power generation system
is composed of a wind power generation system, a hybrid energy storage system, an Energy
Management System (EMS), and a power grid, as shown in Figure 3. Among them, the
battery and supercapacitor of the hybrid energy storage system realize the internal power
conversion and energy interaction with the power grid through the converter in EMS,
wherein PWG is the original output of the wind turbine, PHESS is the HESS charge and
discharge power, and PG is the grid-connected reference power.
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4.1. Upper Limiting Control of Hybrid Energy Storage System

The upper limiting control primarily includes the EEMD decomposition module, the
primary power distribution module, and the limiting module. The result predicted by
the improved GA-SVR model at t~t + T time is taken as the wind power output, and the
PHESS(t) is obtained after the improved moving average filter. The appropriate frequency
division frequency is determined by the time spectrum obtained by EEMD decomposition
and Hilbert transform, and the high- and low-frequency components are reconstructed
to determine the initial reference power of the battery and supercapacitor. The structure
diagram of the upper limiting control is shown in Figure 4.
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As both batteries and supercapacitors have maximum/minimum charge and discharge
power values, limiting control is needed to prevent their output from exceeding the limit
value. Batteries and supercapacitors need to meet Equations (6) and (7), respectively.{

PB(t) ≤ PB_max when PB(t) > 0
PB(t) ≥ PB_min when PB(t) ≤ 0

(6)

{
PC(t) ≤ PC_max when PC(t) > 0
PC(t) ≥ PC_min when PC(t) ≤ 0

(7)

wherein PB_max and PB_min represent the upper and lower limits of battery charge and
discharge power, respectively; PC_max and PC_min represent the upper and lower limits of
supercapacitor charge and discharge power, respectively.

4.2. Lower Layer Coordinated Control of Hybrid Energy Storage System

The lower control is the coordinated control between the battery and the superca-
pacitor. The hybrid energy storage system is divided into 36 working states according
to the respective charge states of the storage battery and the supercapacitor, as shown in
Appendix B, where Energy Storage State “+” indicates that the energy storage is in the
charging state and Energy Storage State “−” indicates that the energy storage is in the
discharge state.

It is stipulated that when the hybrid energy storage system is in normal operation, the
charge and discharge power instructions of the storage battery and supercapacitor are PB1
and PC1, respectively, as shown in Equation (8). When the hybrid energy storage system
is in a coordinated operation, the charge and discharge power instructions of the battery
and supercapacitor are P2 and P3, respectively, as shown in Equations (9) and (10). When
the battery and supercapacitor are in a state of stopping operation, it is indicated by 0. The
structure diagram of the lower coordinated control is shown in Figure 5. The results of
the secondary adjustment of the output of each energy storage element after coordinated
control are shown in Appendix C. {

PB1 = PB_buf(t)
PC1 = PC_buf(t)

(8)

P2 = min(PB_buf(t), PHESS_max) (9)
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P3 = min(PB_buf(t) + PC_buf(t), PHESS_max) (10)
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The reference for the working process of coordination and control is as follows:

(1) When HESS works on State 1: 
SOCB < 0.15
SOCC < 0.10
PB_buf(t) > 0
PC_buf(t) > 0

(11)

The consumption power of the battery is:

PB_ref(t) = P2 (12)

Charge the supercapacitor with a charging power of:

PC_ref(t) = PC1 (13)

The SOCC continues to rise during the charging of the supercapacitor until the Work-
ing State of the Hybrid Energy Storage System switches to State 3 during SOCC0.10.

(2) When HESS works on State 3:


SOCB < 0.15
0.10 ≤ SOCC ≤ 0.90
PB_buf(t) > 0
PC_buf(t) > 0

(14)

The consumption power of the battery is:

PB_ref(t) = PB_max (15)

At this time, the charge state of the battery is lower than the minimum, while the
charge state of the supercapacitor is in the normal working range, and the battery operates
at the maximum power. If the output of the hybrid energy storage system is less than
the maximum operating power of the battery, the power shortage of the supercapacitor
discharge compensation system will be made. If the output of the hybrid energy storage
system is greater than the maximum operating power of the battery, the supercapacitor
will charge and consume the remaining power of the system.

(3) When HESS works at 14:00 in State:
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0.15 ≤ SOCB ≤ 0.85
SOCC < 0.10
PB_buf(t) > 0
PC_buf(t) < 0

(16)

The consumption power of the battery is:

PB_ref(t) = P3 (17)

At this time, the charge state of the supercapacitor is lower than the minimum and is
in the discharge state, which indicates that the supercapacitor must stop running because it
cannot compensate for the system power gap or consume the power surplus. If the output
of the hybrid energy storage system is less than the maximum operating power of the
battery, the power of the battery discharge compensation system will be deficient; if the
output of the hybrid energy storage system is greater than the maximum operating power
of the battery, the battery will operate at its rated power.

(4) When HESS works on State 29:


SOCB > 0.85
SOCC > 0.90
PB_buf(t) > 0
PC_buf(t) > 0

(18)

At this time, the charge state of the battery and supercapacitor is higher than the
maximum, and the reference power is in the charging state, so each energy storage element
must stop running because it cannot compensate for the system power shortage or consume
the power surplus.

5. Example Simulation
5.1. Simulation Analysis of Short-Term Prediction of Wind Power

According to the selected historical data of the wind farm’s daily output, 1050 output
data points were obtained, of which the first 1000 points were used as the training set and
the last 50 points were used as the test set. The optimal penalty factor parameter in the
regressor machine obtained by improving the GA algorithm is C = 1.1421, and the optimal
kernel function parameter is σ = 0.15634.

In order to verify the optimization effect of the proposed method, the optimization
of SVR parameters by the grid search method (GSM-SVR) [21], the optimization of SVR
parameters by Particle Swarm Optimization (PSO-SVR) [22], and the optimization of SVR
parameters by the genetic algorithm (GA-SVR) [23] are compared and analyzed. The
respective prediction errors are shown in Figure 6. It is obvious that GA-SVR has good
prediction performance, higher accuracy, and minimum prediction error.

In order to accurately compare the prediction results of the three methods and evaluate
the accuracy of regression prediction intuitively, Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE) are used to evaluate the three analysis methods, and the
evaluation indicators are shown in Table 1.

According to Table 1, the error of the GA-SVR prediction algorithm is smaller than that
of the other two prediction methods. In terms of time, the genetic algorithm is less than the
grid search algorithm and the particle swarm optimization algorithm, which shows that
the prediction effect of the proposed method is more accurate, and the convergence speed
is faster. At the same time, compared with the traditional genetic algorithm, to optimize the
SVR prediction model, the improved GA-SVR training time is reduced by 40%, although it
does not improve the average absolute error and root mean square error, which proves that
the proposed improved GA-SVR prediction algorithm reduces the time cost of training.
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Table 1. Comparison of evaluation index and training time.

Prediction Model MAE/MW RMSE/MW Duration/s

GSM-SVR 31.5901 41.6488 146
PSO-SVR 12.8498 16.1923 90
GA-SVR 9.6311 14.7435 45

Improved GA-SVR 9.6311 14.7435 27

5.2. Simulation Analysis of Hierarchical Control of Hybrid Energy Storage System

In this example, the whole-day output active power of a wind farm with an installed
capacity of 30 MW is used as the simulation data, and the sampling interval is 7 s, in which
the rated capacity of the battery is 7.1150 MW·h, the rated operating power is 5.9364 MW,
the SOC threshold is 0.15–0.85, the charge and discharge efficiency is η = 80%, the rated
capacity of the supercapacitor is 9.9455 MW·h, the rated operating power is 12.3187 MW,
the SOC threshold is 0.10–0.90, and the charge and discharge efficiency is η = 95%.

First of all, the SOC of each energy storage element before and after control is simulated.
Figure 7 provides the charge state curve of the storage battery and the supercapacitor.
Evidently, the SOC of the two energy storage media exceeds the upper and lower limits
many times between 0~3 h and 21~24 h, which causes great damage to the elements
and shortens their life. Evidently, when using the energy storage system to stabilize the
fluctuation of the output power of the wind farm, the charge and discharge process of the
energy storage equipment fluctuates. If the capacity of the energy storage element and the
rated operating power are not taken into account, the problem of SOC exceeding the limit
and overcharging and discharging may occur in actual operation.

In order to verify the effectiveness of the hierarchical control strategy in regulating
the charge state of energy storage devices, the SOC change curves of two kinds of energy
storage devices before and after control are given in Figures 8 and 9, respectively. It is
obvious that when there is no layered control, the SOC of the battery cannot be guaranteed
to change between 0.15 and 0.85, which seriously affects the service life of the energy
storage element. When the layered control is carried out, the SOC curve of the battery
and supercapacitor is always within its upper and lower limits, and the phenomenon of
exceeding the limit does not occur, which avoids the equipment working in the overcharge
and overdischarge area and prolongs its operating life.
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At the same time, the internal power optimization of the energy storage system can be
realized by hierarchical control. The charge and discharge power curves of the two energy
storage devices before and after hierarchical control optimization are compared, as shown
in Figures 10 and 11. Obviously, the charge and discharge power of the storage battery and
supercapacitor is lower than that before control, and there is no over-limit trend, which
ensures that the operating power of the storage battery and the supercapacitor does not
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exceed its rated operating power. In addition, the number of charges and discharges has
also been reduced, which implies that the service life of the energy storage system can
be extended.
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5.3. Simulation Analysis of Wind Power Fluctuation Stabilization in Hybrid Energy
Storage System

In the process of smooth fluctuation of wind power output, the energy storage system
may encounter the phenomenon that the charge and discharge power of energy storage
components exceeds the limit, or the SOC is not within the safety threshold because of its
inherent characteristics such as irregular fluctuation. Accordingly, the hierarchical control
strategy is proposed to solve the above problems, and the SOC security index SH is specified
to measure the stabilization effect of the hierarchical control strategy.

SH =

T/∆t−1
∑

i=0
f (SOC(t + i∆t)− SOCmin) ∩ f (SOCmax − SOC(t + i∆t))

T/∆t
(19)
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f (x) =
{

1, x > 0
0, x ≤ 0

(20)

Td = (1− SH)T (21)

wherein ∆t represents the sampling interval of wind power output, T represents the
smoothing period, and Td represents the dead time in which the smoothing capacity of the
energy storage element is limited. The higher the SH index, the lower the proportion of the
limited smoothing capacity of the energy storage element, that is, the better the effect of the
hierarchical control strategy.

Similarly, in this example, the whole-day output active power of a wind farm with an
installed capacity of 30 MW is selected as the simulation data, and the wind power output
stabilization effect with or without hierarchical control is compared during the time period
of 15:00~19:00 in a day, as shown in Figures 12 and 13 and Table 2.
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Table 2. Comparison of stabilization effect index.

Index Grid-Connected Output SH Td/min

Accumulator battery Grid-connected output without hierarchical control 0.8571 218.5167
Grid-connected output after hierarchical control 1 0

Supercapacitor Grid-connected output without hierarchical control 0.9655 52.7333
Grid-connected output after hierarchical control 1 0

According to the comparative analysis of Figures 12 and 13, the wind power grid
output fluctuation is relatively small after being controlled by the proposed hierarchical
control strategy in the set smooth time period, and the curve is relatively smooth. According
to Table 2, the SH indexes of batteries and supercapacitors have been improved, which
significantly reduces the proportion of energy storage components entering the dead zone
at work, thus effectively reducing the fluctuation of system charge and discharge output.

6. Conclusions

In view of the random and irregular output of wind power, the fixed and limited
rated capacity and rated power of the battery and supercapacitor, the excessive charging
and discharging of the system, and the damage to the operating life of the energy storage
components, an improved genetic algorithm is proposed to optimize support vector re-
gression prediction. Then, the wind power output data of a certain day were selected as
the prediction training data before being obtained by the prediction model and taken as
the wind power output. Then, this was applied to the hierarchical control strategy, and
the secondary power distribution of each energy storage element was realized via limiting
control and coordinated control. Finally, the results suggested that the hierarchical control
strategy can effectively avoid the occurrence of excessive charging and discharging, reduce
the number of charging and discharging cycles of hybrid energy storage devices, prolong
the operation life of the system, and improve the overall performance of the system.
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Appendix B

Table A1. Working State of Hybrid Energy Storage System.

Working
State

SOCB
Energy Storage

State SOCC
Energy Storage

State

<0.15 0.15~0.85 >0.85 + − <0.1 0.1~0.9 >0.9 + −
State 1

√ √ √ √

State 2
√ √ √ √

State 3
√ √ √ √

State 4
√ √ √ √

State 5
√ √ √ √

State 6
√ √ √ √

State 7
√ √ √ √

State 8
√ √ √ √

State 9
√ √ √ √

State 10
√ √ √ √

State 11
√ √ √ √

State 12
√ √ √ √

State 13
√ √ √ √

State 14
√ √ √ √

State 15
√ √ √ √

State 16
√ √ √ √

State 17
√ √ √ √

State 18
√ √ √ √

State 19
√ √ √ √

State 20
√ √ √ √

State 21
√ √ √ √

State 22
√ √ √ √

State 23
√ √ √ √

State 24
√ √ √ √

State 25
√ √ √ √

State 26
√ √ √ √

State 27
√ √ √ √

State 28
√ √ √ √

State 29
√ √ √ √

State 30
√ √ √ √

State 31
√ √ √ √

State 32
√ √ √ √

State 33
√ √ √ √

State 34
√ √ √ √

State 35
√ √ √ √

State 36
√ √ √ √
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Appendix C

Table A2. Coordinated Control Results.

Working State of
Hybrid Energy
Storage System

PB_ref(t) PC_ref(t)
Working State of
Hybrid Energy
Storage System

PB_ref(t) PC_ref(t)

State 1 P2 PC1 State 19 P2 PC1
State 2 P2 0 State 20 P3 0
State 3 PB_max PHESS-PB_max State 21 P2 PC1
State 4 PB_max PHESS-PB_max State 22 P2 PC1
State 5 P3 0 State 23 P3 0
State 6 P2 PC1 State 24 P2 PC1
State 7 0 PC1 State 25 0 PHESS
State 8 0 0 State 26 0 0
State 9 0 PHESS State 27 0 PHESS

State 10 0 PHESS State 28 0 PHESS
State 11 0 0 State 29 0 0
State 12 0 PHESS State 30 0 PC1
State 13 P2 PC1 State 31 P2 PC1
State 14 P3 0 State 32 P3 0
State 15 P2 PC1 State 33 −PB_max PHESS + PB_max
State 16 P2 PC1 State 34 −PB_max PHESS + PB_max
State 17 P3 0 State 35 P2 0
State 18 P2 PC1 State 36 P2 PC1
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