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ABSTRACT. FEnergy storage system, with its fast response capability and achieving en-
ergy transfer in time and space, provides a feasible solution for broad-scale assimilation
of wind power into the electrical network. Nevertheless, the energy storage system’s
capacity and its ability to charge and discharge are the constraints on its output capa-
bility. Additionally, the longevity and the number of cycles it can undergo for charging
and discharging are restricted, so setting up a reasonable energy storage control strat-
egy is the key to elevate the system’s operational proficiency to consume wind power.
Therefore, an energy storage overrun optimisation control strateqy with the Dung Beetle
Optimizer (DBO) algorithm is proposed. The strateqy model introduces variable penalty
coefficients, takes into account the energy storage tracking wind power plan deviation and
storage charge state, establishes an objective function, and the objective function weight
coefficients are adaptively adjusted using a fuzzy controller. In addition, an energy stor-
age overrun optimisation control strategy based on Convolutional Neural Network (CNN)
is proposed. The loss function in CNN is used as the adaptation function of DBO algo-
rithm, which achieves the optimisation search of CNN adaptive weights and thresholds,
speeds up the iteration speed of the model, and improves the generalisation ability of the
model. The outcomes of the simulation demonstrate that the CNN energy storage opti-
misation control strategy can get rid of the dependence on the energy storage output data
of other time periods, and quickly give the energy storage output command of the time
period. The simulated scenario confirms the practicality and advantageous nature of the
suggested approach.

Keywords: combined wind storage system; dung beetle optimisation algorithm; energy
storage control strategy; convolutional neural network
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1. Introduction. Wind power and energy storage technology are increasingly closely
linked. In recent years, energy storage has assumed a pivotal function in participating
in wind power frequency regulation, wind power levelling, and tracking the planned out-
put, showing that energy storage solutions have emerged as a crucial component within
renewable energy generation [1, 2]. The energy storage apparatus inherently has limita-
tions regarding its power capabilities and storage capacity. When its power or electricity
reaches the maximum or minimum thresholds, the corresponding charging/discharging
action cannot continue, thus losing the ability to regulate and causing wind power to
deviate from the dispatch plan. Therefore, when tracking the planned wind power out-
put, we should not only minimize the tracking deviation to meet grid requirements, but
also account for energy throughput and the regulation ability of the storage system, and
formulate a suitable control strategy to avoid the above situation [3, 4].

Stage of Charge (SOC) [5, 6] is an important indicator reflecting the current health
status and regulation capability of energy storage. Maintaining an appropriate SOC ex-
tends service life, whereas excessive charging or discharging diminishes overall health and
future regulation capability. If natural wind output is directly connected to the grid and
only the tracking deviation is considered, frequent charge/discharge mode switching may
occur, which is not conducive to longevity [7]. Consequently, relying only on ultra—short-
term predicted power and current storage output cannot guarantee that future energy
accumulation satisfies requirements. A global control strategy for storage power intake
and release, while guaranteeing current and future tracking of the planned wind+storage
output, is thus of theoretical and practical importance for stable grid integration of wind
power.

1.1. Related work. With continued research, real-time control strategies for optimal
storage output have improved. In wind-storage joint operation, the control strategy
must consider not only plan-tracking but also storage capacity [8], power [9], charge state
[10], and depth of charge/discharge [11]. In immediate control systems, the deviation
between measured and planned (or forecasted) wind output is computed first; wind signals
are then decomposed via PI regulation, wavelet packet decomposition, empirical mode
decomposition, etc., and the deviation is compensated by controlling storage output. With
advances in AI, ML/DL methods are increasingly used: Rodriguez et al. [12] designed an
integrated ML model for short-term PV interval prediction with fast-correlation feature
filtering; Mishra et al. [13] proposed a parallel deep model with adaptive weighting
combining Attention-Seq2Seq and Transformer; Liu et al. [14] combined RF, rough set
theory, and DL for short-term load forecasting; Tian [15] used EMD and LMD for joint
wind-speed prediction and error correction; Li et al. [?] built a digital-twin framework
using BPNN and a CNN-LSTM-Attention model (with SOC) to analyse and predict
Li-ion battery degradation.

1.2. Motivation and contribution. To bolster the energy-retention capability of the
wind-storage system for tracking the planned wind output, we propose a CNN-based
over-advanced optimal control strategy for storage charging/discharging. The main con-
tributions are:

1. DBO-based overrun optimisation control. We construct an objective function
that jointly considers plan-tracking fluctuation and SOC, introduce variable penalty
coefficients, and dynamically adjust them with a fuzzy controller using the Dung
Beetle Optimizer (DBO).

2. CNN-based storage control. To overcome the time cost and multi-horizon de-
pendence of DBO, we use DBO-derived optimal commands (per time step) together
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with wind data as training samples for an improved CNN that outputs storage com-
mands rapidly without relying on other-period storage outputs.

2. Modelling of integrated wind—energy and energy storage systems.

2.1. Wind power system modelling. We mathematically model the wind turbine,
the energy storage system, and the combined wind—storage operation. The wind turbine
model includes: a wind turbine aerodynamic model [16], a drive-train model [17], a dy-
namic model of the Doubly-Fed Induction Generator (DFIG) [18], and a converter model
[19].

The DFIG is widely used in modern wind generation due to efficient operation across
wind speeds, variable-speed capability, and grid adaptability. Its variable-speed operation
enables higher energy-conversion efficiency than fixed-speed machines [20]. Moreover,
DFIGs can provide adjustable output and regulate reactive power via the converter. The
system comprises the turbine, drive train, generator, and back-to-back converter, which
together achieve efficient conversion of wind energy to electrical energy.

2.1.1. Wind turbine model. The wind turbine is an important part of the DFIG, the
airflow flows through the blades thus driving the blades to rotate and convert the wind
energy into mechanical energy, the mechanical power of the wind turbine can be obtained
from aerodynamics as shown below:

P, =0.5C,(\, B) tR*pV} (1)

where P, is the power of motor; C), is energy use coefficient, is related to the tip of
the blade speed ratio A (blade tip of the rotational linear velocity and wind speed ratio)
and blade pitch angle § (in engineering practice, C,, is generally 0.2-0.5, the theoretical
maximum of 0.593); R for the radius of the blades; p for the density of the air (kg/m?);
V,, for the wind speed of the wind farm.

2.1.2. Drive train modelling. The transmission serves a crucial function within a wind
energy framework and is responsible for efficiently converting the mechanical energy cap-
tured by the wind turbine and transferring it to the generator to produce electrical energy.
Gearboxes are frequently employed within the drive train to transform the wind turbine’s
torque motion into the torque output necessary for the generator. The transformation is
vital for augmenting the performance and dependability of the wind energy framework.
In order to reduce energy losses and simplify maintenance, many modern wind turbines
have adopted direct-drive technology, i.e., a gearbox-less design [21, 22|, where the wind
turbine is directly connected to the generator. Regardless of whether a traditional gearbox
or direct-drive technology is used, the design of the drive train will directly determine the
operational efficiency and cost-effectiveness of the wind turbine. The transmission system
generally contains the drive shaft, variable speed gearbox and generator rotor. The model
is generally simplified and analysed using the equivalent mass method, which is divided
into single mass block model and double mass block model. The DFIG transmission sys-
tem model is selected as a double mass block model, i.e., the drive shaft and gearbox are
regarded as the first mass block, and the generator rotor is regarded as the second mass
block, and its equivalent transfer model can be shown as follows:

1
pw, = Q_Ht[Tm — K05 — D(w, — w,)]
1
bwe = Q_I-Ig[ngs + D(w, — w,) — T] (2)

pes = Wr — We
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2.1.3. DFIG dynamic models. There are two general types of DFIG dynamic models [23],
i.e., the space vector model and the d—g model via coordinate transformation. In this
paper, the d—¢ model is used as the dynamic model of DFIG, and its voltage equation is
shown below:

Usd RS 0 0 0 Usd p Wg 0 0 ¢sd
Usq| _ |0 Ry 0 0 isq I 0 0 Vsq (3)
Urd 0 0 RT 0 ird 0 0 p Wr — Ws ¢rd
Urg 0 0 0 R, g 0 0 ws—wr D Urq

where p is the differential operator; R, is the equivalent stator resistance; R, is the
equivalent rotor resistance; %sq, sq, ird, and ¢,, denote the current components of stator
current and rotor current on d-axis and g-axis, respectively; ws is the stator angular
velocity; w, is the rotor angular velocity; 1sq4, Vs, ¥ra, and 1, denote the magnetic chain
components of stator and rotor magnetic chains on d-axis and g-axis, respectively.

The magnetic chain equation is shown below:

77ZJsd Ls 0 Lm 0 isd
Yegl | 0 Ls 0 Lyl |isg (4)
Qﬁrd B Lm 0 LT 0 Z.rd
Vg o L, 0 L, g
The power equation is shown below:
Py Usq  Ugg 0 0 isd
Qs _ | Usq —Usd 0 0 isq ( 5)
Pr 0 0 Urd Urq ird
Q. 0 0 Urg  —Urd] |4,

where P, and P, are the active electrical energy delivered to the grid originating from
both the stator and rotor components, respectively; Q)5 and @), the grid receives reactive
power contributions separately from both the stator and rotor aspects.

The electromagnetic torque equation is shown below:

_ 3pLn,

T, = ——
2L,

2/}sd isq - wsq isd (6)

2.1.4. Converter model. The converter of DFIG contains three types of converters. The
control objective of the rotor-side converter is to efficiently capture the wind energy for
maximum power output under specific wind speed conditions so that the rotor can be
operated at an optimal speed [24]. Also, this control objective includes the elimination
of reactive current from the rotor side converter output to maximise the utilisation of
its capacity. By controlling the rotor current magnitude, precise regulation of the stator
output power and reactive power can be achieved, thereby achieving an efficient and
stable functioning of the electrical grid. In this paper, the rotor side converter uses stator
voltage directional control so that the direction of the stator voltage vector is in the same
direction as the d-axis, then the rotor current equation is shown below:

, L, 1
irg = —7— — P,
¢ Lm Usd (7)
Ls 1 s
qu Qs - sd

Lm Usd Ws Lm
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With this design of feed-forward current control circuit, the rotor voltage equation is
shown below:

di, .
Urd = Rrird + Jer_d - WslipO-Lrlnp

i ®)
Urqg = Rrirq + O—er_;q + wslipO—Lrird>

where o is the control coefficient; —wgi,0 L%, and wgipo L,i,q are the voltage feedforward
terms.

2.2. Energy storage system modelling. This paper focuses on the mathematical mod-
elling of the energy storage’s power change, storage charge state and storage charge/discharge
power.

The system’s operational modes can be categorized into three distinct phases: the
charging phase, the discharging phase, and the idle or standby phase. This classification
is pivotal for understanding the dynamics of energy storage management. In the process of
wind power generation plan execution, the remaining power of the battery energy storage
system is an important factor affecting the size of the power levels for charging and
discharging processes. The more residual power of the battery energy storage system, the
worse its charging power and the stronger its discharge power; conversely, the stronger its
charging power and the weaker its discharge power. To streamline the computation of the
system’s energy intake and output capacities, this study employs a simulation approach
that superimposes calculations at each instant. This technique enables a more precise
evaluation of the system’s energy intake and output capacities, thereby contributing to
the enhancement of the operational efficiency and stability within the wind and energy
storage hybrid system.

The instantaneous power is contingent upon the residual energy from the preceding
moment, the power levels during the prior charging and discharging cycles, the duration of
these processes, and the associated charging and discharging efficiencies. This relationship
is pivotal for understanding the dynamics of energy storage management and optimizing
the system’s performance. Its power recurrence formula is shown below:

P.(t)At
E(t) = (1= 0w )E({t —1)+ P.(t)Atn, — (n—) (9)
d
The power E(t) satisfies the must power constraints, which are shown below:
Emin S E(t) S Emax (10)
where F,i, is the minimum value of power capacity; Ep.x is the maximum value of power

capacity.

The SOC of the energy storage device mirrors the residual energy, defined by the
proportion of the instantaneous power at time t to the device’s nominal capacity. This
parameter is crucial for assessing the system’s current energy availability and managing
its performance effectively, and its calculation formula is shown below:

@ (11)
C1eN

where SOC(t) is the charge state of the power capacity at time t; Cox is the rated
capacity of the power capacity.

Accurate measurement of the SOC size can timely avoid overcharging or overdischarging
of the power capacity, which facilitates the regulation and control of the power capacity,
and makes the whole system have a good regulating ability and health. From equation
(9), the recurrence relation equation of SOC of power capacity is shown as follows:

SOC(t) =
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P..(t) Aty Pos(t) Aty
_'_
Cen Nq Cex
where o4, s the self-discharge rate of the power capacity.
As to keep the power capacity from overcharging or overdischarging, which can affect

the service life of the power capacity, maximum and minimum thresholds are set for the
SOC as shown below:

SOC(t) = (1 — 0uq) SOC(t — 1) + 1. (12)

SOC; < SOC(t) < SOCy (13)

Secondly, the energy input and output capabilities of the power capacity is not only
limited by its own maximum allowable power, but also related to the remaining capacity
of the power capacity at the current time, whose constraints are shown below:

max{ P (1—ow) E(t—1) — Em} < pb),
ne At (14)
1— sdr Et_]-_Emin

min{ Pz (1= o) (At ) ]nd} > P.(1).

2.3. Wind storage combined system model. The hybrid wind-storage system is
composed of three primary components: a wind energy conversion segment, an energy
management hub, and an energy storage segment. The wind energy conversion segment
transforms wind energy into mechanical energy, which is subsequently converted into elec-
trical energy. This segment is comprised of multiple wind turbines, serving as the core
power generation units for the integrated wind-storage system. The energy management
hub gathers real-time data on wind power output and the current status of the energy
storage. Utilizing this information, along with the operational status of the wind farm
and the power capacity, the hub formulates an active power control strategy for the stor-
age. This strategy is then communicated to the power capacity in the form of dispatch
commands. The energy storage segment is made up of numerous energy storage batter-
ies. These batteries are charged and discharged following the dispatch directives to ensure
that the wind farm’s total output aligns with the grid’s dispatch plan. This process also
considers the health and regulatory capacity of the power capacity to maintain optimal
performance and longevity.

Neglecting the losses between the various parts of the system, the grid-connected power
equation of the wind power capacity and the recurrence formula of the energy storage
capacity can be obtained as follows, respectively:

Pyia(t) = Py(t) + P.(t) (15)

Cu(t) = Cu(t — 1) — T PE(t — 1) (16)

where Pyiq(t) is the grid-connected power of wind power at the time ¢; P,(t) is the
actual power of wind power at the time ¢; P.(t) is the power at the time t; C.(t) is
the power capacity at the time ¢; 7 is the charging/discharging efficiency; T is the time
interval; and C,(t — 1) is the storage capacity at the time ¢ — 1;

3. DBO-based optimal control strategy.
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Figure 1. Over-the-horizon optimisation control schematic

3.1. Over-the-horizon optimal control. The principle of ahead-of-time optimisation
control is shown in Figure 1. The first step of the ahead-of-time optimisation control
strategy is to set up a rolling optimisation time window. The length of this window is
limited to the time scale of the ultrashort-term prediction of power data within a day.
The length of the optimisation window is usually chosen to be shorter than the duration
of the exceedingly short-term predicted power, taking into account that the precision of
the exceedingly short-term prediction may decrease over time. Next, the required data
points for the window period are collected. Ultimately, the data from these moments
are input into the objective function of the intraday efficient allocation to solve for the
optimal energy storage system output for that time period.

By iterating forward through the over-optimised control model, the future ¢ + ¢ time
state vector and output vector are obtained as shown below:

{m(t) = [@(t+1]t), (t+2]t), ..., &(t+M|D)]",

T

y(t) = [y(E+111), y(t+2(1), ... y(t+M[1)]

where x(t+i|t), y(t+i|t) (1 =1,2,3,..., M) are the state vectors and output vectors
at time ¢ predicting the time ¢ + ¢, and M is the step size of the control time domain.

At the time t+1, the state vector z(t+1i|t+i— 1) obtained from the previous iteration

is updated to carry out the over-rolling optimisation, and the optimal control sequence of
energy storage for each time period is obtained as shown below:

(17)

Au(t +1i) = [Au(t +1), Au(t+2), ..., Au(t+ M)]" (18)
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3.2. Objective function. The current research of energy storage optimisation control
model mostly adopts the minimum amount of tracking deviation, the minimum compre-
hensive cost of wind—storage joint system, and the optimal storage charge state as the
objective function. The wind power of these methods is characterised by large fluctuations
and rapid changes, and at the same time, due to the limited energy storage capacity, it
is easy to lead to a situation where the energy storage output cannot meet the require-
ments in time. In the tracking wind power plan, we aim not only to make the energy
storage track the plan while meeting grid constraints, but also to maintain a good charg-
ing/discharging scheduling ability. In this paper, we comprehensively consider tracking
wind-power plan deviation, energy-storage charge state, and target-value deviation to
construct the objective function.

(1) Minimal tracking wind-plan deviations f;.

Pyia(t + 1) — Pam(t + 1)

g = Denall 20 2 (19)

M 5 ,
min fl = Zl (W (Pgrid(t + Z) - Palm<t + Z)) ) (20)

(2) Minimal target-value deviation of the charge state f.
M
2 2
' — SOC(t + ) — SOCaim 21
min f2 121 (1 n ed((SOC(t—i—i)—SOCaim)—e) ( (t+79) ) ) (21)
P.(t)T,
SOC(t +1) = SOC(t) +n c(*;) (22)
eN

where SOC(t +1) is the predicted charge state of the energy storage system at the time
t+1i; SOC,i, is the target value of the charge state of the energy storage, the target value
is generally taken as half of the rated capacity of the energy storage.

In the realm of control temporal dynamics, the aspiration is for the energy storage
to exhibit robust tracking capabilities in alignment with the projected output and to
possess commendable regulatory proficiency. Considering the above factors, each part is
weighted to obtain the objective function that tracks the deviation of wind power plan
and minimises the deviation of storage SOC from the target value:

minJ =a f; + (1 —a) f (23)
where a is the weight coefficient; its value is obtained from the fuzzy controller.

3.3. Adaptive control of weighting factor a. The energy storage system output size
P.(t+1) is affected by the size of the weighting coefficient a value. The larger the a value
is, the better the tracking effect of energy storage is, but the more the state of energy
storage charge deviates from the target value, and the over-limit may occur; the smaller
the a value is, the closer the residual capacity of energy storage is to the target value,
but the worse the tracking effect is. Reasonable setting of a value size can optimise the
system tracking effect and energy storage charge state. Therefore, in this paper, a double
fuzzy controller is used to determine the size of the a value.

The deviation D(t+ 1) of the ultra-short-term predicted power of wind power from the
generation plan at the time ¢ + ¢ can be obtained from Equation (24).

D(t +1i) = Paim(t + 1) — Ppian(t +19) (24)

Design a two-input single-output fuzzy controller. Firstly, input one is defined as the
state of charge SOC(t) of the energy storage system at time ¢. The fuzzy subset is
[VS, S, M, B, VB], which represents “very small”, “small”, “medium”, “large”, “very
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Table 1. Reasoning table of controller 1

a P.(t)
NB NM M PM PB

SOCH)VS|M B PB JB 7B
SOC(t)S | B PB ZB PB JB
SOC(t)M | JB 7ZB ZB ZB JB
SOC(tH)B | JB PB ZB PB B

SOC(t) VB|ZB JB PB B M

Table 2. Reasoning table of controller 2

a P.(t)

NB NM M PM PB
SOC(H)VS|[VB PB M M ZB
SOC(H)S |PB M PS M JB
SOC(t)yM | VS VS PS VS B
SOC)B |M M PB M B
SOC()VB| M PB VB VB M

large”, and the range of action is [0.2,0.8]. Secondly, input two is the energy storage
system output value P,.(t) at time ¢. The fuzzy subsets are [NB, NM, M, PM, PB], which
are represented in order as “negative large”, “negative medium”, “Medium”, “Positive
Medium”, “Positive Large”, and the range of action is [—F,, P.], and P, is charging and
discharging power limits of the energy storage system. Then, the output is defined as the
weight coefficient a, and the fuzzy subsets are [M, B, PB, JB, ZB], which in turn denote
“medium”, “large”, “large “very large”, “maximum”, and the range is [0.5,1]. The fuzzy
reasoning table of two controllers is shown in Table 1 and Table 2 respectively.

In this paper, the weighted average method is used to perform real-time defuzzification
of the fuzzy control method designed in this paper, so as to derive the size of the weight
coefficients a value corresponding to the t + ¢ time.

4. CNN-based real-time control strategy for energy storage. This paper com-
bines the DBO algorithm with a CNN. The DBO algorithm draws its conceptual frame-
work from the natural actions of dung beetles, encapsulating their activities such as
rolling balls, engaging in dances, searching for food, seizing opportunities, and repro-
ducing. This technique integrates these behaviors into the hyperparameters of the CNN
model and employs the CNN’s loss function as the fitness measure for the DBO. This
integration facilitates the construction of the DBO-CNN predictive model, leveraging the
natural strategies of dung beetles to optimize the performance of the CNN. The hyperpa-
rameters include the weights and thresholds of the CNN. In the realm of hyperparameter
optimization, the position of each dung beetle symbolizes a unique combination of hyper-
parameter settings. This representation is instrumental in navigating the hyperparameter
space to identify the most effective configuration for the model. Meanwhile, the initial
position of the dung beetle is set randomly to ensure that the whole search space can be
searched completely. The CNN adopts the mean-square error. The updating process of
dung beetle position makes the value of Equation (25) minimum.

Z?:l (y - y/>2 (25)

n

loss =
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where n is the number of samples; y is the output value of the model; ¢ is the actual
value of the sample.

Within the framework of the DBO algorithm, the dung beetle explores the solution
space using its ball-rolling behaviour. When encountering obstacles, the dung beetle’s
“dancing” behaviour is used to relocate, which is modelled in the algorithm as an update
mechanism when the solution falls into a local optimum, in order to go beyond the local
optimum in search of a globally optimal solution. In the algorithm, the natural behaviour
of female dung beetles laying eggs at a specific location is modelled as a breeding area in
the solution space for generating new solutions, which is dynamically adjusted according
to the algorithmic progress in order to satisfy the need for both wide-area exploration and
locally fine-tuned search. Meanwhile, as young dung beetles grow up, they search for food
and head towards easily recognisable food source regions, a behaviour that corresponds
in the algorithm to updating the position of young dung beetles within preferred food
regions. In addition, the “stealing” of dung balls among dung beetles is modelled in the
algorithm as a way to increase the probability of finding the globally optimal solution by
generating new solutions close to the optimal solution.

1. Training set generation, where a certain percentage of the provided samples are
chosen at random for the training dataset.

2. Initialise the weights and thresholds of the CNN, set the number of dung beetle
populations n, the dimension of the variable to be optimised to be d, initialise the
number of dung beetle populations, set upper and lower bounds on the initial values,
and the maximum number of iterations;

3. The weights and thresholds of the CNN are used as hyperparameters of the DBO
algorithm, which are reflected by the location information of the dung beetle, and
the CNN forward propagation calculation is performed to compute the value of the
loss function, i.e., the size of the DBO algorithm’s fitness.

4. Calculate the fitness of each individual dung beetle to obtain the position information
of the dung beetle with the smallest fitness value at this time, which is recorded as
the historical optimal position.

5. Update the dung beetle position by the behaviour of each type of dung beetle,
calculate the value of adaptation after updating, and obtain the dung beetle position
information corresponding to the minimum adaptation after updating the position
information.

6. Compare the current dung beetle optimal position information and the historical
dung beetle optimal position information to get the global dung beetle optimal po-
sition information.

7. Assess if the stopping criterion for the iterative process has been met. If it meets,
then terminate the iteration and output the global optimal position information, if
not, then return to step (3) and repeat the execution until the termination condition
is met.

8. The hyperparameters represented by the global optimal dung beetle location infor-
mation, i.e., the CNN weights and thresholds, are taken and used at this point in
time to predict the output of the power storage apparatus using the CNN model.

5. Example analyses.

5.1. Data collection. The training samples are the actual operation data of a real wind
farm for three months (July, August, and September) in the previous section, i.e., the
known power generation plan for each time period, the actual wind power, the lower limit
of the planned output, the upper limit of the planned output, the SOC of the storage,
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and the storage output calculated by the storage overrun optimal control strategy with
DBO algorithm. The sampling frequency is 5min, a total of 26,496 data sets.

5.2. Network parameters. In this paper, the feature volume is not of high dimension-
ality and the architecture of the CNN is not set up with a pooling layer. The first fully
connected layer is set with 120 neurons, while the last fully connected layer is used to
generate the predicted value of the stored energy output. In the training phase of the
network, batch processing is used in groups of 24 samples. During the training process, a
batch processing strategy of 24 samples per batch is used. The input feature quantities
for a time period ¢ are the ultra-short-term forecast power, wind power, planned output,
upper limit of planned output, lower limit of planned output, and storage SOC for that
time period; and the output feature quantity is the storage output for that time period.
That is, the real-time control strategy tracking wind power planned output is carried out
by this method.

5.3. Evaluation indicators. To demonstrate the viability and superiority of the control
methodologies introduced in this manuscript, the subsequent trio of strategies have been
established for a comparative evaluation.

Strategy 1: Support Vector Machine (SVM).

Strategy 2: CNN.

Strategy 3: The proposed DBO-CNN.

To evaluate the merits of the control strategy, RMSE, MAE and MAXE were used to
assess the prediction performance of the model:

n

1 2
MSE = | = 3 (Pys; — Pr 2
RMS "i:1<M Pi) (26)
1 n
MAE = = 3| Pui — Pr 27
”1:1‘ mi — Ppil (27)
MAXE = max |Pas; — Ppil (28)

where n is the number of predicted samples; Pyy; is the actual value of the energy storage
capacity of the i-th sample; and Pp; is the predicted value of the energy storage capacity
of the i-th sample.

5.4. Analysis of results. In this paper, three machine learning methods, namely DBO-
CNN, CNN and SVM, are used to train the samples respectively. CNN adopts Adam to
update the weight parameters, regularisation and dropout methods to avoid overfitting,
the learning rate is set to 0.001, and the number of layers, the number of neurons and the
excitation function are all the same as that of DBO-CNN. SVM adopts the radial basis
kernel function, with the penalty coefficient of 4, and the radial basis function parameter
is 0.8.

After the training of the DBO-CNN method is completed, the comparison of the real
value of the storage output and the predicted value of the storage output in the test set
is shown in Figure 2. The results of the evaluation indexes of different models in the test
set are shown in Table 3.

The horizontal coordinate in Figure 2 indicates the number of samples and the vertical
coordinate indicates the magnitude of the predicted energy storage output. The DBO-
CNN prediction model proposed in this paper is more consistent with the predicted energy
storage output value and the actual energy storage output value in the test set of 2,650
samples after 23,846 times of training samples training.
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Figure 2. Graph comparing the true and predicted values of the DBO-CNN test

set
Table 3. Comparative table of evaluation indicators
Control strategy Set RMSE (MW) MAE (MW) MAXE (MW)
Training set 0.017066 0.009054 0.36323
DBO-CNN Test set 0.014709 0.00842 0.19959
ONN Training set 0.05974 0.047379 0.32881
Test set 0.057661 0.045644 0.24174
SVM Training set 0.072618 0.052713 0.82515
Test set 0.071335 0.052749 0.55866

As can be seen from Table 3, in the test set performance of the samples, the root
mean square deviation RMSE of the SVM model prediction is 0.071335 MW, which is
the largest value among the three prediction models selected in this paper, indicating
that the SVM model prediction accuracy is low and the model prediction is not good; the
original CNN model is used to predict the energy storage output than the RMSE of the
SVM model prediction is reduced with a size of 0.057661 MW, a reduction of 0.013674
MW, indicating that the prediction accuracy of the original CNN model is improved over
SVM; and the DBO-CNN model proposed in this paper has a substantial reduction in the
root mean square deviation compared to the original CNN model and the SVM model, the
magnitude of which is 0.014709 MW. In terms of the mean absolute deviation MAE, the
SVM model predicts an average absolute deviation of 0.014709 MW. The mean absolute
deviation size is 0.052749 MW which is the largest value among the three models, and the
mean absolute deviation predicted by the CNN model for energy storage output is reduced
by 0.007105 MW compared to that predicted by the SVM model, and the mean absolute
deviation size predicted by the DBO-CNN model is only 0.00842 MW, which indicates
that the prediction accuracy of its model is the highest. the SVM model, SVM model,
the original CNN model and the DBO-CNN model have an average relative deviation
of 0.01119 MW, 0.001864 MW and 0.000666 MW, respectively, and the average relative
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deviations of the three models are positive, indicating that the predicted output values
of the three models for energy storage are all higher than the actual values of the energy
storage outputs, and that the DBO-CNN model has the smallest predicted average relative
deviation and the highest accuracy. The maximum prediction deviation of SVM model
is 0.55866 MW, which is the largest value among the three prediction models, followed
by CNN prediction model with 0.24174 MW, and the maximum prediction deviation of
DBO-CNN model is 0.19959 MW, which is the smallest value among the three prediction
models, indicating that the stability of the DBO-CNN prediction model is the best. In
summary, the model prediction effect of the DBO-CNN energy storage output prediction
model is better than that of CNN model and SVM model in both the training set and
the test set, and the stability of its model is good, the accuracy is high, the prediction
deviation is small, and the performance of each evaluation index is the best.

6. Conclusion. Aiming at the problem of energy storage tracking wind power plan out-
put, an energy storage overrun optimisation control strategy based on the DBO is pro-
posed, which can effectively reduce the deviation of the joint wind-storage grid tracking
wind power scheduling plan while taking into account the charge state. While satisfying
the current output plan, it takes into account the regulation capability in the future time,
optimises the health, extends the applicable life, and improves the benefits of the combined
wind and storage system. In addition, a CNN-based energy storage overrun optimisation
control strategy is proposed. The loss function in CNN is used as the adaptation function
of DBO algorithm, which achieves the optimisation of CNN adaptive weights and thresh-
olds, speeds up the iteration speed of the model, and improves the generalisation ability
of the model, and the simulation results show that the CNN energy storage optimisation
control strategy can get rid of the dependence on the energy storage output data of other
time periods, and quickly give the output instruction of the energy storage of the time
period, and improve the control speed.
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