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Abstract: Under the premise of ensuring the safe and stable operation of a wind-thermal-storage
power system, this paper proposes an optimization model aimed at improving its overall economic
efficiency and effectively reducing the peak-to-valley load difference. The model transforms the
multi-objective optimization problem to solve a feasible interval of weight coefficients. We introduce
a novel fusion model, where a Convolutional Neural Network (CNN) is melded with a Long Short-
Term Memory Network (LSTM) to form the target network structure. Additionally, for datasets
with limited samples, we incorporate a Self-Attention Mechanism (SAM) into the Model-Agnostic
Meta-Learning (MAML). Ultimately, we build an MAML-SAM-CNN-LSTM network model to solve
the interval of weight coefficients. An arithmetic validation of a modified IEEE 30-node system
demonstrates that the MAML-SAM-CNN-LSTM network proposed in this paper can adeptly solve
the feasible intervals of weight coefficients in the optimization model of the wind-thermal storage
system. This is achieved under the constraints of the specified wind-thermal storage power system
operation indexes. The evaluation indexes of the network model, including its accuracy, precision,
recall, and F1 score, all exceed 98.72%, 98.57%, 98.30%, and 98.57%, respectively. This denotes a
superior performance compared to the other three network models, offering an effective reference for
optimizing decision-making and facilitating the enhanced realization of multi-objective, on-demand
scheduling in the wind-thermal storage power system.

Keywords: MAML-SAM-CNN-LSTM network; deep learning; wind-thermal-storage system

1. Introduction

Due to the continuous increases in electricity consumption and environmental con-
cerns, governments around the world have issued many incentive policies for renewable
energy, significantly promoting their development and utilization [1]. However, when
renewable energy is integrated into the power system at a large scale, its instability poses a
challenge to the safety and reliability of the power grid. Energy storage provides energy
with the ability to time-shift, enabling the storage of excess generation during periods of
low demand (load valleys) and the injection of power into the grid during periods of high
demand (load peaks). Therefore, leveraging energy storage is an attractive solution, which
can mitigate the uncertainty associated with renewable energy generation. The ensuing
challenge lies in coordinating the output of renewable energy (wind power in this paper),
energy storage, and thermal power units to optimize the operation of the wind-thermal
storage system.

A power system scheduling that is solely based on economic objectives falls short
in addressing the requirements stemming from the evolution of the power industry and
low-carbon environmental protection [2]. Therefore, the multi-objective optimization of
multi-energy systems has become a hot research topic. Ref. [3] investigates the game
relationship between integrated operating costs and the wind abandonment of a hybrid
generation system, including thermal power units, wind farms and battery storage. Ref. [4]
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developed a multi-objective scheduling model for an integrated energy system, considering
two perspectives: cost and pollutant emissions. Ref. [5] considers the minimization of
net cost and the probability of power supply loss for the multi-objective co-optimization
of a wind-PV-storage hybrid power system. The choice of objective function in the
optimization model directly mirrors the diverse requirements of decision-makers regarding
the system’s operational performance. Given the potential for wind power with anti-
peaking characteristics to become connected to the grid and increase the peak-to-valley
difference, this paper is expected to reduce the level of net load fluctuations in the system.

It can be seen that the objective function in the optimization model primarily includes
two types, economic objectives and non-economic objectives, which frequently conflict with
each other [6]. Therefore, determining the weights of each attribute in the multi-attribute
decision space is crucial, and exploring optimization algorithms for this purpose is also
highly significant.

At present, to balance multiple objectives, the most widely used methods include
the weighted sum method [7,8], game theory [9,10], and various meta heuristic algo-
rithms [11,12]. Ref. [13] proposed an optimal eco-emission scheduling model for the
distribution network, considering demand response, and solved the problem using the
weighted sum method and fuzzy decision making. Ref. [14] addressed multi-objective
optimization problems by using the weighted sum method combined with the constraint
method to minimize the cost and carbon dioxide emissions of regional heating systems.
Ref. [15] applied the weighted sum method to establish a multi-objective function for
hybrid energy systems, and used the entropy weight method as a quantitative method to
calculate the weight factors, improving the objectivity of decision-making. The weighted
sum method can transform a high-dimensional, multi-objective, optimization problem into
a low-dimensional problem, greatly simplifying the solving process [16], but the correlation
between changes in weight coefficients and conflicting objectives has not been analyzed.
Ref. [17] proposed using game theory to solve the optimization operation of microgrids,
and obtained a multi-objective equilibrium result that effectively reduces pollution without
increasing the costs. Ref. [18] proposed an optimization algorithm based on potential
game theory, which could achieve coordination in terms of the economy, environment, and
satisfaction of the microgrid. However, because it requires the calculation of game theory
objects individually, the game-theory-based approach is more suitable for small-scale mi-
crogrids. Applying it to larger grid sizes would significantly extend the computational time.
Ref. [19] employed a non-dominated sorting genetic algorithm to optimize three objectives
simultaneously: operating costs, carbon emissions, and customer dissatisfaction, obtaining
Pareto fronts. Subsequently, the TOPSIS method was utilized to determine the optimal
solution. Ref. [20] used a multi-objective differential evolution algorithm to solve the
dynamic economic scheduling model for wind—photovoltaic—storage systems. Targeting
the maximum economic benefits and minimal interaction fluctuations in the power grid,
Ref. [21] used a predictive variation particle swarm optimization to derive the Pareto so-
lution set. Based on this, the final solution was selected using the membership function.
Although metaheuristic methods have an excellent performance when identifying global
optimal solutions, their solving speed is slow due to the complex coding and large number
of iterative calculations. In addition, for problems with complex Pareto fronts, the uniform
distribution of solutions can not be guaranteed [22,23].

Each of the above methods for multi-objective optimization has its own characteristics.
However, they do not consider the preferences of decision-makers or operators, so the
optimal solutions are only fixed values that satisfy the objective model. Whether the plan
in actual scheduling should be adopted or adjusted still largely depends on subjective judg-
ment. Therefore, this article proposes a deep learning algorithm to deduce the reasonable
range of system operating parameters (weight coefficients) based on the preferences of
decision-makers or operators, i.e., the prescribed system indicator threshold. This facilitates
dispatchers in determining whether to adjust the power generation strategy to achieve sys-
tem optimization under the preferred objectives, and has greater value and significance in
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engineering applications. The innovations and contributions of this article are summarized
as follows:

(1) The establishment of a multi-objective optimization model that considers both the
peak load shifting and economic costs.

(2) An exploration of the correlation between changes in weight coefficients and conflict-
ing objectives.

(3) The development of an MAML-SAM-CNN-LSTM network, rooted in deep learning
algorithms, to deduce the reasonable range of system operating parameters (weight
coefficients) in terms of the prescribed indicator threshold, which can suit the decision-
makers’ or operators’ preferences and achieve on-demand coordination between
system economy and peak load shifting.

2. Multi-Objective Optimization Model

For different hybrid systems, the objective function, decision variables, and constraints
of the mathematical model are different, but the general minimization problem of M
objectives can be expressed mathematically, as follows:

minF(x)= min(f; (x), f(x), -, fur(x)]" (1)
g (x)=0k=12---,K (2)
hj(x)ZO;j:1,2,~~~,] (3)

where x = [x1, X3, . . ., Xs]T, and s is the dimension of the variable in the decision space. fj
(x) is the i-th objective function, gy (x) is the k-th equality constraint, and h; (x) is the j-th
inequality constraint.

The data show that, in multi-objective optimization articles, researchers focus on
two indicators: economy and reliability [24]. Therefore, Equation (1) can be rewritten to an
expression including the weight coefficient, as follows:

minF(x)= min[fe (x)+wf;(x)] 4)

where f. (x) is the economic target; f; (x) is the non-economic target (peak load shifting
target in this paper); w is the weight coefficient used to balance the goals of peak load
shifting and system economy. Based on Equation (4), this article harmonizes the mutual
game of two targets. We employed deep learning algorithms to determine the feasible
interval of the w and explore the impacts of w variations on the operation of the wind-
thermal-storage system.

3. Wind-Thermal-Storage System Model

The wind-thermal-storage system studied in this article mainly consists of conven-
tional thermal power generators, renewable energy (wind turbines), grid-side battery
stations, and power loads.

3.1. Objective Function

The objective function is guided by different evaluation indicators and will have
different impacts on the system’s optimization results. The optimization objectives of the
model proposed in this article include two parts: system economic cost and peak load
shifting. During the dispatch cycle, wind power can be accommodated to the maximum
extent possible based on the actual load of the system, and efforts are made to smooth
the net load curve, provided that operational constraints are met. At the same time, by
reasonably allocating the outputs of units within the system, the operating cost of the entire
wind-thermal-storage system is minimized.

In the constructed optimal model, the peak load shifting goal is converted into the
load-balancing economic cost and added to the total costs. Consequently, the system
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operating costs and net load fluctuations can be optimized simultaneously to minimize the
total system costs. Equation (4) is rewritten as follows:

minF = fg+fow —i—fE—I—(,UfP]S 5)

where fG is the operating cost of the conventional thermal power unit, f.y is the wind
abandonment cost, fg is the battery charging and discharging cost, and s is the economic
cost function for peak load shifting. Different system economies and peak load shifting
effects can be achieved by dynamically adjusting w.

(1) The operation cost of the conventional thermal power units can be expressed as
the costs of coal consumption:

Nr Ng

fc = Z Z aiPZG,i,t"‘biPG,i,t“'Ci (6)
t=1i=1

where aj, bj, and ¢; are the coefficients of the coal consumption curve of unit i. P is the
active output of conventional unit i in time period t. Nt is the number of time steps in a
scheduling period and, in this paper, the scheduling period is set as one day, and the time
stepis 1 h, i.e., Nt = 24. N is the number of conventional units.

(2) To increase the acceptance of wind power and reduce its abandonment rate, an
abandonment penalty cost is established:

Nt Ny

few = 2 2 ch,j (wa,j,t - I"w,j,t) (7)

t=1j=1

where Cy is the wind abandonment cost coefficient in wind farm j. Pgy ;¢ and Py are
the predicted and dispatched wind power of wind farm j at time t, respectively. Nyy is the
number of wind farms.

(3) Assuming that the operator owns the energy storage system, the cost of energy
storage in this study is only the operation cost:

Nt Ng

fe =) ) Cex(Pecit+ Pepkt) (8)
=1 k=1

where Cg is the operation cost coefficient of storage battery k. Pgcy is the charging
power of storage battery k at time t, and Pgp i 1 is the discharging power (both of them are
positive). N is the amount of energy storage.

(4) In this article, the sum of squared net load changes in consecutive time intervals
characterizes net load fluctuations, representing the goal of peak shaving. Then, the
charging—discharging power of energy storages and the wind power outputs is regarded
as the generalized electric load. The sum of the electrical loads and battery charging power
belongs to the load side, and the sum of the battery discharging power and wind power
output belongs to the generation side; then, the difference between them is defined as the
net load.

N Ng Ng Nw
Prett= ()_Prit+ Y Prcke) — (Y Pepxe+ Y Pwjt) )
i-1 k=1 k=1 i=1

where Ppet ¢ is the system net load at moment t, Py ; + is the active power of load node i at
time t, and N is the number of load nodes.

Due to the disparity in meaning and magnitude between the peak shaving objective
and the operating cost objective function, an economic function is incorporated to map the
peak shaving objective to the economic dimension.

Nr
fpls = Z fb (Pnet,t - Pnet,t—l) (10)
t=1
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where fi,(x) = 0.5x? is commonly used in the load leveling problem [25].
The constraints encompass various aspects, including limitations on system operation,
and the operation of conventional units, wind turbines, and energy storage systems.

Ng Nw Np Ng Ng
Y Pgic+ Y Puje=3 Prit+ Y Pecit— ) PeDkt (11)
i=1 =1 i=1 k=1 k=1
PET < PG < PET (12)
PAOYM . At < Pgip — Pgjie1 < Pgy - At (13)
0 < Puwjt < Pyt (14)
PrcriAt  Prpy At
SOC) ;= SOCy; 1 + (nEC'k ECkt™ _ _EDkt ) x 100% (15)
SEN k MED,KSEN K
SOCM < SOCy ¢ < SOCI™ (16)
PR < Ppce < PREX (17)
PESY < Pepjt < PES (18)

where Equation (11) represents the balance constraint of active power in the hybrid system.
Equation (12) represents the limits of the generator active power; 811“ and Pg{* are the
minimum and maximum active power of thermal unit i, respectively. Equation (13) is the
ramping constraints; P‘JIGC,’iWn and Pépl represent the maximum downhill rate and maximum
uphill rate of thermal power unit i. At is the time interval, and At = 60 min in this paper.
Equation (14) is the constraint of the grid-connected wind power. Equations (15)-(18)
denote the operation constraints of the energy storage batteries. SOCy is the State of
Charge (SOC) parameter of battery k at time t, ngc x and ngp i denote the charging and
discharging efficiencies of battery k, and Sgy k is the rated capacity of battery k. SOCi** and

SOCRN are the maximum and minimum SOC values of battery k, respectively. E‘ka and
PECX are the lower and upper limits of the charging power of battery k, respectively. E‘]i)r,‘k
and Pg[5), are the lower and upper limits of the discharging power of battery k, respectively.

3.2. System Operation Evaluation Indicators

To evaluate and adjust the operating status of the wind-thermal-storage system, this
article provides two types of evaluation indicators.

The economic indicator, denoted as the system’s total cost, F, can be calculated using
Equation (5).

The peak load shifting evaluation index primarily describes the degree of flattening of
the net load curve on a given time scale, and it can be characterized by the net load valley-
peak coefficient 6. The definition of 3 is the ratio of the minimum net load to the maximum
in a wind-thermal-storage system during a dispatch cycle. This ratio is calculated using

the following formula:
Pmip
5 =piet (19)
net

where PTIM is the minimum value of the net load in a dispatch cycle, and PR2X is the maximum.

Under system constraints, for any given w, the minimum total cost can be obtained by
solving Equation (5) through an optimization algorithm. At the same time, the operating
parameters of thermal power, wind power, and energy storage can be calculated, and
further the net load valley—peak coefficient 5, so the values of (F, 3) can be obtained.
For different w values, the corresponding values of (F, ) can obtained. However, when
traversing w to acquire the set of (F, §), the computing power and time costs that are
involved are quite significant and unrealistic.
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Grid dispatching staff often aspire to control (F, §) within a certain range; that is, under
the premise of the safe and stable operation of the power grid, they aim to effectively
improve the overall economy and reduce the peak—valley load difference. Therefore, this
article expects that w can be solved under any given system operating indicator threshold
(F, 8). If there is no solution for w, this implies that the expectation of achieving (F, 5)
simultaneously is unreasonable. However, if there are multiple w solutions, all satisfying
the (F, 8) requirement, the multi-objective optimization problem can be transformed into a
feasible interval problem to solve w.

4. MAML-SAM-CNN-LSTM Neural Network

Given the limited data in the (F, 8) set, we introduced Model-Agnostic Meta- Learning
(MAML) into the target network structure of the Convolutional Neural Network-Long
Short-Term Memory Network (CNN-LSTM) to address the challenges posed by a small
sample size. Additionally, the Self-Attention Mechanism (SAM) was incorporated to
enhance the generalization performance of the neural network and its adaptability to new
tasks, resulting in the construction of the MAML-SAM-CNN-LSTM network.

4.1. CNN-LSTM Network

CNN can extract the features hidden in input data, reduce data dimensions, and
prevent overfitting. It is commonly used for regression or classification tasks [26].
The feature extraction equation for one-dimensional convolution is as follows:

Y = Lg(W*X + By) (20)

where Y is the feature extracted by 1D convolution, Ly is the activation function LeakRelu,
Wj is the weight matrix, and B; is the bias matrix. X is the sets of input sequences, namely
the sets of net load valley—peak coefficients and the total costs. * is convolution operation.

The Recurrent Neural Network (RNN) is prone to gradient vanishing and exploding
during the training process and, over time, information that is input from the past will
gradually be forgotten [27]. The LSTM network [28] adds three gate structures (forget
gate fg, input gate ig, and output gate og) and cell state (ct) on the basis of RNN. The
new information that should be retained in ct at the current moment is determined by ig;
information that needs to be forgotten in ct is determined by fg; information that needs to
be output from ct and input at the next moment is determined by og. The expressions for
the three gates, respectively, are as follows:

fge= o{Wiglh 1, xe] +bg} (21)
igt: U{Wig [htflfx’f} + big} (22)
Og= G{Wog [htfl’xt] + bog} (23)

where fg; denotes the output vector of the forget gate, ig; denotes the output vector of the
input gate, and og; denotes the output vector of the output gate. o denotes the sigmoid
activation function. h;_; denotes the output of LSTM unit at a previous time, and x; denotes
the input of LSTM unit at the current time. ng, Wig, Wog, and bfg, big, and bog denote the
weights and biases, respectively, to be learned during training.
The inputs for of LSTM at the next moment are ct; and h;, and the expression is
as follows: N
Ci=tanh{W_[h, ;,x{ +b.} (24)

cty= fg, © ct_1+ig, © Ct (25)
hi= og, ® tanh(ct,) (26)
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where C; represents the candidate information, tanh represents the hyperbolic tangent
activation function, and W, and b, the represent weights and biases of the information; ®
denotes the element-wise product (Hadamard product).

In the paper, the spatial features of (F, §) are extracted by CNN, and the time char-
acteristics of the input data (F, 0) are extracted using LSTM. The structure of the used
CNN-LSTM network is shown in Figure 1.

Ve Ve N\ Ve \ Ve \ ‘/ N\ Ve \ Ve N\
Output L ( ) ( ) ) ( ) X ( ) ) \ )
uiput ayer N/ \_/ N/ N/ N N/ ./
Full Layer
Cia X - T » cty T »Cit
tanh tanh
| 1 Og‘l iX Tgeu] '9m| f ogml >X
LST™M tanh | o o tanh o
Layer L 1 1
hea ] T T T T > he ] his1
- Yo
Flatten Layer
i( i MaxPooling
CNN Layer o Layer
\ | Conv-ReLU
e G e — Layer
’ \ / \
1\ | t |
. B T Tt
InputLayer | (F., 53} | {Fa52}] (Fs.0 ) KGR (Foz. 802} (Frs 50} | (Fo B}

Figure 1. Network structure of CNN-LSTM.

4.2. MAML-SAM Network
4.2.1. MAML Network

According to the optimization model of the wind-thermal-storage system established
in this article, for each weight coefficient w, there is a corresponding total cost and valley—
peak coefficients (F, 5). However, in reality, it is not possible to sequentially substitute each
w into the model and calculate the corresponding set of operational evaluation indicators.
Therefore, due to the limited computing power and time costs, the obtained dataset samples
are relatively small.

Most deep learning networks require large-scale datasets for training, and when faced
with small amounts of data, they often have a poor model performance [29]. In order to
address the small sample problem, and improve the generalization performance of the
neural network and its adaptability to new tasks, this paper introduces MAML [30], which
is executed in two stages: meta training and meta testing [31,32]. The goal of the meta
training stage is to find an effective meta initialization, which will be used as the starting
point for adaptive optimization parameters in the meta testing stage so that the model can
effectively solve new tasks with only a small number of annotated samples.
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First, the training task set D™e®-rain and the testing task set D™eta-test are constructed
based on the dataset. In the meta training stage, several training tasks TI" are extracted
from D™eta-train and the data in each training task T are partitioned into a support set
TN and a query set Tflriain. As network fy is subjected to initialization parameter 6, the
initialization parameter needs to be updated from 0 to 8/, which is obtained through one or
more gradient descent. In the MAML algorithm, gradient calculations are performed on

each Tsitrain using the following formula:
Giz 0 — (XVLTtga'm (fe) (27)

train
si

task, and 7 represents the gradient operation. After gradient updating, the parameter
is obtained.

Then, the effects of 0 on the model are tested for the query set Tgiam of all training
tasks. The goal of the meta training stage is to minimize the sum of model losses across
all Ttrain.

q

where « is the learning rate, L t.in denotes the loss on the support set T;*™ of the training

min Z LTtpain (fe() (28)
Ttrgin ! !
qi

Next, the second updating of model parameter 6 is performed using the follo-

wing formula:
0 < 0 — BVLyuain(fg) (29)
ai i

where 3 is a hyperparameter.

In the meta training stage, after two gradient updates, the parameter 8, which per-
formed well on all tasks, is identified and used in the meta testing phase to enable the
model to make accurate predictions even with small amounts of data.

During the meta testing phase, test task T* is extracted from the test task set D™eta-test,
Similarly, the data in each test task Ti*! are partitioned into a query set TfleiSt and a support
set TS,

In this phase, the optimized parameters and model obtained in the meta training
stage are finetuned through T*!. The parameters in the model are updated again through
Equation (30) to obtain the final 6;":

eikz 0 — 'YVLTt‘gst (fe) (30)

where y denotes the learning rate.
The loss function is as follows:

1N
L(fg) =— ﬁZyilong (x;) (31)
Si=1

where x; is the input feature of the model, y; is the input label of the model, and N; is
sample size.

Finally, the model is validated by the data from Tf]*’ft.

Figure 2 shows the MAML network structure.
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Figure 2. Network structure of MAML.

42.2.SAM

When processing sequence data, each element can be associated with other elements
in the sequence, rather than just relying on the element itself. SAM can be used in deep
learning to capture the interrelationships between elements in a sequence.

The structure of SAM is shown in Figure 3. It provides an efficient method for
modeling and capturing information about the correlations between different tasks through
the trio of the key, query, and value vector.

@ @]

T
k

softmax| 1 . I
L

-,
De- O
0%

i

Query vector Q Key vector K Value vector V

=0l
| |
| |
| |
| |
11
| |
A4
WQ
WKT
==l
| |
| |
Input | |
i
| |
@)

Figure 3. Structure diagram of SAM.
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First, each input is linearly mapped to three different spaces. For the entire input
sequence S, the query vector Q, key vector K, and value vector V are obtained through a
linear mapping matrix [33]. The mapping process is illustrated below:

Q=5-WQ (32)
K=5-WK (33)
vV=5-Ww" (34)

where S represents the input vector. WQ, WK, and WV represent the weight vectors.
Next, the dot product is applied to Q and K, where the dimensions of Q and K are
the same. The results of the dot product undergo a scaling operation to yield similarity
weight coefficients. These coefficients are then normalized using the softmax function.
Finally, the normalized similarity weight coefficient matrix is subjected to a dot product
with vector V to obtain the attention score (AS).

Q-KT
Vi

where KT is the transpose matrix of K, and /dy is the scaling factor.

The attention score allows us to quantify the degree of correlation between elements
in a sequence.

Although MAML has shown its potential in deep learning, it has a core flaw: it
cannot learn an initialization parameter that considers the correlation between tasks. This
means that the initialization parameters of MAML may not always be optimal, especially
when there is potential similarity between tasks. To overcome this problem, this article
incorporates SAM into MAML. Compared with traditional MAML methods, it calculates
the similarity between tasks based on the feature vectors output of each task in the network
structure, thereby obtaining a more suitable initialization parameter that not only integrates
information from the current task, but also incorporates information from other, similar
tasks. In this way, an initialization parameter is generated which is more conducive to
meta learning. This means that the designed network model is not only better able to
learn individual tasks, but it also understands the interrelationships between tasks, thereby
achieving a more efficient and accurate form of meta learning.

AS = softmax(

)V (35)

4.3. MAML-SAM-CNN-LSTM Network

This article adopts MAML-SAM as the meta learning framework. Under the guidance
of MAML-SAM, considering the task’s relevance, the optimal initialization parameters
of the target network, CNN-LSTM, are found, and the interval solution of the weight
coefficients is completed by MAML-SAM-CNN-LSTM. The network structure is shown in
Figure 4.

Firstly, based on the different weight coefficients w, their corresponding total cost, and
the valley—peak coefficient (F, 0) are calculated by the wind—thermal-storage power system
model. The data in the (F, 6) dataset are divided into intervals; then, a meta training set
(including n training tasks) and a meta testing set are constructed.

During the meta-training phase, spatio-temporal features are extracted from each
training task using CNN-LSTM. These feature vectors are input into the self-attention layer,
and are weighted and rearranged for each task through a self-attention mechanism that
excels at capturing the interrelationships between elements. This process optimizes the
feature representations for each task, and the resulting optimized feature representations
are utilized to update the model parameters in the subsequent two stages. In the first step,
leveraging the support set data, the model parameters are adjusted at the individual task
level according to Equation (27) for rapid adaptation to the new task. In the second step,
using the query set data, the learning results from multiple tasks are aggregated to further
optimize the initial model parameters through Equation (29). After two gradient updates,
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MAML can learn the optimal initialization weights during the meta-training phase. This
enables the model to achieve improved results not only on individual tasks but also across
all tasks, facilitating enhanced generalization even in the face of unknown tasks.
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Figure 4. Network structure of MAML-SAM-CNN-LSTM.

During the meta-testing phase, the pre-optimized parameters are incorporated into
the CNN-LSTM network. Subsequently, fine-tuning takes place using the support set Ttest
si of the new task, enabling the model to better adapt to the characteristics of the specific
task. After fine-tuning, validation is carried out using the query set Ttest qi of the new task
to assess the generalization ability and performance of the model.

In this framework, the utilization of SAM facilitates the capture of intrinsic correla-
tions and differences across tasks, thereby augmenting the model’s feature extraction and
learning capabilities. Within the scope of this paper, SAM is applied in the meta-training
phase to enable the model to acquire the optimization parameters that are applicable to all
tasks. However, in the meta-testing phase, the model requires only additional fine-tuning
and validation on a specific task based on the optimization parameters, rendering the use

of the self-attention mechanism unnecessary during this phase.

4.4. Algorithm Evaluation Indicators

This article uses accuracy (ACC), precision (PRE), recall (REC), and F1 score (F1) as
the criteria to evaluate the performances of the MAML-SAM-CNN-LSTM network. The
calculation methods for these evaluation indicators are thoroughly explained in Ref. [34].

5. Example Verification

This article employs a modified IEEE 30-node system for simulation analysis. The
system includes six conventional, coal-fired thermal power generators, a wind farm located
at node 8, a battery storage system, and multiple electric loads, as depicted in Figure 5
(@ represents the wind farm, © represents the thermal power unit, © represents the battery
storage system). The battery storage system is configured similarly to the largest energy
storage project in China, featuring a capacity of 100 MW /400 MW-h. The parameters of
thermal power units are taken from reference [35]. The 24 h load forecasting curve and
wind power forecasting curve are shown in Figure 6. The time step is 1 h, during which

power generation and load are considered constant.



Energies 2024, 17, 1082

12 of 18

00 ©, &, . 89

L ]| L J *

3 T.—4. s |I|T|—I 10
v =28

14./ If_,‘ i* {24 4 i

v v 30

23 25 29

Figure 5. A modified IEEE 30-node system.

500 -
—E— Predicted load

—8— Predicted wind power

450

Time (h)
Figure 6. 24 h forecast curves of load and wind power.

5.1. Dynamic Adjustment of Weight Coefficients

To analyze the impacts of different attributes weights on each objective (system econ-
omy and peak load shifting in this paper) in the multi-objective optimization decision
space, comparative analyses of the system operation results are conducted under different
weight coefficients. The changes in the system’s total costs and the net load valley—peak
coefficients are shown in Figure 7, and some data are shown in Table 1.

Table 1. Total costs and net load valley—peak coefficients under various weight coefficients.

Net Load Valley-Peak

Weight Coefficient System Total Cost (¥) Coefficient & (%)
w=0 264,307.38 55.15
w =10 1,149,804.81 94.08
w =20 1,352,014.56 96.19

When the weight coefficient w varies within the range of 0-20, both the total cost and
the valley—peak coefficient of the net load rapidly increase as w increases. When w increases
from 0 to 20, 6 increases from 55.15% to 96.19%, and the valley—peak difference of the net
load narrows. This indicates that the larger the weight coefficient, the more prominent
the peak load shifting goals of the wind—thermal-storage hybrid system, and the better
the improvement in the fluctuations in the net load curve. However, with w increasing,
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the total cost also shows an upward trend, indicating that good peak load shifting effects
are directly proportional to the economic costs. When w increases from 0 to 20, the total
economic cost increases by more than five times, from 264,307.38 CNY to 1,352,014.56 CNY,
which is mainly due to the gradual increase in system wind abandonment under the same
storage capacity, in order to minimize the impact of the anti-peaking characteristics of the
wind power and to obtain a smoother net load curve. When w exceeds 20, § levelled off,
but the total cost still increases, so it is not discussed.

100 160
—S— Net load valley-peak coefficient o) o o 10)
[ Total cost o] © ¢
0 ¥ 140
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Figure 7. Total costs and net load valley—peak coefficients under various weight coefficients.

In summary, it can be seen that different system economy and peak load shifting effects
can be obtained by changing the weight coefficient w. Therefore, setting different weight
coefficients based on operator preferences can allow for better control and management of
the wind-thermal-storage system.

5.2. Solution Interval of Weight Coefficient

To address the interval range of the weight coefficient, we partition the sample dataset
into ten tasks and one of them is randomly selected as the test task, while the remaining
nine tasks serve as training tasks, to complete the training of the MAML-SAM-CNN-
LSTM network.

Assume that the system operation indicators set by the operator are as follows: the
net load valley—peak coefficient is above 80%, and the total daily operating cost is below
800,000 CNY, i.e., (F, 8) = (800,000, 80%). Inputting this into the trained MAML-SAM-CNN-
LSTM network, the weight coefficients that meet the requirements can be directly obtained,
which is a range described in [2.74, 4.09]. The changes in the system net load, actual output
of the wind farm, and the energy storage power when the weight coefficients are taken
from both ends are shown in Figure 8.

When w = 2.74, the peak-valley difference in the net load is 63.2 KW, and the valley—
peak coefficient of the net load is 80.06%. When w increases to 4.09, the peak-valley
difference decreases to 45.4 KW, and the valley—peak coefficient increases to 85.37%. The
net load curve of the system becomes smoother, indicating that the value of w affects the
fluctuation level of the system’s net load. The larger the value of w, the more stable the
net load curve. However, at the same time, better peak load shifting effects will lead to an
increase in wind abandonment, resulting in a higher total cost. On the contrary, the smaller
the value of w, the lower the economic cost of the system.

To further verify the accuracy of the weight coefficient range provided by the MAML-
SAM-CNN-LSTM network, extreme and intermediate values are taken and substituted
into the wind-thermal—storage system model for verification. The total system costs and
net load valley—peak coefficients are shown in Table 2.
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Table 2. Optimization results of the wind—-thermal-storage system under different weights.

Net Load Valley-Peak

Weight Coefficient System Total Cost (CNY) Coefficient § (%)
w =273 679,321.10 79.97
w =274 681,273.51 80.06
w =342 741,798.09 82.83
w =4.09 798,866.43 85.37
w =4.10 800,442.88 85.42

When the weight coefficient is less than the lower limit of the solution range, it may
be appropriate to assume w = 2.73. Although the total system cost is below 800,000 CNY,
the net load valley—peak coefficient is 79.97%, and does not meet the requirements of the
peak load shifting indicators. As the larger the value of w, the better the peak load shifting
effects, when w is less than 2.73, the net load valley—peak coefficient will not meet the
indicator requirements set by the operator.

When the weight coefficient value exceeds the upper limit of the solution range, it
may be appropriate to take w = 4.10. At this point, the net load valley—peak coefficient is
85.42%, which meets the requirements, but the total system cost has exceeded 800,000 CNY.
Because total cost increases with the increase in w, when w is greater than 4.10, the system
cannot meet the economic indicators.

When the value of w falls within the range of 2.74—4.09, both the peak load shifting
effect indicator and the economic indicator are within the range required by the operator.
The findings illustrate the accuracy and feasibility of the proposed MAML-SAM-CNN-
LSTM network model in solving the weight coefficient interval, which can adjust the
weight coefficients according to the operator’s preferences, coordinate the system’s peak
load shifting effects and economy as needed, and assist in scheduling to achieve optimal
decision-making.

5.3. Comparison of Different Network Models
5.3.1. Experimental Data Design

Due to the different dimensions of total cost and the valley—peak coefficient, normal-
ization is required, as follows:

Xi — Xmin
Xnorm = —————_ — (36)
Xmax — Xmin



Energies 2024, 17, 1082

15 of 18

where X; is a data point in the original dataset. Xmax and Xpin are the maximum and
minimum values of the original dataset, respectively. Xnorm is the normalized value of x;,
with a range of [0, 1].

For the meta learning model, dataset partitioning is required. The value range of
the weight coefficients [0, 20] is divided into 10 equal parts, forming a pattern of [0, 2],
(2,4], ..., (18, 20]. The data in the database corresponding to each equal part are divided
into 1 task, totaling 10 tasks. To verify the classification performances of several network
models regarding extreme values, three different training and testing tasks are established,
as shown in Table 3. The first method is to use T; as the testing task and other data as the
training task; The second type uses Ty as the testing task and other data as the training
task. The third type uses Ts as the testing task and other data as the training task. The data
in each task are further partitioned, forming support and query sets.

Table 3. Data partitioning.

Training Task Sets Testing Task Sets
Ty, Ts,.. ., T1o Ty
Ty, Tp,..., Tg T1g

T1,. .., Ta, T, .., Tro Ts

5.3.2. Comparison of Performances

Four models, LSTM, CNN-LSTM, MAML-CNN-LSTM, and MAML-SAM-CNN -LSTM,
are used to solve the weight coefficients, and their performance evaluations are presented.
Tables 4-6 show the evaluation results.

Table 4. Performance evaluation results of LSTM and CNN-LSTM.

Tested Model ACC PRE REC F1
LSTM 88.07% 87.02% 86.96% 86.99%
CNN-LSTM 90.86% 90.60% 89.13% 89.86%

Table 5. Performance evaluation results of MAML-CNN-LSTM.

Testing Task ACC PRE REC F1
T 95.24% 95.59% 94.12% 94.85%
Tio 95.45% 94.74% 92.11% 93.41%
Ts 95.24% 94.12% 91.18% 92.63%

Table 6. Performance evaluation results of MAML-SAM-CNN-LSTM.

Testing Task ACC PRE REC F1
T 98.73% 98.61% 99.07% 98.84%
T1o 98.73% 98.95% 98.30% 98.62%
Ts 98.72% 98.57% 98.57% 98.57%

By comparison, it can be found that the LSTM model has the lowest scores for four in-
dicators (accuracy, precision, recall rate, and F1 score) indicating that a single deep learning
algorithm has an average performance in handling complex tasks. The performance of the
CNN-LSTM model is slightly better than that of the LSTM model, but there is no significant
difference. The MAML-CNN-LSTM model, due to its use of meta learning algorithms that
have the advantage of processing small sample data, significantly improves prediction
accuracy, but still performs slightly worse than the MAML-SAM-CNN-LSTM model.

The MAML-SAM-CNN-LSTM model achieves an excellent performance in all four
indicators and is not affected by different training and testing tasks. Compared to the LSTM
model, the accuracy improved by 12.10%, and the average F1 score increased by 13.44%.
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Compared to the MAML-CNN-LSTM model, the average accuracy also increased by 3.59%,
and the average F1 score increased by 5.39%. These data further verify the superiority of
the model proposed in this paper. Due to the use of MAML as the training framework, this
model is good at handling small sample problems, and SAM is used to fully explore the
relevant features of various tasks, causing this model to have an efficient learning speed
and a good generalization ability, which is conducive to achieving a more accurate solution
of weight coefficients.

6. Conclusions

This article proposes a method for solving the weight coefficient interval in multi-
objective optimization problems. Taking the operation optimization of the hybrid power
system as an example, the goal is set to minimize the total cost, and the peak load shift-
ing goal is converted into the economic cost of load-balancing and added to the total
cost. A wind-thermal-storage system optimization model is established, and then a deep
learning network is designed to solve the feasible weight coefficient range, achieving the
goal of the multi-objective optimization of the system. For small sample datasets, SAM
is integrated into MAML to guide the target network, CNN-LSTM, to find initial opti-
mization parameters that consider the task’s relevance, thereby accurately achieving an
interval solution of weight coefficients. Through numerical simulation, the results show
the following:

(1) Given the threshold of operating indicators for the wind-thermal-storage system, the
MAML-SAM-CNN-LSTM network model can correctly solve the weight coefficient
interval so that it meets the operation requirements and preferences for the multi-
objective optimization model, indicating that the proposed network model is feasible
and accurate.

(2) In different training and testing tasks, the MAML-SAM-CNN-LSTM model has
achieved an excellent performance, and the mean values of evaluation indicators,
such as accuracy, precision, recall rate, and F1 score, reach 98.73%, 98.71%, 98.65%,
and 98.68%, respectively, demonstrating its good adaptability.

(38) The accuracy of the MAML-SAM-CNN-LSTM network is improved by about 12.10%
compared to a single LSTM model. Compared to the MAML-CNN-LSTM model, it
also improves by about 3.59%, indicating that the proposed network model is superior
and can more accurately optimize the weight coefficient interval, thereby assisting
scheduling in achieving optimal decision-making.
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