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Abstract

This paper presents a robust hybrid optimization algorithm that combines artificial intelligence with genetic
algorithms (GA) to maximize revenue for electricity generation plants, addressing the challenges posed by wind
generation uncertainty in liberalized power markets. The novel method leverages the prediction capabilities of the
long short-term memory algorithm, a deep learning methodology, to forecast superior genetic traits. These
enhanced individuals are then incorporated into the population, accelerating the evolutionary process of the GA
and improving its ability to achieve local optimality. The effectiveness of the proposed algorithm is demonstrated
through experimental validation of the revenue optimization problem, aiming to increase wind energy utilization
by reducing compensation risks related to electricity production fluctuations in the market. The performance of
the algorithm in recommending wind power bidding capacity is evaluated using the IEEE 30-bus and 118-bus
power system model. Comparative analysis shows that auctioned wind power consumption increased by 12%
compared to the traditional GA and by more than 20% compared to the mixed integer linear programming (MILP)
method, with a corresponding revenue increase of 7% compared to the MILP scenario. Furthermore, comparison
with previous advanced GA research on the optimal power flow problem indicates not only a reduction in the
number of generations but also significant savings in computation time; the effectiveness of the approach is
confirmed by a more than 22% reduction in the NFFE index (the number of fitness function evaluations).

Keywords Electricity market - Wind farm - Optimal algorithm - Genetic algorithm - Artificial intelligence -
Deep learning - Long short term memory

1 Introduction

The integration of wind energy—one of the most prevalent renewable energy sources today—into electricity
markets is essential for promoting sustainable development and fostering fair competition [1]. Despite its
importance, this process encounters significant challenges due to the inherent volatility of wind power production.
Such volatility not only disrupts the operational stability of power systems but also escalates financial risks in the
market [2]. First, operational instabilities necessitate the exploration and implementation of optimization-based
solutions designed to achieve efficient system performance within the complex, multi-variable framework of
power systems. Optimization algorithms have been extensively discussed in the literature as crucial tools for
addressing these challenges [3]. Second, from an economic perspective, the unpredictability of wind power
generation introduces substantial financial risks, which heighten concerns among financial institutions regarding
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investments in this energy source. For instance, studies on onshore wind power investments in Canada have
illustrated the economic risks posed by such volatility [4]. Furthermore, fluctuations in wind power output often
provoke diverse market responses, resulting in financial penalties and operational challenges for wind power
producers, as highlighted in recent research [5].

Recent research has increasingly focused on mitigating uncertainties and promoting efficient investment in
wind energy participation in electricity markets. A proposed approach to risk mitigation is the combination of
contracts for difference with conventional power purchase agreements in the electricity sector [6]. Simultane-
ously, improving operational efficiency in commercial activities remains a key research focus [7]. From a
technical perspective, accurate wind speed forecasting is critical for mitigating risk impacts but is challenged by
the complexity of weather patterns and natural conditions, necessitating appropriate compensation mechanisms
for electricity buyers [8, 9]. Recent trends highlight the growing adoption of machine learning techniques for
wind speed prediction [10], alongside the use of Markov probabilistic models to forecast electricity prices and
develop effective bidding strategies in wind power markets [11].

Meta-heuristic (MH) optimization and deep learning (DL) algorithms have become essential tools for
enhancing the performance of power systems and renewable energy applications. MH algorithms, such as swarm
intelligence and evolutionary approaches, are well known for their reliable and efficient optimization capabilities
and extensive applicability [12]. Numerous studies have refined these algorithms to better suit energy-related
challenges, as exemplified by the evolutionary-gradient algorithm (EGA) [13] and the enhanced Salp swarm
algorithm (ESSA) [14]. In recent years, artificial intelligence (Al)-based algorithms, including machine learning
(ML) and DL, have advanced significantly, yielding groundbreaking improvements across various fields, such as
increasing the accuracy of wind speed predictions [15]. Beyond the continuous enhancement of individual
algorithm families, hybrid approaches combining MH and DL have emerged as a promising research direction
[16]. This study [16] also underscores the growing trend of employing MH algorithms to enhance the perfor-
mance of DL methods, a strategy that has been extensively explored. Notable hybrid techniques include the use of
MH algorithms for optimizing weights in DL architectures [17], the application of GA to improve soil moisture
prediction accuracy using LSTM networks [18], and the Enhanced Sine Cosine Algorithm (SCA) for hyperpa-
rameter tuning in LSTM and gated recurrent unit (GRU) networks for energy forecasting [19]. Conversely, the
reverse approach—leveraging DL techniques to enhance the optimization performance of MH algorithms—
remains underdeveloped, presenting a significant opportunity for future research.

The gap in integrating DL methods within the framework of MH algorithms to improve the efficiency and
convergence rate of wide-scale optimization, as discussed in this paper, is explored. The solution leverages the
accurate predictions from LSTM networks within the evolutionary process of GA to optimize and improve wind
energy investment efficiency in the electricity market. This algorithm utilizes the evolutionary principle that
future generations inherit superior traits while employing LSTM, a DL technique, to predict the improved
components of future generations’ chromosomes within the GA framework. By integrating these predicted
superior individuals into the evolutionary process, the algorithm enhances optimization efficiency and achieves
better results compared to traditional methods. The performance of the algorithm is validated through experiments
on the IEEE 30-bus and 118-bus electricity system. The results highlight the potential of this algorithm in
improving prediction accuracy and optimization in wind integration compared to traditional GA methods and
other upgraded GA variants studied in [20]. Additionally, the algorithm demonstrates advantages over MILP
methods applied in mathematical modeling, as referenced in [7]. The main contributions of this paper are
summarized as follows:

1) We propose a powerful optimization algorithm, the LSTM-GA hybrid algorithm. The strength of this
methodology lies in accelerating convergence in optimization tasks, a common limitation of MH algorithms
due to substantial computational load and the numerous iterations required to reach the target. To address
this, a stage of chromosome prediction is integrated within the evolutionary cycle. By leveraging the
predictive power of LSTM, past individuals are linked to create superior chromosomes that are closer to the
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target. These evolved individuals, akin to conditioned mutations in evolutionary algorithms, facilitate a more
efficient convergence process. Furthermore, LSTM-based predictions enable overcoming local barriers and
progressing toward global solutions, especially when the initial LSTM training data is expanded.

2) The effectiveness of this new hybrid algorithm is demonstrated through experimental validation by
optimizing the auction electricity output of wind farms in competitive electricity markets. The results of the
bidding optimization showcase significant benefits with a model integrating three distinct energy investors-
wind farms, thermal power plants, and energy storage systems (ESS). The experimental findings also align
with multi-factor and multi-objective problems involving various stochastic factors, such as wind speed
fluctuations and combined financial investment goals in wind, thermal, and energy storage operations within
competitive electricity market management.

The GA- and LSTM-based approach tested in this paper represents just one of the many experimental choices,
with the theoretical foundation suggesting further exploration into integrating other metaheuristic and deep
learning algorithms, such as PSO, or other algorithms like swarm intelligence methods and deep learning
techniques.

2 Mathematical model

The problem at hand is determining the optimal bidding capacity for wind energy in the day-ahead power market
to maximize benefits for wind farm operators. In this context, we introduce the concept of power deviation in
bidding, which is the difference between the bid power value of wind farms in the electricity market and the
predicted power value with the highest probability, known as WPD. Current research often focuses on accurately
predicting wind speed when WPD equals zero. However, maximizing the benefits in this scenario is uncertain
because unstable factors in wind power output can lead to substantial penalties, potentially discouraging
investment in the wind power sector.

2.1 The objective function

The objective function is the revenue as described by [21], including the revenue from wind, ESS, and thermal
sources.

{F =R, +Rg+Rr} (1)

This revenue includes two components: direct and uncertain revenue. Direct revenue comes from electricity
sales based on the previous auction schedule, while uncertain revenue relates to income from excess electricity
sales or costs incurred for compensating shortfalls when wind power production deviates from forecasts.

RE = HE(}VC — )L,B)PE (2)

The term R? denotes the guaranteed revenue derived from the committed wind power production P, in energy
market. Conversely, Ry, refers to the variable income component, which depends on the stochastic nature of wind
speed, AP,,. This component is modeled as the discrepancy observed in the real-time output of wind energy
compared to expected values, Py, and schedule. Rg represents the income generated from ESS, which is a
function of storage efficiency 7, the discharged power Pg, and the price margin between the selling price of
stored electricity A¢ and the charging cost /. For thermal power plants, Ry represents the revenue of the thermal
power plant, comprising both direct electricity sales revenue R% and uncertain revenue R%. A potential power
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shortage influences uncertain revenue due to insufficient wind power output or a decrease in power production
from wind power.

2.1.1 The direct revenue
This revenue is the first component in wind and thermal revenues [21],

Ry = Ri(Pys) + Ry(AP,) (3)

Ry = R%(P1y) + R%(APr) (4)
Accordingly, it is defined as the following expression,

RY = ], xPys (5)

R;{ = ;LTXPTY (6)

The bidding prices for wind (4,,) and thermal plants (A7) correspond to the bid quantities of wind power (Py;)
and thermal power (P7s) in the respective electricity markets. For investors to benefit, it is crucial to accurately
predict both the selling prices of electricity and the bid power production, as detailed in [11]. Typically, wind
power pricing is estimated using the average rate of the market’s leading energy contributor as a reference point.
The European electricity market serves as an example, where the wind power price is typically determined based
on the average selling price of gas, as it is the predominant energy source in this market [22].

2.1.2 The uncertain income components

Uncertain revenue arises when there is a deviation in wind power production from the plan. First, if there is
excess electricity, it will be sold at the price, which is usually much lower than the auction price due to its
unexpected nature. Next, if there is a shortage of electricity, a thermal power plant will sell reserve power output
to make up for this shortfall in wind power. If the thermal power plant cannot fully compensate, the ESS will
cover the remaining deficit. Finally, if the ESS is still insufficient to compensate for the shortfall, the wind power
owner must pay a contract penalty. The uncertain revenue and cost components in (3) and (4) are determined by
the following expressions [23],

re _ | Reuo(AP,(WPD)),if AP, > 0 ™)
w =\ —Cpy(AP,(WPD)), if AP,, <0

R — { Rpr (AP (WPD)), if AP > 0 (8)
r— —RRT(APT(WPD)),l.fAPT <0

The bidding error probability f,, in this problem is chosen to follow a Weibull distribution, commonly used in
wind speed forecasting, which can be referenced [24]. Meanwhile, the purchase price of electricity from thermal
power plants, ESS, and penalty prices depend on commitments but are typically higher than the auction price. The
revenue and cost components are as follows,
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RRW - kR/Lw‘Eout - kR; Z (Pas+7Tin) (pw - PWS)fw(pw)dpw (9)
Cpw = Cpr + Cpg + Cpo (10)
Pwsfrm .
CPT _ kPliwfout — kPl}wZ (Pys—Tin—APT) (PWS _pw)fw(Pw)dpw lf|T0ut‘ <APT (11)
kPlﬂvaPT; l:f"[out| Z APT

(Ptxfrin APT)

Cpg = kpalw(Tou — APr) = k2l 2y, —n-tpr—pg) (P = Pulf (P APy, if APT <|To| < (AP7 + Pp)
kp2 2P, if |Tout| > (APT + PE)

(12)

(Pws_‘[in_APT_PE)

CPO = kPO}~w(Tout - APT - PE) = kPO)“w 0 » (Pws _pW)fw(Pw)dpw (13)

The coefficients, kg and kp;, correspond to the reduction in the price of surplus power sales and the increase in
compensation price.

2.1.3 Fitness function
The objective of maximizing benefits can be attained by optimizing the profit function specified in Eq. (1).

max{F} (14)

2.2 The constraints
2.2.1 Flow power system constraints
The operational constraints of the power transmission system are considered to consist of basic conditions related

to the objective function as follows: conditions for optimizing societal benefits, conditions for maintaining the
stability of transmission power, limits on bus voltage operation, and limits on transmission line capacity [25].

mln{z Cgen’i} (15)

PGi — PD,' — ZjebuSViVj (G,‘jCOSéij + BijSil’léij) =0 (16)
QGi — QDi — ZjebuSViVj (GUSIH5’] + BijCOSéij) = O (17)
V;rél{)lus < VIEbUS V?é?))ils (18)

Sicbranch < Slezlla):‘anch (19)
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Cgen represents the cost of electrical sources; Pg;, O, Ppi, Op; refers to the active and reactive power asso-
ciated with generators and loads at the buses, and G;;, B;; signify the branch admittance; S;, ;™ indicate the
apparent power of the operation and the rated capacity of branches; V; represents the operating voltage of buses;
the voltage phase difference between buses is denoted by J;; and ymin ymax are the limited minimum and

maximum of voltages.
2.2.2 Wind turbine condition constraints

In the condition of wind turbine operation, the wind speed at which the turbine can operate is limited. When the
wind speed is too low, there is insufficient energy for the turbine blades to function. Conversely, in high wind
conditions, such as during a storm, the turbine must be protected by folding the blades and ceasing operation.
Additionally, the electrical power output of the wind turbine also adheres to the probability distribution of wind
speed, specifically the Weibull distribution.

Vin <V < Vour (20)

2.2.3 ESS operation condition constraints

The ESS system exists only when there is a benefit in constructing the system, including a wind plant. The stored
energy with battery types, such as lithium batteries, is selected with cost and revenue as the following expressions
[26],

Cgss < Rgss (21)
Chi phi Cgss = Cray + NeCo(1 — o) Pgss (22)
Doanh thu Rgss = N, (kPZ;Lw - )vbuy) (1 — o) Pggg (23)

ESS investment and operating costs are denoted as Cy,, and Cp.N,
Defined by the deep discharge coefficient o, N, indicates the total number of equivalent deep discharges
throughout the ESS’s operational life, with Pggg representing its nominal capacity.

2.2.4 Regulatory and operational constraints in power market activities
The market mechanism, as day-ahead, is structured around the alignment of electricity supply and demand,
considering both quantity and pricing criteria. Bidding data represent the proposed generation volumes and

corresponding prices from electricity producers, alongside purchase bids from consumers or distribution entities.
The matching conditions are expressed through Egs. (24) va (25), as follows [27],

Gen
min{ Z Plgenx/li } (24)

Gen Load

Y pt=) P (25)
i J
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P¥" and /; are the power output and bidding price of power plant in the electricity market. Power output and
offering prices are often based on electricity production costs for thermal power plants. This cost function is
calculated according to expressions (26) to (28), as follows [21],

CTi(PTi) = da; + biPTi + CiP%i (26)
oCri

;L = A~ — bi iP i 27

T oPr, + ¢ Pr (27)

Aw = kyymax{ A} (28)

In the envisaged thermal power price, denoted as A7y, the coefficients a;, b;, and ¢; represent the cost factors
associated with various types of turbines, contingent upon the primary kind of fuel used and turbine technology.
k,, <1 is the wind power price ratio compared to thermal power. When k,, = 1, the wind power price corresponds
to source g, the thermal power source with the highest successful bid.

o = A1y = bg + ¢oPrg (29)

Then, the wind power price adjustment coefficients in expressions (9) and (11)-(13) are calculated,

= o bt aPr—AP) () APy (30)
iw bg + CgPTg Aw
yi
kpi = )Tg =1 (31)
)"EW 1 CInv 1

kpy = =—|—+C douy | = — (UIC C Abu 32
n=T-=T Ne(l—“)PEss+ o+ % y:| Aw( Ess + Co + buy) (32)

dpw byt g [Pre + AP, — APp — (1 — ) Ppg] co[APy — AP — (1 — ) Ppg]

lw bg + CgPTg iw

3 Optimization methods

The continued prominence of the MH algorithm in optimization problems is attributed to its effectiveness in
managing the intricacies of nonlinear target functions, which many other algorithms struggle with [28]. This
reference also emphasizes that algorithms in the evolutionary techniques group, along with their advancements,
frequently lead in both theoretical research and practical applications, with GA serving as a notable example
developed in this paper due to its widespread applicability in the energy sector. Regarding the LSTM algorithm, a
boosted RNN, it is one of the most widely used deep learning tools for time series prediction [29]. LSTM has the
capability to maintain long-term information and continuously update parameters, enabling effective handling of
complex data sequences. By leveraging these strengths and its ability to operate under limited data conditions,
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integrating gene prediction using LSTM after learning from previous evolutionary processes into subsequent
hybridization with GA further optimizes the management of complex data.

3.1 GA algorithm

The primary genetic algorithm relies on evolution over multiple generations, wherein each generation consists of
one or several populations undergoing some main activities: selection, crossover, and mutation [30]. Each
individual in the population is characterized by a chromosome containing a gene sequence. The information in
each gene represents the value of a variable initialized at the start and changing across generations. Consequently,
each chromosome constitutes a complete set of variables within the objective function. Therefore, the objective
function value calculated for each individual is assessed to determine its survival within the population, and the
ultimate best deal will be the solution to the problem at hand.
The implementation steps of the GA algorithm are as follows:

(i) Step 1: Randomize the initial population with a predetermined number of individuals.

(i) Step 2: Evaluate the objective function for all individuals in the population. Order and select the best
individuals for comparison with the best individual of the previous generation and record the superior
individuals.

(iii))  Step 3: Select individuals adapted to survive while eliminating the remaining individuals. This selection
can follow specific rules, such as Tournament Selection, Rank Selection, or other selection rules.

(iv) Step 4: Perform crossover between parents to generate offspring. Crossover techniques may include
single-point and double-point, Uniform Crossover, or other crossover methods.

(v) Step 5: Mutate the genes of some individuals at a specific rate. This operation aims to accelerate
convergence or escape from loops that may lead to local optima. Various mutation techniques exist, such
as Power Mutation, Uniform Mutation, and others.

After each computing step 2 to 4, a new generation is created in the population. This process is repeated
continuously until the problem is solved.

3.2 LSTM techniques

LSTM, introduced by Hochreiter and Schmidhuber [31], is a neural network architecture rooted in the deep
learning theory of RNNs to address their limitations. It comprises interconnected and recurrent network units
called cells strategically designed to retain gradient values over short and long intervals. Using memory cells to
store information, LSTM demonstrates enhanced capabilities in discovering and utilizing long-range contextual
dependencies, as depicted in Fig. la.

Layer 1 Layer 2 Layer m
Inn — | Outy .
o T
&
g =
g B i
lnl_ = 5‘ | Out,
InL | Out
a) Network structure. b) Cell unit.

Fig. 1 Design of LSTM
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fi = o (WeX, + Wyghy—y + by) (34)

iy = a(WX, + Wyih,—1 + b;) (35)

O, = o(W,X, + Wyohi—1 + b,) (36)

C, = Cy ®f, + iy @ tanh(W.X; + Wychi_y +b,) (37)
hy = O; ® tanh(C,_y) (38)

Equations (34) to (38) define the mathematical formulation that captures the input—output behavior of each
memory cell within the LSTM architecture, in [32]. These memory cells are organized into multiple hidden
layers, which form the core of the LSTM units forming the hidden layer between input and output. As shown in
Fig. 1(b), the overall network comprises at least three main components: an input layer, a sequence of LSTM
layers, and a final output layer responsible for producing the data output.

At each time step ¢, the updated memory state and the corresponding hidden unit are computed as shown in
Egs. (37) and (38). The forget gate, input gate, and output gate—essential components in regulating the flow of
information—are mathematically formulated in Egs. (34) through (36). Nonlinear transformations are performed
using the sigmoid (o) and hyperbolic tangent (tanh) functions. Interactions between the input, memory, and
output units within hidden layers are captured via element-wise multiplication, denoted by the symbol ®. The
hidden state from the previous time step, h,_;, contributes to the current computations through element-wise
addition with the learned weight parameters. These parameters are encoded as matrix weights W(f,i,0, C) and
biases b(f,i, 0, C), which vary across different gates. After processing these elements, the resulting internal state
is stored in Cy, representing the current cell memory. During the training process with historical data, the weight
matrix and bias variables gradually adapt to the predicted data. The more accurate and complete the training data,
the more these matrices tend toward stable convergence.

3.3 Hybrid LSTM-GA algorithm

The hybrid algorithm is built on the basis of the evolutionary process, as shown in Fig. 2a. The key difference is
the integration of an additional phase in which a number of modern individuals appear in the population of each
generation. These modern individuals have superior genetic sets predicted based on the LSTM algorithm,
leveraging deep learning from the evolutionary process of past genetic sets. These individuals then continue to
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evolve according to the GA algorithm, which shortens the convergence cycle, as illustrated in Fig. 2b. The
algorithm process is further detailed in Fig. 3, with the following steps:

(i) Step 1:

Initialize power system parameters. Generators, loads, buses, and branches parameters.
Initialize wind speed PDF data basing on the Weibull distribution. Construction of wind power probability
distribution.

Fig. 3 Flowchart of LSTM- -
GA Algorithm
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Configure GA parameters. Choose methods and ratios for selection, crossover, mutation, and prediction
processes.

Initiating the LSTM parameters involves choosing the depth of intermediate LSTM layers, the architecture of
the layer neuron, and the corresponding parameters.

(i) Step 2: The predefined quantity is used to randomly initialize the population.

(iii))  Step 3: Perform an OPF assessment on the power system, incorporating system limits, then calculate the
adjustment factors for the wind power selling price. Finally, evaluate the objective function for each
individual within the population.

(iv)  Step 4: Implement hybrid model. With GA, the selection, crossover, and mutation processes are executed.
LSTM processes individual datasets to fit the LSTM input layer architecture. Training for the
initialization and update training will be gradually updated with subsequent iterations. Predict future
individuals.

(v) Step 5: Construct a population for the new generation consisting of selected individuals, offspring from
crossover, and mutated individuals, considering predicted individuals.

(vi) Step 6: Continue iterating through steps (iii) to (v) until the problem’s termination condition is satisfied.

The proposed method’s algorithmic procedure is depicted in the flowchart shown in Fig. 3. The diagram
features two vertical processes: the left side outlines the fundamental steps of the traditional Genetic Algorithm
(GA), while the right side depicts the operational sequence of the LSTM model. A distinctive feature of the
proposed algorithm is the integration of these two processes, which are interwoven during critical stages, as
shown in the figure. Initially, both processes operate independently. The input data for the LSTM is pre-processed
using the genetic structures of individuals from the GA population. While the GA evolution process remains
separate from LSTM’s prediction phase, the predicted advanced gene structures generated by the LSTM are
reintegrated into the population, enhancing subsequent evolutionary iterations of the GA. These advanced gene
structures accelerate the evolutionary process toward the objective. Meanwhile, the evolved gene pool undergoes
continuous learning by the LSTM, which updates its network weights for the next prediction phase. This iterative
cycle of prediction and evolution continues until the algorithm achieves its objective or meets predefined ter-
mination criteria. This synergistic integration of GA and LSTM not only enhances the algorithm’s efficiency but
also leverages the strengths of both methods, enabling rapid convergence to optimal solutions.

4 Test and discuss
4.1 Data of test

The experimentation is carried out using the IEEE 30-bus power system as a reference model [33]. The system
consists of a total of six power sources, including both thermal and wind energy plants, connected through thirty
nodes and forty-one branches, as detailed in the case_ieee30.m file from the MATPOWER reference [34].
Specifically, four thermal power plants are positioned at nodes 1, 2, 8, and 13. Additionally, two wind farms are
incorporated at nodes 5 and 11. Each wind turbine within these farms has a rated power capacity of 3 MW, and
operates within the following wind speed parameters: v;, = 3m/s (cut-in speed), v, = 16m/s (rated speed), and voy
= 25m/s (cut-out speed). The wind farm at bus 5 hosts 25 turbines, while the one at bus 11 contains 20 turbines.
The wind farm at bus five was chosen for comparative evaluation in the test problem, and the data was examined
in Vietnam, as shown in Table 1. The wind power source at bus 11 assumes Weibull data, as outlined in the
reference [21].

The GA design is based on the methodology described in [30]. The evolutionary process modifies genes to
achieve the desired objective. Through successive generations, the population in each generation undergoes three
fundamental evolutionary operations: selection, crossover, mutation, and prediction. The input parameters are
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Table 1 Specification of

. Wind power generation plants
wind plants P & P

Wind farm #  No. of turbines  Rate power, P,,(MW)  Weibull PDF parameter =~ Weibull mean,M,,;,

11 20 60 c=10,k=2 v = 8.862m/s

#Corresponds to the compensation coefficient of 1.6

provided in Table 2. The structure of the chromosome is illustrated in Fig. 4. In this design, gene 1 represents the
WPD. Gene 2 corresponds to the peak power generation eligible for reimbursement in wind plants, representing
the upper limit of energy production eligible for financial compensation. Gene 3 refers to the capacity bidding
value of thermal generators that are associated with wind farms, indicating the amount of power these plants are
willing to offer in coordination with the wind farm’s operation. Gene 4 quantifies the penalty rate increase, which
is applied in relation to the spot market electricity selling price, highlighting the extent to which penalties escalate
when the market price fluctuates.

The design of the LSTM model is based on the framework provided in [29]. It incorporates several essential
components, starting with input layers that process the data, followed by the LSTM hidden layers that capture the
temporal dependencies. To prevent overfitting, a dropout layer is included, enhancing the model’s generaliz-
ability. The architecture also features a fully connected layer, which generates the output response, and a
regression layer that produces the final prediction. The parameters used in the model are detailed in Table 3. The
model utilizes five input features, comprising the four variables in the chromosome and the fitness value of the
corresponding individual.

The integration of LSTM into GA is updated according to the flowchart illustrated in Fig. 3.

4.2 Result of test

Assuming 15 identical test runs for each algorithm to observe the convergence process and compare the optimal
results of the original GA and LSTM-GA.

4.2.1 Convergence process

The two radar charts in Fig. 5 illustrate the convergence process of experiments conducted on two algorithms: the
original GA in (a) and the LSTM-GA hybrid in (b). The innermost circle represents the solution to the problem,
with each dot signifying an optimization point in the iterative process. As iterations progress, the dots become
increasingly darker red, with the darkest red indicating the final iteration, corresponding to the solution. Overall,
the optimal values exhibit a clear tendency to converge toward the center of the circle across iterations. However,
the hybrid algorithm in (b) demonstrates a significantly more concentrated trend toward the center compared to
the more dispersed distribution observed with the original algorithm in (a). This suggests a faster convergence

Table 2 Input parameters of GA

Parameters Original GA Hybrid GA

Population 50 50

Crossover rate 0.8 0.8

Mutation rate 0.1 0.1

Prediction rate 0 0.05

Maximum iterations 20 20

Evolutionary Activity 3 actions (selection, crossover, mutation) 4 actions (selection, crossover, mutation, forecast)
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Fig. 5 Convergence process of the algorithms

rate for the hybrid algorithm, evident from the dense spiral pattern of darker dots near the central circle in (b).
Furthermore, in (a), the points are scattered in the outer circles during the initial iterations and then gradually
progress evenly toward the center. In contrast, in (b), the points are similarly dispersed during the early iterations
but subsequently exhibit sudden leaps and rapid spirals toward the center. Thus, during the initial generations of
the evolutionary process, both algorithms exhibit similar behaviors, with the LSTM component having limited
influence. However, as the generations advance, the LSTM component significantly accelerates the hybrid
algorithm, enabling it to overcome obstacles and efficiently reach the solution.

Figure 6 provides a clearer depiction of the experimental results, illustrating the solution trajectory across
multiple trials and comparing two algorithms, GA and LSTM-GA. Each dot represents the solution value at a
particular iteration within a single trial. Evidently, the dispersion of dots in (a) is broader than in (b), indicating
that the new algorithm demonstrates stronger convergence capabilities. By the final iteration, the dots in (a) re-
main dispersed, whereas those in (b) are nearly concentrated into a single point. This suggests that the original
algorithm’s solutions may exhibit greater error, whereas the hybrid algorithm achieves higher precision. Fur-
thermore, during the initial phase (iterations 1 through approximately 10), the graph in (b) exhibits a steeper and
smoother slope, particularly after iterations 4-5. In contrast, the graph in (a) shows occasional plateaus or abrupt
jumps in solution values. This demonstrates that the hybrid algorithm maintains consistent progress across
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Fig. 6 Test runs of the algorithms

iterations, while the original algorithm may become locally stagnant, showing no improvement over several
generations before a sudden leap.

To conclude, the early stage of optimization techniques, iterations 1 through approximately 6, are nearly
identical. This indicates that integrating LSTM does not influence performance during this phase, as clearly
illustrated in Fig. 7, which compares a typical test run of both algorithms. However, the hybrid method achieves
the target faster after about five subsequent iterations, stabilizing around iteration 9, as opposed to extending to
iteration 14 in the original algorithm (see the GA convergence points in the figure). More specifically, the steep
gradient in the hybrid algorithm’s graph between iterations 4 and 8, as shown in the figure, demonstrates the
optimal exploitation of LSTM for predicting superior genomes during this phase. Therefore, it is recommended to
continuously update and train the LSTM model during the initial stages without deploying predictions until after
iteration 4 in the test problem presented in this paper. This approach reduces the time required for prediction
execution and accelerates the hybrid algorithm’s performance. Further investigation into this critical timing is
essential to establish principles for optimizing hybrid algorithms, which is a crucial direction for future research
following this study.

4.2.2 Optimize wind power auction performance

Following the model that links wind plants, thermal power, and ESS in the test, the benefits of the joint venture
group are guaranteed to be optimal, as shown in Table 4, as a result of the LSTM-GA algorithm. The detailed
average results are WPDyy5 = —16.7%, WPDyys11 = —16.4%, Pgsss = 9 MW, and Pgss;; = 10 MW. In this
table, the recommended reduced wind power auction capacity bias is approximately 15-18% of predicted wind

Fig. 7 Comparison of GA 8
and LSTM GA LSTM-GA Convergence GA Convergence
implementations 7"..::45;.}@;;;;@‘:55:55
e x|al"®
274 w7
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= x
2n A
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68 X * Mean fitness by LSTM-GA
a

D
=

1 2 3 4 5 6 7 8 9 1011 1213 1415 16 17 18 19 20
Generation

&\ Springer Neural Computing and Applications


https://doi.org/10.1007/s00521-025-11582-y

https://doi.org/10.1007/500521-025-11582-y

Table 4 Optimization of

wind revenue by LSTM- Executions WPD (%) ESS power (MW) Revenue (M$/year)

GA bus 5 bus 11 bus 5 bus 11 Sum
1 — 159 — 164 11 8 19 75.9
2 - 172 — 165 20 12 32 75.8
3 — 18.2 — 159 6 15 21 75.8
4 — 158 — 16.0 6 9 15 75.9
5 — 157 — 16.8 5 9 14 75.9
6 - 173 —17.1 6 14 20 75.8
7 — 184 — 158 18 7 25 75.8
8 — 158 — 16.1 5 10 15 75.9
9 — 157 — 16.1 3 15 18 75.9
10 — 159 — 16.0 6 12 18 75.9
11 — 18.3 —16.2 10 4 14 75.8
12 — 18.3 —16.2 10 4 14 75.9
13 — 164 — 164 14 14 28 75.9
14 — 16.1 — 164 5 12 17 75.9
15 — 16 — 175 11 11 22 75.9
Mean — 16.7 — 164 9 10 19

generation at bus 5 and about 16-17% at bus 11, based on wind data from [21]. At that time, the optimal proposed
storage capacity is about 19 MW to achieve the maximum revenue target.

Compared to the optimal results from the GA algorithm and previous research by [7], Table 5 shows a decrease
in wind power bidding across all proposed scenarios, with WPD being negative. However, the reduction grad-
ually lessens from scenarios 1 to 3, and the LSTM-GA scenario exhibits the lowest stability in WPD values,
ranging from — 15 to — 18%. This result suggests that recommendation wind power bidding is 20% higher than
in scenario 1 and about 12% higher than in scenario 2. This approach helps improve investment efficiency and
supports the sustainable development of wind energy.

In the context of an electricity market operating under particular electricity price indices and penalty schemes,
the uncertainties associated with the specified Weibull parameters are accounted for by the findings from the
experiments, which are informed by the input data outlined in Sect. 4.1. In regions with varying wind speeds,
which lead to different uncertainty profiles, the wind speed probability distribution function will adjust the
computational results according to the formulas (7) to (13) from Sect. 2.1.2. In the same vein, the volatility in the
market, driven by fluctuations in price indices, will influence the outcomes as defined by Egs. (24) to (33) in
Sect. 2.2.4. The exploration of these factors could be considered for future investigations beyond the current
study.

Table 5 Compare optimal wind power bidding in the scenarios

Scenarios  Optimal WPD (%) ESS power Wind power output Revenue (M$/
methods X - MW) MW) year)
Wind bus 5 Wind bus 11
MILP in [7]* -30% -30% 10 95 71
GA (= 15%) ~ (— 28%) (— 16%) +~ (— 28%) 18 97 +~ 114 75.9
LSTM-GA (— 15%) ~ (— 18%) (— 16%) ~ (— 17%) 19 111 = 114 75.9
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4.2.3 Testing on IEEE 118-bus system

The 118-bus benchmark system comprises 54 generators, 2 reactors, 12 capacitors, 9 transformers, and 186
transmission branches, from the casel18.m file in the MATPOWER library [34]. Two wind power plants, each
with a maximum capacity of 400 MW, are assumed to be installed at buses 59 and 116, consistent with [35]. The
specifications of the wind power sources and associated energy storage systems are provided in the previous
section. In the electricity market, the penalty rate for wind power shortage is set at 1.6. The structures and
parameters for both the GA and LSTM-GA algorithms follow the descriptions provided earlier. The experimental
results for these approaches appear in Fig. 8.

Running 100 generations for each algorithm yields example results showing stable convergence around the
objective of M$460-470. These outcomes correspond to the following optimal proposals: WPD in the range of
17-19%, wind power output between 650 and 660 MW, and ESS maximum power of 75-88 MW. As Fig. 8
shows, the algorithm incorporating LSTM clearly converges faster, stabilizing around generation 20, while the
original GA takes up to generation 50 to reach similar stability. This indicates that as system complexity
increases, the effectiveness of integrating LSTM-based predictive elements into the GA search process becomes
more evident.

4.2.4 Testing the OPF problem on the IEEE 30-bus system

The proposed algorithm addresses the OPF problem on the IEEE 30-bus system from [36]. The results show
comparisons with four models to improve the GA algorithm as presented in [20], including: [A] penalties in the
GA; [B] GA with adjusting population size; [C] GA with multiple points; and [D] GA with specific initial
constraints.

As shown in Table 6, there is a marked reduction in the iteration count we compare to similar studies on the
population size per generation. Although the optimal cost results do not differ significantly from those in previous
studies, the efficiency gains are evident. Notably, the NFFE index is substantially lower, showing a 22% reduction
compared to the most recent study [37]. This indicates that the proposed algorithm achieves faster performance
due to reduced computational processing demands.

Furthermore, Fig. 9 provides additional insights into the algorithm’s performance. It illustrates that the benefits
of the integration become evident only after the loop has passed 10 generations. This delay suggests an initial
period where the algorithm calibrates and stabilizes before realizing its full potential. The most pronounced
effectiveness is observed between generations 10 and 40, where the algorithm demonstrates optimal performance
improvements. This period of heightened efficiency suggests that the integration strategy is particularly effective
during these generations, resulting in faster convergence and improved optimization outcomes.

Fig. 8 Convergence on 500
118-bus System
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Table 6 Assessment of

different methodological Ref [A] [B] = [Pl LSTM-GA
approaches Populations 80 400 50 200 50
Generations 200 50 200 500 156
NFFE 16,000 ~ 17,000 10,000 12,000 ~ 7800
Cost ($) 802.06 799.84 801.49 801.05 800.74
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5 Conclusion

The novelty of the proposed hybrid algorithm in this study lies in its enhancement of GA’s optimization
performance by leveraging the predictive capabilities of LSTM—distinct from prior research, which primarily
focuses on using GA to optimize the weights and architectures of LSTM or other neural networks for improved
prediction tasks.

Specifically, the proposed method integrates GA and LSTM in a manner that demonstrates strong potential in
both theoretical and practical domains. From a theoretical standpoint, the LSTM-predicted superior genetic sets
contribute to faster and more diverse evolutionary processes within the GA framework. Experimentally, the
hybrid algorithm achieves a notable reduction in convergence time, shortening the process by approximately five
generations in the IEEE 30-bus system, and up to 25 in the 118-bus system. Additionally, the experimental results
show that the algorithm has a greater ability to escape local optima, as LSTM predictions can explore solution
spaces beyond the boundaries of local peaks.

Moreover, this approach opens promising avenues for future research, particularly in the integration of deep
learning techniques with meta-heuristic optimization algorithms. It may inspire the development of novel hybrid
frameworks that were beyond the scope of this study and could be extended to a wide range of application
domains beyond power system optimization. Notably, the advantages of the proposed method become increas-
ingly evident in large-scale systems with high dimensionality and complex dynamics, especially in environments
characterized by the inherent variability and unpredictability of renewable energy sources.

Importantly, the proposed technique also addresses a critical challenge in assessing revenue efficiency in
dynamic electricity markets, particularly those with high penetration of wind power. The inherent uncertainty of
wind generation introduces real-time fluctuations and operational instability, affecting electricity prices and the
profitability of market participants. The interactive and competitive nature of bidding behavior further compli-
cates the optimization landscape, presenting a high-dimensional problem with numerous local optima. Experi-
mental results have demonstrated that the proposed hybrid algorithm not only achieves faster convergence but
also yields superior solutions compared to conventional methods, such as MILP, standard GA, and recently
developed GA-based variants in OPF. This performance advantage is particularly evident in scenarios with high
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renewable integration, where uncertainty and complexity pose significant challenges for traditional optimization
techniques.

By applying the LSTM-GA algorithm to both the IEEE 30-bus and 118-bus test systems, this study confirms
its effectiveness in improving operational efficiency in systems integrating wind power, thermal generation, and
energy storage. Furthermore, the results highlight the algorithm’s broader applicability to a range of complex
power system optimization problems, including optimal power flow, generation expansion planning, and trans-
mission system expansion in large-scale networks.
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Past research has predominantly focused on utilizing meta-heuristic algorithms to optimize neural network
structures, while the exploration of deep learning in optimization has remained relatively limited. The proposed
hybrid approach seeks to enhance wind power bidding strategies, improving profitability by predicting optimal
output power for day-ahead electricity markets. This method integrates Long Short-Term Memory (LSTM) with
Particle Swarm Optimization (PSO), leveraging LSTM’s ability to predict the active movement tendencies of
particles for more efficient and faster optimization. Experiments conducted on the IEEE 30-bus power system
show that the LSTM-PSO hybrid outperforms mathematical models and standalone PSO algorithms. It also de-
livers an optimal wind power bidding strategy, yielding peak annual revenue, while recommending a 16 %
reduction in bidding output power variance in models that integrate wind power with thermal power and energy
storage systems (ESS). Ultimately, this approach fosters confidence in wind energy investment, contributing to

sustainable development.

1. Introduction
1.1. General

The wind power industry is regarded as one of the most rapidly
growing renewable energy sources in the early 2020s [1]. While its
appeal lies in its critical role in sustainable development, it also faces
several potential challenges, including adverse impacts on operational
techniques [2], financial investment risks [3], and market volatility in
electricity trading [4], primarily due to its inherent uncertainty. To
address these challenges, numerous studies have proposed effective
solutions. For instance, accurate wind speed forecasting, as demon-
strated in [5], enables proactive control of electricity output during
operations. Policies that combine Contracts for Differences (CfDs) with
conventional Power Purchase Agreements (PPAs) have proven effective
in mitigating financial risks in electricity markets [6]. Moreover,
increasing financial penalties for wind power fluctuations has been
shown to minimize the negative impacts on market participants [7].
Another promising approach involves integrating wind power
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operations with thermal power plants and energy storage systems to
enhance investment efficiency [8]. Most of these studies aim to optimize
specific objectives, particularly in the renewable energy sector, as
emphasized in [9].

Based on their broad applicability, diversity, and adaptability to
complex multi-objective problems, MH algorithms—particularly swarm
intelligence techniques such as PSO—are widely recognized for their
robust optimization capabilities [10]. Notably, numerous studies have
enhanced these algorithms for applications in the energy sector, such as
the development of a multi-objective optimization algorithm
(M—MOPSO) to optimize hybrid solar-wind-battery systems [11], or
the improvement of the Salp Swarm Algorithm (SSA) for controlling the
maximum power point of wind turbines [12]. However, in complex
problems that account for the stochastic uncertainty of renewable en-
ergy, challenges remain regarding the speed and global convergence
probability of MH methods, especially in large and high-dimensional
search spaces. To address these challenges, researchers often employ
staged process partitioning methods [13] or integrate multiple algo-
rithms to leverage their respective strengths [14].
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Moreover, the rapid development of Artificial Intelligence (AI),
particularly DL techniques, has demonstrated significant potential in
addressing complex problems [15]. Among the prominent DL architec-
tures recently highlighted are Recurrent Neural Networks (RNN),
Generative Adversarial Networks (GAN), and Long Short-Term Memory
(LSTM) networks [16]. RNNs primarily focus on short-term sequence
predictions with a relatively simple transition function. In contrast,
GANSs excel in generating synthetic data during the learning process,
which enhances training quality and brings results closer to the target.
LSTMs, an advanced variant of RNNs, are specifically designed to
improve the analysis and processing of sequential data, particularly for
retaining long-term dependencies. Each DL architecture has its specific
domain of application. RNNs and LSTMs perform effectively in tasks
with clear temporal sequences, with LSTMs standing out for their ability
to handle tightly coupled dependencies within sequential data [17].
Additionally, LSTMs demonstrate capabilities in multi-agent navigation,
obstacle avoidance, and maintaining robust performance across se-
quences of varying lengths [18].

1.2. Mutation and Contribution

The development of MH algorithms and DL has advanced signifi-
cantly and continues to progress to meet the growing demands of
technological advancements. In addition to independent improvements,
the integration of these algorithms to enhance performance has emerged
as a natural trend. Recent studies have increasingly focused on devel-
oping hybrid techniques that combine DL with MH. The use of MH to
optimize the architecture and prediction processes of DL models has
become particularly prevalent. For instance, the Whale Optimization
Algorithm (WOA) has been applied to fine-tune the hyperparameters of
an LSTM network for thermal load forecasting [19]. A PSO-LSTM hybrid
model proposed in [20] has demonstrated superior performance in soil
moisture prediction. Additionally, the method introduced in [21] com-
bines LSTM and GAN to forecast solar power generation based on cloud
patterns, while the PSO-LSTM hybrid technique has been successfully
employed for electricity price prediction [22]. However, most current
studies focus on leveraging MH to optimize the architecture and pa-
rameters of DL models for improved prediction quality. Conversely, the
potential of DL to enhance the capabilities of MH algorithms in solving
optimization problems appears to have received insufficient attention.

Based on the identified research gap, this paper proposes a method
that integrates DL with MH algorithms to enhance the speed and effi-
ciency of global optimization processes. The proposed approach em-
ploys the LSTM model, a type of neural network known for its accurate
predictive capabilities, to assist the PSO algorithm in optimizing wind
power investments in electricity markets. The PSO algorithm operates
based on the principle of swarm intelligence, where particles move
within the search space by leveraging their own experiences as well as
the collective experience of the swarm. The proposed method takes
advantage of the LSTM model to predict the future positions and ve-
locities of particles. These predicted particles are then perturbed and
integrated into the current swarm, fostering effective interactions
among particles and enabling the PSO algorithm to achieve optimal
solutions more rapidly and efficiently. The effectiveness of the proposed
method is validated on the IEEE 30-bus standard power system. Exper-
imental results demonstrate that the method not only improves predic-
tion accuracy but also optimizes wind power integration more
effectively compared to the traditional PSO algorithm and other
enhanced PSO variants discussed in [23]. Furthermore, the method
shows significant superiority over the integer linear programming-based
mathematical optimization approach applied in a previous study [8].

The main contributions of this paper are summarized as follows:

e This paper proposes a robust hybrid algorithm named LSTM-PSO,
which combines the Al capabilities of LSTM with the optimal mo-
tion characteristics of PSO. The key highlight of this method lies in its
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ability to accelerate convergence and overcome local optima in
optimization problems, addressing one of the common limitations of
most MH algorithms. To achieve this, LSTM is utilized to predict the
superior characteristics of future particles by learning the evolu-
tionary patterns from historical particle behavior data. The predicted
particles are then refined through perturbation and integrated into
the PSO movement process. The exceptional attributes of these
predicted particles serve as a strong driving force, propelling the
swarm rapidly toward the global objective. Moreover, the predicted
particle coordinates have the potential to bypass local constraints,
enabling the swarm to overcome barriers and enhance global
convergence efficiency effectively.

e Applying the hybrid algorithm to determine the optimal wind farm
output power for bidding in the electricity market. This research
identifies a combination model of wind power, thermal power, and
energy storage systems (WTEM), as examined in [24], to maximize
benefits based on the bidding power output calculated by the hybrid
algorithm. Furthermore, the evaluation results are compared against
the optimal power flow (OPF) problem as discussed in the studies
referenced in [23].

2. Method

MH algorithms remain popular in optimization due to their ability to
handle complex nonlinear objective functions, which often pose signif-
icant challenges for traditional algorithms. Research [25] has demon-
strated the superior performance of swarm intelligence algorithms,
particularly PSO, in both theoretical studies and practical applications,
especially in the energy sector. In addition, LSTM has proven to be
highly effective in time series forecasting [17]. Its ability to retain long-
term dependencies, continuously update parameters, and handle com-
plex sequential data enables LSTM to learn efficiently even with limited
training data [26]. Building on these strengths, LSTM is integrated into
PSO to predict the coordinates and velocities of particles in future iter-
ations. After learning from prior movement patterns, LSTM provides
positional and velocity information to guide subsequent movements in
PSO. This integration results in the proposed LSTM-PSO hybrid algo-
rithm presented in this study.

This investigation focuses on optimizing wind power output bidding
in the electricity market. Traditionally, wind power owners base their
bids on predicted future output, aiming for the highest probability [27].
However, due to the unpredictable nature of electricity price fluctua-
tions, wind farm revenues may significantly decrease if compensation
accounts for uncertain output changes. Consequently, the optimal bid-
ding power output of wind farms is no longer a value predicted with the
highest probability [24]. Thus, this study proposes exploring algorithms
to determine the optimal bidding capacity for wind power in the WTEM
model. Introducing the concept of power deviation (WPD), which
measures the difference between bid values and predicted wind power
output, offers a more nuanced approach. Current prediction methods
often set WPD to zero, potentially neglecting scenarios where output
uncertainty incurs penalties, undermining investor confidence in wind
power.

2.1. Mathematical model

(i) Fitness Function

The social benefits in the WTEM model can be assessed through the
income generated as the objective of the problem [24]. Due to the un-
certainty of wind power in the group, the revenue includes two com-
ponents: direct revenue and uncertain income, as follows [24]:

Maximize {Rs = Ry, + Iy} (€8]

The first component of expression (1) is direct revenue, R, in (2).
Within it, there is direct wind revenue, R%, corresponding to the
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auctioned wind power output, P,s, and direct thermal revenue, R4,
corresponding to the auctioned thermal power output, Py. Direct rev-
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Cpr = kp1 My Tou

enue in the day-ahead electricity market is based on the unit price, Ay, kp1 }\WZ i‘” ) — Pw)fw(Dw)dD,, if |Toue| < APr
M, and the bidding power quantities, Py, Pr, of wind and thermal " ka 13
plants respectively. 12w APT, if [Tow| > APr
Ry = R}, (Pus) + R7(Pry) @)
kPZ}"WZ(Pm_Tm_APT (Pws — Pw)fw(Pw)dp,,, if APy < |Tou| < (APr + Pg)
Cpg = kpahy (T — APr) = (Ps ~tin—APr—Pg ) 14)
kPZ}\WPE7 if‘fout| > (APT + PE)

= MXPWS (3)

R‘% = }\'TxPTs (4)

Both the electricity selling price and the power output in the bidding
process must be accurately predicted in order to benefit the investor, as
outlined in documents [27,28]. The selling price of wind electricity is
often forecasted based on the price index of the dominant energy source
in the electricity market. An example of a dominant thermal power
source in the market is referenced in [29].

The second component of equation (1) is the uncertain income, I,
determined by equation (5). It depends on the predicted probability of
wind power output, contingent on the discrepancy between the actual
power output sold in real-time, P4, and the bid power output, Py,
denoted as AP,,. This uncertain income may be positive when surplus
wind power output is sold and generates revenue, R%, or it may be
negative in the event of power output shortage. In such cases, there is a
need to incur a cost to purchase energy immediately from thermal
plants, Cr, or from ESS, Cg, or to be penalized according to contracts, Cp.

I, = R%(AP,) — (Cg +Cr +Cp) (5)
Cg = ng(hc — 8)Pg (6)
Cr = R}(Pr;) + R} (APy) (7)
Cp = MpAPp (€]
AP, = Pyqy — Py )

The cost component of ESS is determined based on the efficiency, 7,
the stored power capacity, Pg, and the price differential for stored en-
ergy, A¢c, with the electricity purchase price, Az. The cost component of a
thermal plant corresponds to the direct electricity sales revenue, R%, and
the uncertain revenue, Rj}. The final cost component is the contract
penalty, calculated based on the penalty price, Ap, and the penalized
power output, APp. The wind power output may exceed or fall short at
the time of electricity sale in the market.

In case considering the probability distribution of predicted power
output, the components of uncertain revenue and costs are described by
the Weibull probability distribution and are determined by the following
expressions, which are modified from [30],

u RRW(TOth)vi,fTDut > 0
RW - { 7CPW(Tout);ifTout < 0 (10)
Rrw = krhyTour = kg WZ (Pus—tin) (Pw — Pus)fw(Pw)dpy, 11)
Cpw = Cpr+ Cpg + Cpo 12)

(Pws—Tin—APr—Pg)
CPO = kPO}\W(Tout — APr — PE) = kPO}"wZO (Pws _pw)fw(pw)dpw
(15)
v | Rer(APr),ifAPr >0
Ry = { —Rur(APy), if APy < O (16)

Where, 7,, presents the amount of output power exceeding the
agreed-upon range corresponding to the bid price for the electricity
market. When 7, > 0 indicates surplus wind power output; the excess is
sold to any buyer in need in the market at a negotiated price. Due to
uncertainty, surplus electricity prices are typically very low, even with
the possibility of no buyers. Conversely, when there is a deficit, 7o, < O,
wind farm operators are obligated to purchase electricity from backup
sources in the market to compensate for customers — failure to purchase
results in contract penalties at an extremely high price. Pursell elec-
tricity from backup sources in this scenario is sudden, leading to
significantly higher purchasing prices compared to selling in the market.

The uncertain factors related to wind revenue are described in
equation (10). Surplus electricity sales revenue and compensation costs
for shortfall electricity are expressed through equations (11) and (12),
respectively. In these equations, there are two scaling coefficients, kg
and kp;, representing the surplus electricity sales price reduction and
compensation electricity price increase. These coefficients are random
and depend on the supply and demand of the electricity market at the
spot delivery time. The value of kg ranges from O to 1, and kp; ranges
from 1 to 2.5, potentially higher. The uncertain costs include payments
to thermal plants (Cpr), ESS (Cpg), and customers penalized for power
output shortfall (Cpy), corresponding to the reserve power output of
thermal plants (APr) and ESS (Pg). Meanwhile, the uncertain revenue of
thermal plants is determined through equation (7). The wind power
output probability distribution function, f,, is established based on the
wind speed probability distribution outlined in [24,31]. This probability
distribution function utilizes a two-parameter Weibull distribution c and
k according to the references [32].

(ii) Constraints

The operational constraints of the power transmission system
include optimal operating conditions, nodal voltage limits, and power
transmission capacity of the transmission lines [33],

Pgi—Ppi— ), ViVi(Gicoss; + Bysiny) = 0 a7)
Qai —~ Qi — ) ., ViVj(Gysind; + Bjcoss;) = 0 (18)
VIR < Viepss < VI (19)
Sichranch < Siztranch (20)

where Pg;, Qgi, Ppi and Qp; represent the active and reactive power of
generation sources and loads at bus i; Gy, B; perform the admittance of
the branch connecting buses i-j; S;, S/"* denote the operated and rated
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apparent capacity of the branch; V; is the operating voltage of the bus; §;
is the phase angle difference of voltage between the buses and Vin, yme
are the minimum and maximum allowable voltage for bus i.

Next are the operational constraints of wind turbines, ref. [34], The
speed is limited to the operating range specified by the manufacturer.
The lower bound ensures energy conditions for blade operation to
commence, while the upper bound ensures no mechanical damage to the
equipment,

Vin SV < Vour 21

For ESS operational conditions, the system only exists to ensure
benefits. Operating costs and revenues refer to [35] and are represented,

Crss < Rgss 22)
Cost CESS = Clnv +NeCO(1 — a)PESS (23)
Revenue RESS = Ne (kpz}\,w — )\buy) (1 — a)PESS (24)

The investment and operation costs of ESS are denoted as Cy,, and Co.
N, represents the equivalent number of deep discharges over the lifetime
of ESS, corresponding to the deep discharge coefficient a and the rated
capacity of ESS, Pgss.

Finally, the principle of electricity market operation, the day-ahead
electricity market model, is an example based on matching orders be-
tween supply and demand in terms of quantity and price. Bid and ask
electricity price data correspond to the buying and selling prices offered
for the next day by electricity buyers, such as electricity consumers or
distribution companies. Electricity sellers mainly consist of various
types of power sources concentrated at the electricity market manage-
ment center. The adjustment of electricity prices in situations of excess
or insufficient electricity generation can be determined as follows, see
reference [36].

Jrw  bg+cg(Pry — AP,) ( Cgpr>
kp=—"=——"—">—==(1-——)=1- 25
K /‘Lw bg+CgPTg Aw ﬂ ( )
A
kp = TTg =1 26)
w
AEw 1 Crnv 1
kpy F {Ne(l fa)PEss+C°+ buy] }\W(U Cass +Co + Abuy)
@7
ko _ A _ Byt ¢g[Prg + APy — APp — (1 — a)Prss |
e o by + c4Prg
AP, — APy — (1 — a)P,
= <1+Cg[ w r—(1-a) ESS]) 14y 28)
Aw
Where,
¢ AP,
p==, ~B@aP) 29)
w
AP, — APy — (1 — a)P,
y:cg[ w r — (1 — @)Pgss | _ y(aP,) 30

Aw

The coefficients b and c¢ represent the non-fee component of the
thermal power coefficient; § and y are random variables. The expressions
constructed are based on the assumption of maximizing the linked
benefits of wind and thermal plants associated with competitive elec-
tricity market constraints, and the profit of the ESS ensures enough of its
investment and operational costs. The symbol UICgss represents the unit
investment cost of the ESS.

2.2. Optimization approach

(i) PSO Algorithm

Ain Shams Engineering Journal 16 (2025) 103285

The PSO algorithm describes the movement dynamics of a swarm as
it seeks a target [37]. This intelligent movement process operates based
on principles of competition, interaction, and randomness. The swarm’s
activities maintain relationships among individuals and between in-
dividuals and the leader. The velocity and position of the individuals,
which simulate movement in a multi-dimensional space, represent the
outcomes of each iteration, as cited in [38], and are expressed through
the following fundamental equations:

i i . i i . ;
Vi = Vit R, (?i - ﬂ) L oR, (z - H) 31)

. . ;
?iﬂ = ?i + ‘_/t+1 (32)
Where ¢1 and ¢2 are the self-velocity and social interaction weights;

R; and R, are uniformly distributed random vectors; ?i and g, are the
position vectors relative to the best individual in the same iteration and
the best in previous iterations; and X is the coordinates of individual
position.

(ii) LSTM Algorithm

In 1997, Hochreiter and Schmidhuber proposed the LSTM algorithm
[39]. The architecture of an LSTM algorithm consists of at least three
network layers: one input layer, one output layer for data, and a set of
LSTM layers situated between the input and output layers. The LSTM
layer comprises multiple hidden layers connected by Cells, structured as
illustrated in Fig. 1, and the mathematical model representing the
input-output relationships of each Cell is expressed in equations (33) to
(37) in ref [40].

fi = o(WiX, + Wigh, 1 +by) (33
i = o(WiX; + Wyihe_1 + b;) 34)
O, = o(W,oX, + Wyohe_1 +b,) (35)
C: = C,1 Qf: + i:Qtanh(W X, + Wych, 1 +b,) (36)
h, = 0,Qtanh(C, 1) (37)

In the weight matrix, the bias variables are represented as W(f, i, O,
C) and b(f, 1, O, C) respectively. Here, h, ; denotes the previously hidden
unit is an element-wise weighted summation and C, becomes the current
Cell after processing. The transformation functions are represented by
tanh and o. Equations (33) to (35) represent forget, input, and output
values, respectively. Equations (36) and (37) show the current memory
cell and hidden unit at time step t.

(iii) Proposed Hybrid LSTM-PSO Algorithm

The proposed method in this paper aims to enhance the intrinsic
quality of the PSO algorithm. Deep learning techniques are employed to

Fig. 1. Structure of a Cell unit of the LSTM algorithm.
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Fig. 2. Flowchart LSTM-PSO Algorithm.

refine collective knowledge during individual movement. The LSTM
architecture predicts more advanced individuals during the perturba-
tion phase. These modern individuals not only contain valuable
knowledge but also significantly influence the better optimization of
coordinates and velocities of neighboring individuals. This process ac-
celerates the optimization problem and enables the overcoming of local
optima that traditional PSOs may encounter. The algorithmic process is
illustrated in Fig. 2, delineated by the following steps:

Step 1: Set up the operational parameters of the power system, such
as power sources, electrical loads, buses, and branches. Initialize wind
turbine operation data, including wind power output probability dis-
tribution according to the Weibull probability distribution model of
wind speed.

Initialize PSO properties. Choose the method and parameters in the
expression of PSO coordinate and velocity movement. The expected
movement space in four dimensions: x; is the difference in wind power
output between the bid and the forecast; x, is the maximum power
output that can be compensated for wind farms; x3 is the bid power
output value of thermal plants linked to wind farms and x4 is the level of
penalty rate increase compared to the spot electricity selling price in the
electricity market.

Initialize LSTM properties. Choose the structure of input and output
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layers, the number of intermediate LSTM hidden layers, and related
parameters.

Step 2: Initialize the initial population randomly according to a
predetermined selection size.

Step 3: Perform OPF on the power system with constraints, deter-
mine the wind electricity selling price and the electricity price adjust-
ment factors, and compute the objective function for individuals in the
population.

Step 4: Training LSTM — First, data preprocessing based on the set of
coordinates, velocities, and fitness values of previous individuals. The
process includes, but is not limited to, data cleaning, normalization,
augmentation, transformation, and fusion. Next, the training process is
continuously updated, and although it operates independently, the data
is dynamically updated and processed in response to any changes within
the PSO cycle.

Step 5: Execute LSTM to predict modern individuals—each move-
ment iteration performs prediction once. The prediction output consists
of a certain number of future individuals, generated according to a
predefined proportion specified by the algorithm. These future in-
dividuals are perturbed or integrated into the existing population to
participate in the movement process alongside the entire swarm of PSO
particles.

Step 6: Perform the PSO cycle operations, perturb the previously
predicted particles, update the positions and velocities of the particles,
evaluate their fitness, and update the pbest and gbest values.

Step 7: Repeat steps until the termination condition of the problem is
met.

3. Experiments and results
3.1. Experimental data

(i) IEEE 30-bus System

The operational parameters of the IEEE 30-bus power system are
utilized for experimentation [41], structured according to [42],
comprising six sources, thirty nodes, and forty-one branches. Among the
power sources are four thermal power sources located at buses 1, 2, 8,
and 13, as shown in Table 1. Additionally, two sources are wind power
sources at buses 5 and 11, as outlined in Table 2.

The rated power of each wind turbine is 3 MW, with operating pa-
rameters vy, = 3 m/s; v,=16 m/s and vy, = 25 m/s. Thus, there are 25
turbines on bus 5 and 20 turbines on bus 11. The wind power sources for
buses 5 and 11 assume Weibull data from reference [34], as provided in
Table 2. Predicted wind speeds for each year are assumed to be
consistent and divided into two seasons, peak and off-peak, with 24-
hour electricity output per day as given in reference [27]. Predicted
power output values, probability of exceeding predictions, and proba-
bility of falling below predictions are provided in Fig. 3.

(ii) Implementation of Data PSO Algorithm and LSTM Architecture

Selecting data settings for the PSO algorithm includes the following
parameters: The swarm size in PSO is chosen to be 100 particles. Iner-
tiaRange — Limits the inertia constant within the range of (0.1-1.1).
InitialSwarmSpan — Limits the initial position of individuals to be
initialized at 2000. MaxStalllterations — Limits the maximum number of
iterations a particle can move without improvement to 25 times. Min-
NeighborsFraction — The minimum ratio of neighbors affecting an in-
dividual is 0.25. SelfAdjustmentWeight and SocialAdjustmentWeight —

Table 1
Parameter of thermal generators.
Bus Rated Power a b c
1 200 0 20 0.038431975
2 80 0 20 0.25
8 35 0 40 0.01
13 40 0 40 0.01
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Table 2
Parameter of wind power.
Bus 5 11
Wind power generation No. of turbines 25 20
plants Rate power, 75 60
Pyyr(MW)
Weibull PDF c=9,k=2 c=10,k=2
parameter
Weibull mean,M,,,; v =7.976 v = 8.862
m/s m/s

The ratio of self-adjusting speed weight and community interaction
weight is 1.49.

For the LSTM deep learning architecture, the configuration param-
eters include an input layer with five features (04 variables representing
the dimensions considered by PSO and 01 fitness of the corresponding
individual), 50 LSTM hide layers with 0.01 of recurrent weights L2
factor, a dropout layer with rate 0.2 to overfitting, a fully connected
layer with one response output, and finally, a regression layer to output
the prediction results.

3.2. Result

The optimization problem is solved by three different methods as
follows.

(i) AC mixed-integer linear programming approach (ACDD)

The electricity revenue of all power plants in the IEEE 30-bus system
according to objective function (1) is illustrated in Fig. 4. This is a result
of an approximate calculation based on the optimal power distribution
AC with discretized data, utilizing the optimal power flow distribution
tool RunOPF available in Matpower 8.0bl on Matlab software. The
power deviation bidding results, WPD calculated as the percentage ratio
between the wind power output bidding decision in the day-ahead
electricity market and the predicted peak power output, are shown in
Fig. 4. The graph depicts continuous revenue fluctuations based on the
variation of WPD from each wind farm. The peak revenue is achieved
within the range of WPD, approximately between —10 % and —30 %,
and minimizes within the range of + 10 % to + 30 %. An important
feature to emphasize is that the revenue peak consistently shifts towards
the negative side of the WPD deviation. Detailed results in Table 5.

(ii) Pure Algorithm PSO

The problem is executed 15 times with a maximum of 25 individual
movements per execution, and the fitness results of the problem are
provided in Fig. 5. The figure illustrates that the PSO algorithm typically
converges to a local optimum after around 15 to 20 iterations. However,

80
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X e
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an inherent drawback of this algorithm is its susceptibility to getting
trapped in local optima. Fig. 5 shows the solution of PSO executions
exhibiting dispersion due to the potential entrapment in local optima, as
mentioned, resulting in disparate experimental outcomes among
executions.

(iii) Proposed Hybrid Algorithm LSTM-PSO

Fifteen independent experimental runs of the LSTM-PSO algorithm

Revenue ($/year)

-20

WPD bus 11 (%) -0

\ S P -
>, % " WPDbusS5 (%)
40 T

Fig. 4. Distribution of revenue within wind farms, in case Pgss = 10.
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Table 3
LSTM-PSO variable results.

Executions  Fitness (M WPD (%) ESS Power (MW)
$/year) Wind Wind Wind Wind Sum
bus 5 bus 11 bus 5 bus 11

1 75.9 -16.3 —-15.8 8 0 8
2 75.9 -16.4 —-16.4 9 10 19
3 75.9 -15.6 -16.4 15 6 21
4 75.9 -15.6 -16.2 11 15 26
5 75.9 —-16.0 -16.4 3 5 8
6 75.9 -16.5 —-15.7 11 5 16
7 75.7 -16.1 -15.9 5 8 13
8 75.9 -16.4 -16.4 20 3 23
9 75.9 -16.3 —-15.8 9 11 20
10 75.9 -16.4 -16.0 5 6 11
11 75.9 -16.0 -16.5 6 11 17
12 75.9 -16.1 -16.0 12 4 16
13 75.9 -16.4 —-15.9 7 7 14
14 75.9 —-15.8 -16.0 3 4 7
15 75.9 -15.6 —-15.6 17 3 20
Mean —16.1 —16.1 9 7 16

with the selected input data were conducted, and the results of these
executions are presented in Table 3. The convergence process is also
visualized using scatter plots in Fig. 6 Overall, the fitness value con-
verges to M75.9 $/year; the WPD of the two wind farms fluctuates
within the range of —15.6 % to —16.5 %; and the total ESS power shows
variability but averages approximately 16 MW. More detailed results are
provided in Table 5.

Fig. 5 and Fig. 6 demonstrate that the simulation results of PSO and
LSTM-PSO exhibit similar trends, particularly in the early stages before
5-7th iteration. The most significant difference is that the hybrid algo-
rithm (LSTM-PSO) displays a more focused convergence pattern, espe-
cially from iteration 16 onwards, whereas the results of PSO remain
dispersed across executions until iteration 25th.

4. Discussion
4.1. Hybrid algorithm LSTM-PSO

Fig. 7 illustrates the target deviation during the convergence process
of the compared algorithms. The solid region represents the LSTM-PSO
algorithm, while the hatched region with stripes corresponds to the PSO
algorithm. Key highlights, deemed critical for the analysis, have been
selectively extracted and detailed in Table 4. Overall, the hatched region
exhibits a larger area, overlapping and extending beyond the solid re-
gion. The boundary of the hatched region demonstrates pronounced
fluctuations, while the boundary of the solid region appears smoother,
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Table 4
Highlight key notes.
Key compare PSO LSTM-PSO
Convergence fluctuation smooth
process
+ Early phase Nearly LSTM-PSO Nearly PSO
(1-5)
+ Second phase The graph curves gently and extends The graph converges
(6-16) over a longer range. directly in a straight path.
+ End phase continues to extend gradually, already approached its
(17-25) causing the convergence point to be previous convergence
farther away. point.
Convergence Nearly 25 16-17
iterations
Convergence disperse at 25th iteration Focus in a point
probability

indicating greater stability. This observation underscores the conver-
gence characteristics of the LSTM-PSO algorithm, which stabilizes and
converges to a single point as early as the 16th iteration. In contrast, the
PSO algorithm remains dispersed, with its convergence process
extending to around the 25th iteration. These distinctions clearly
highlight the superior stability and efficiency of the LSTM-PSO algo-
rithm in achieving optimized convergence.

In terms of the convergence process, three distinct phases can be
identified:

e First phase: During the initial five iterations, the particle movements
in both methods are almost identical. The rate of fitness improve-
ment for individual particles gradually decreases, and the achieved
fitness boundaries remain nearly unchanged in both approaches.
This suggests that the impact of the LSTM in the hybrid algorithm is
relatively ineffective during this stage. This is understandable, as the

Table 5
Compare results with studies.
Approaches AC ACDD PSO LSTM-PSO
[24]"
WPD Bus 5 -30 % -20%  —16 %=+0.5 % (—15.6 %)+(—16.5
(%) %)
Bus -30 % -20%  (-16 %)+ (-15.6 %)+
11 (26 %) (-16.5 %)
Max power of 95 108 98 =114 113 + 114
Wind farms
(MW)
ESS power (MW) 10 10 18 16
Peak revenue 71 75 75.9 75.9
+ M$/year 94 % 98.8 100 % 100 %
+ % %

1 Corresponds to the compensation coefficient of 1.6.
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time and data available for LSTM training are still limited and
dispersed, leading to predictions that do not yet provide significant
improvements.

Second phase: Over the next ten iterations, the pace of achieving the
objective increases significantly in the hybrid algorithm. Most par-
ticles converge and stabilize at extreme points during this period. As
a result, the hybrid algorithm shortens the optimization process,
achieving the desired outcomes around iterations 15-17, which is
five to seven iterations faster than the pure PSO algorithm.

Final phase: From the 15th iteration onward, the results of the hybrid
method become highly concentrated. Although the independent runs
are conducted separately, the extreme values are nearly indistin-
guishable. In contrast, for the pure PSO algorithm (hatch plot), the
extreme values still exhibit slight dispersion at the same stage,
indicating inconsistency in results across different runs.

Thus, experiments demonstrate that the new algorithm effectively
addresses most of the limitations of the original PSO. First, with in-
dividuals predicted by LSTM, they can achieve better velocities and
coordinates, which are integrated into the swarm community. This
creates strong motivation, enabling the swarm to move faster towards
the destination, reducing the number of iterations by approximately 5-7
in the experiment. Additionally, individuals generated by LSTM can
surpass local boundaries where the swarm may be confined within a
restricted region. This facilitates overcoming obstacles and progressing
towards the global optimum.

Considering the actual execution time of algorithms on a machine
with an Intel Core i7-8550U CPU, GeForce MX150 GPU, and 20 GB of
RAM, the average completion time for a single optimization cycle is
between 1-2 min for the example discussed in this paper. In the PSO
cycle, the most time-consuming step is running OPF; in LSTM, the
longest time is spent during the training phase. Since these cycles are
multithreaded and executed in parallel, they do not significantly impact
each other’s execution time. In the short time of this example, dis-
tinguishing speed over time is challenging. However, the extended
duration of LSTM primarily arises from the training phase, which only
occurs at the initial stage. Therefore, for large problems, the conver-
gence time of the algorithm will be noticeably faster due to a reduction
in the number of iterations.

4.2. Optimal wind power output and ESS in electricity market

Although the approaches and methods vary, their objectives all focus
on optimizing the efficiency of wind power utilization in the electricity
market and maximizing the investment benefits for wind power industry
development. Evaluating these methods is based on three main factors.
Firstly, the optimal output power value of wind farms is measured by the
deviation index WPD and variance from forecasts. Secondly, investment
in ESS power capacity in joint ventures to optimize the efficiency of the
entire integration system. Finally, the ability to utilize the highest wind
power output in the electricity market to consider the potential for full
wind power exploitation and related social benefits.

The proposed optimization model in the paper aims to improve the
efficiency of wind farm investments by addressing competitive disad-
vantages and compensating for uncertainty in its output when partici-
pating in the electricity market, as mentioned in [15]. The study results
indicate that integrating wind farms with thermal power sources mini-
mizes the risk of profit loss due to electricity output shortages in
competitive environments. The study also proposes a reasonable power
output bidding method, suggesting adjusting the bidding output ca-
pacity range for wind power rather than bidding solely based on the
highest predicted output power, as done previously. Additionally, it
means integrating storage capacity into proportion to stabilize uncer-
tainty in wind power output. Substantial revenue improvements are
achieved when bidding in the suggested direction, as indicated by the
optimized results from the mentioned hybrid algorithm. These results

Ain Shams Engineering Journal 16 (2025) 103285

are compared among three optimization methods, as shown in Table 5.

Table 5 presents the results of two groups of approaches: AC, ac-
cording to [24], and ACDD, which are the mixed-integer linear pro-
gramming approaches, and the meta-heuristic and the hybridization.
The results indicate an essential recommendation in wind power output
bidding, suggesting that the bid power output for wind farms should be
slightly lower than the predicted power output. This is illustrated by the
negative WPD deviation achieved in all approaches, which means the
best bidding value for wind power is achieved when the bidding output
capacity is lower than the highest predicted probability. Specifically, the
hybrid algorithm method yields the highest revenue at $75.9/year, with
the WPD exhibiting relative deviations ranging from —15.6 % to —16.7
%, depending on the Weibull statistics of each wind farm.

With the proposed approach, the maximum bid power output for
wind farms can reach up to 114 MW. This exceeds the testing results of
other methods and is 1.2 times higher than the method referenced in
[15], which only achieved 95 MW and nearly double that of the
standalone wind power model also mentioned in that document, which
reached 65 MW. These results indicate that integrating wind power
sources into the power system can significantly enhance wind energy
utilization efficiency. This minimizes the risk of wind power uncertainty
in the system and leads to higher bid-winning wind power output.

Furthermore, results from the optimization methods also indicate
that investing in ESS can improve wind energy exploitation efficiency.
With an objective function including the cost and profit of the ESS, the
highest benefit is consistently achieved in locations with ESS, as shown
in Table 5. The LSTM-PSO algorithm demonstrates an average ESS
power capacity of around 16 MW. This indicates that utilizing ESS
sources has helped mitigate the risk of wind power shortage during
electricity market operations.

The experimental results based on the input data presented in Sec-
tion 4.1 reflect uncertainty modeled through Weibull parameters within
the context of an electricity market operating based on electricity pur-
chase price indices and regulatory penalties. For places with differing
wind speed conditions, variations in uncertainty levels will lead to
changes in calculation outcomes, as defined through expressions (11) to
(15) in Section 2.1.2. Similarly, if the electricity market experiences
volatility, electricity price indices will directly impact the problem
through expressions (25) to (30) in Section 2.2.4. A more detailed study
of these factors can be conducted in subsequent research to provide a
deeper understanding of the relationship between uncertainty factors
and the operational efficiency of the electricity market.

4.3. Testing the OPF problem

Another way to evaluate the effectiveness of the new algorithm is to
test the optimal power flow (OPF) problem using the IEEE 30-bus system
and compare the results with those from the studies reviewed in [23].
Five such comparisons are presented in Table 6.

Table 6 demonstrates a reduction in the number of iterations
required compared to similar studies. Although the optimal cost results
show minimal differences from prior research—800.9 $/year compared
to the minimum of 800.4 $/year in case [46]—the improvement in
computational efficiency is clearly evident. Notably, the Number of
Fitness Function Evaluations (NFFE), recorded at 3000 evaluations, is

Table 6

Comparison of the implementation of methods.
Ref. Populations Generations NFFE Cost ($)
[43] 500 50 25,000 800.41
[44] 500 50 25,000 802.04
[45] 150 20 3,000 800.74
[46] 200 50 10,000 800.40
[47] 200 20 4,000 801.84
LSTM-PSO 100 30 3,000 800.90
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comparable to that in scenario [45] and significantly lower than in most
other scenarios, which range from 4000 to 25,000 evaluations.

5. Conclusion

This study demonstrates the potential of integrating PSO with LSTM
networks to address complex optimization problems, particularly in the
context of wind power integration within electricity markets. The pro-
posed hybrid algorithm achieves several notable advancements:

First, improved convergence speed. The hybrid algorithm demon-
strates a significantly faster convergence rate compared to the pure PSO
algorithm, particularly after the initial ten iterations, where the LSTM
network starts to contribute meaningfully. The hybrid algorithm ach-
ieves convergence and stability within 15 iterations, whereas the pure
PSO continues to show dispersion at this stage.

Second, enhanced self-adaptation and refinement. The LSTM
network within the hybrid algorithm enables a process of internal self-
improvement, allowing the algorithm to learn from previous iterations
and adjust its search strategy. This leads to more refined individual so-
lutions and faster convergence towards the global optimum.

Third, effective handling of uncertainty. In wind power integration,
the hybrid LSTM-PSO algorithm effectively manages the uncertainty
associated with wind power output. It determines the optimal bid power
output for wind farms by considering factors such as WPD deviation and
potential profit loss. Additionally, integrating an ESS into the optimi-
zation process further mitigates the risks of wind power variability.

Fourth, improved wind power utilization. The hybrid algorithm
consistently achieves a higher maximum bid power output for wind
farms compared to other methods, demonstrating its effectiveness in
maximizing wind power utilization within the electricity market while
accounting for the inherent uncertainty of wind energy.

Finally, reduced computational burden. When applied to OPF
problems, the LSTM-PSO algorithm requires fewer iterations to reach
optimal solutions, as indicated by a lower NFFE indicator. This dem-
onstrates its computational efficiency in solving complex power system
optimization problems.

These results not only validate the effectiveness of the PSO-LSTM
hybrid approach but also highlight its potential for broader applica-
tions. Future research could extend this work by exploring alternative
metaheuristic algorithms, such as Genetic Algorithms or Differential
Evolution, combined with advanced deep learning models like Trans-
formers or Convolutional Neural Networks. Such integrations could
further enhance algorithmic efficiency and enable the development of
hybrid solutions tailored to practical challenges in renewable energy,
finance, and data science.

However, alongside the achievements, there remain certain limita-
tions that warrant further investigation. First, the optimization perfor-
mance may extend beyond the LSTM-PSO hybrid algorithms. It would be
worthwhile to explore other deep learning and metaheuristic algorithms
to assess optimization effectiveness. Second, the training data for LSTM
in the initial iterations is relatively small, which can easily lead to
overfitting, potentially resulting in inaccurate predictions during this
phase. To address this issue, regularization techniques need to be
employed within the algorithm to enhance performance. Nevertheless,
this could be improved by utilizing pre-trained architectures, or larger
datasets in large-scale optimization problems.
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Abstract

A major barrier to wind sources when participating in an electricity market is inaccurate forecasting of wind power. The wind
power uncertainty affects the plant’s scheduled generation power, bidding price, and profitability. The profits of wind farms
may be increased by determining the suitability of power output and bidding strategy in the electricity market, which is one
of the challenges for wind plant producers because it is difficult to predict wind power accurately. To solve this problem, wind
farm owners need to have plans to reserve power or link with other wind plants to be able to fully meet the contracted power.
This paper proposed models linking wind farms or wind farms and other energy sources such as thermal power and energy
storage systems. The simulation results on the IEEE 30-bus system show that the profits of a wind plant are increased when
there is a backup power agreement from the thermal power plant or energy storage systems. It also demonstrates that the
profitability of a wind power plant can be enhanced up to 132% by implementing a backup power agreement with a thermal
power plant or energy storage systems. Furthermore, the wind output power increases significantly, reaching 95 MW in the
integration models compared to the original model of 55 MW, thereby generating substantial social welfare.

Keywords Wind power - Electricity market - Energy storage systems - Uncertain - Bidding strategy - Generation expansion
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Cpy Compensation or penalty cost

Cr Operating costs of the thermal generation

Crp Costs, wind has to pay to purchase electricity from
thermal plants

f) Probability density function

frw Probability density function of integrated wind
farms

k c Weibull parameters

kp Penalty price ratio (1 — 2.4)

kg Reserve price ratio (0-1)

Nrg Number of thermal plants

Ny Number of integrated winds

Py Wind power probability

Pxy Summary output power of integrated winds

P, Power, wind buys from integrated ESSs (0 — P,,)

P Maximum ESS output power

Py Shortfall wind power, deviation from schedule

O’ Pwav Z PU)S
Pys — Pyavs Pwav < Pus

Pray Actual output power of thermal plants (0 — Pr,)

Prp Power, wind buys from integrated thermal plants
(0 — Prg)

Pr, Rated power of thermal plants

Prr Limited power buying from integrated thermal
plants (Pr, — Pry)

Prg Schedule output power of thermal plants in market
(O —P Tr)

P, Variable output wind power (0 — Py,)

PUO) ptimal Optimal wind power, when wind revenue reaches
maximum

Pyav Actual output wind power (0 — P,)

Py, Rated wind power

Pus Scheduled wind power (0 — Py,)

Puu Uncertain wind power (Pyqy — Puys)

Ry, Wind revenue

RPeak Maximum wind revenue

Ry Direct wind revenue, following scheduled power

Ry Uncertain wind revenue, following uncertain
power

Rrw Reserve wind revenue following power over-
schedule

v Wind speed

Vin, Uout Cut-in and cut-out wind speeds (3 m/s, 25 m/s)

vy Rated wind speed (16 m/s)

1 Introduction

In recent years, wind power has emerged as a rapidly grow-
ing renewable energy source globally [1]. Reports indicate
that global wind energy exploitation has been increasing

Springer

by over 50 GW annually since 2014, reaching 591 GW
in 2018, with a 9.6% growth compared to last year [2].
Furthermore, the global total energy demand increased by
approximately 160% from 1990 to 2017, representing a
1.6-fold increase over a 27-year period, according to the
report in [3]. The importance of energy for economic and
social development became evident during the energy cri-
sis in Europe in 2022 when restrictions on natural gas supply
from key countries caused sharp price fluctuations, impacting
essential commodity costs worldwide and highlighting the
risks associated with fossil fuel dependence. Consequently,
governments worldwide have been focusing on developing
renewable energy sources to reduce reliance on fossil fuels,
in which wind energy is playing a significant role [1]. This
energy source is the most convenient and efficient alterna-
tive, which has rapidly developed in the past decades in most
developing countries [3]. Additionally, the increasing share
of wind power has potential environmental benefits [4, 5].

Another way, the incentives for renewable energy sources
in general, and specifically for wind energy, have exhibited
a gradual decline in recent times, resulting in an upward
trajectory of wind power prices, while investments have
experienced a slight deceleration [6]. This consequence can
be attributed to the need for wind power investors to exer-
cise greater prudence during the bidding process for energy
sales in the electricity market, necessitating comprehensive
information following regulatory requirements, including
the power output and bidding prices. However, formulating
accurate production plans by forecasting the future presents
an exceedingly complex undertaking fraught with inherent
risks. The intrinsic uncertainty associated with the electric-
ity production output from a wind power plant at any given
moment constitutes a significant obstacle to equitable and
competitive participation in the electricity market.

In examples of recent studies on wind power impacts on
electricity markets, researchers have highlighted the increas-
ing integration of renewable energy sources, including wind
energy, in the power system, which introduces uncertainty
into the electricity market [7]. Consequently, there is a press-
ing need for effective solutions to lessen the severity. In
this context, the paper [8] proposes a novel optimization
approach in hybrid power systems encompassing renew-
able energy and energy storage, aiming to enhance overall
investment efficiency. In contrast, others argue that elec-
tricity market transactions benefit the system by lowering
prices and balancing market volumes through system flexi-
bility [9].

Therefore, developing and integrating wind power into
the electricity market are inevitable. However, its downside
is associated with the inherent uncertainty that significantly
impacts the electricity system’s operational conditions and
power supply and introduces market disturbances. Firstly,
the utilization of combined wind power, as discussed in the
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literature [10], demonstrates that its actual power output may
deviate from the expected plans, leading to suboptimal opera-
tion of power plants and inefficient power flow. Furthermore,
the electricity market becomes more complex when the pre-
dicted electricity supply is subject to changes during trading
periods, resulting in unpredictable fluctuations in electric-
ity prices [11]. The transactions in the intraday markets
serve as examples and are subject to evaluation in the report.
[12]. Consequently, there is a pressing need to explore and
implement solutions to investigate and mitigate these chal-
lenges to maximize the benefits of wind power integration
[13].

Additionally, developing accurate forecasting strategies
for wind power is paramount to mitigate the impact of
weather-related uncertainties on wind power generation.
Incorporating the wind probability distribution function
(PDF), such as Weibull PDF, is a commonly employed
method that can enhance the reliability of WPP owners
by offering a more comprehensive assessment of revenue
uncertainties associated with wind power in the market.
By adopting advanced management techniques and opti-
mizing bidding decisions, wind plant owners can improve
their financial performance and maximize societal wel-
fare.

In summary, the participation of wind power in the com-
petitive electricity market significantly impacts both technics
and economics, particularly the income of wind power
investors. To evaluate the extent of the influence of wind
power uncertainty on bidding behavior and its benefits in
the electricity market, this study investigates the variabil-
ity of wind power revenue considering random factors such
as wind speed probability, penalty values for contractual
breaches resulting from power output shortages, and the con-
duct of generation owners when interconnected with wind
power, as in [3]. Building upon this analysis, the paper pro-
poses methodologies for integrating wind power with thermal
plants and energy storage systems to enhance investment effi-
ciency. To provide a more comprehensive analysis, the report
examines the revenue fluctuations in wind power to ascer-
tain the optimal offer power and maximize the associated
benefits. These income changes are influenced by two key
factors: (i) the probability distribution of wind speed at the
specific wind turbine location and (ii) the apparent variations
in a ratio, which are penalty values for contractual breaches
resulting from wind power output shortages.

Simulation experiments are conducted using the IEEE 30-
bus system to evaluate four models. The results demonstrate
the remarkable effectiveness of these models in mitigating
financial losses for wind power investments in the face of
uncertainties. Based on these findings, the study also recom-
mends potential strategies for wind power owners to adopt
in the competitive electricity market.

The main contribution of the paper is outlined as follows:

(i) This study proposes three linking models of wind
power with other energy sources, particularly thermal
plants, and ESSs, in a competitive electricity market
for enhancing profits of wind power plants.

(ii)) The wind optimal power output decisions in electricity
markets are also covered in this study.

(iii) The IEEE 30-bus system with an integrated wind farm
and ESS is investigated in this study.

2 Mathematical Model

Classification of electricity sources based on their operational
supply perspective involves two primary energy sources: high
active energy (MPG) and dependent energy (known as uncer-
tain energy, denoted as UPG). The MPG, such as thermal or
hydroelectric power plants, can regulate their energy output
and supply electricity as needed. In contrast, UPG, includ-
ing wind and solar power, relies on unpredictable natural
conditions, and their electricity production is uncertain and
uncontrollable. Integrating UPG, particularly wind power,
into the power system presents optimal operation, stabil-
ity and security challenges. The intermittent nature of wind
power can lead to unexpected imbalances in energy supply
and demand, causing risks of energy surplus or shortfall dur-
ing operation, and can disorder everyday electricity market
transactions.

This study examines the modeling of three distinct energy
sources involved in the electricity market: wind power, ther-
mal power and energy storage systems.

2.1 Wind Model in the Electricity Market

Within the market framework, the revenue generated by a
wind power source can be classified into two components:
direct income stemming from predetermined energy quanti-
ties and uncertain payment [10]. According to projections, an
energy production plan and the bidding price for wind power
can yield direct revenue for owners. Conversely, deviations
between the supplied actual electricity and the predetermined
schedule can result in either additional revenue or losses, con-
stituting uncertain revenue. For instance, when the energy
output exceeds the forecasted amount at a given point in
time, surplus energy income is paid by a reserve price, which
often falls significantly below the direct electricity selling
price. Conversely, owners must procure energy from alterna-
tive sources to compensate for the shortfall or face penalties
if the energy output falls short of the initially planned bid,
and these costs are collectively known as penalty costs. The
penalty fees are typically considerably higher than the direct
electricity selling price.

@ Springer
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The following expression is used to model wind farm rev-
enue:

Ry (Py) = Z Rw,i = Z[Rws,i(Pws,i) + Rwu,i(APw,i)]
e))

where P, is the total wind power sold in the electricity mar-
ket; Ry, i» Rws,i, Ryu,i are sum, direct and uncertain revenue
of the i-th wind farm; and Py;s,; va APy, i = Puwav,i — Pus. i
are planned power and actual power difference P,y ;i be
compared with the plan ofi-th wind power.

2.2 Direct Revenue

Direct revenue of thei-th wind farm is determined corre-
sponding to the offered price and wind power provided in
the electricity market, determined by the formula (2).

Rws,i(Pws,i) = )\w,iPws,i (2)

In expression (2), the revenue is proportional to two
variables. The first variable is the wind power output sold
according to the bidding plan based on the production fore-
cast at the given time, Py. A higher planned power value
leads to higher revenue and vice versa. However, setting a
higher one carries increased risks for wind owners due to the
associated uncertainty. The bidding method depends on the
electricity market in which it participates.

The second proportional value, A, ;, represents the direct
unit price associated with thei-th wind producer. This coef-
ficient is predicted and bid on by the wind plant owner [2].
It may be the price that ensures sufficient income to cover
the investment and operation costs of the wind power plant.
However, in a market pricing mechanism, this number can be
influenced by the average electricity prices of the dominant
power sources in the electricity market, which are determined
by the supply and demand dynamics. For instance, in the EU
electricity market, the pricing calculation for wind power can
be based on the price of gas-fired power as it is a significant
dominant energy source [6].

Assuming that the dominant power source in the electric-
ity market determines the production and operation costs of
the thermal plants, the selling price of thermal power in the
electricity market depends primarily on secondary fuel costs.
This cost can be calculated using the following expression:

Nrg

Cr(Prg) = Z(ai +bi Prg,i +ci P72"G,i> )
i=1

ATG,i = bi +¢i Prg,i “

Here, a;, b; and ¢; represent the cost coefficients of thei-
th thermal generation that generates the generating power

@ Springer

Prg,i. The total number of thermal generations is Nrg.
Arg,i denotes the unit price of this generation.

2.3 Final Evaluation of Uncertainties in Wind Power

The second component of Eq. (1) represents the volatile
income, which consists of two parts:

Firstly, it includes the revenue from selling surplus energy
(reserve revenue, Rg,, ). When WPP exceeds the previously
anticipated levels, the excess energy can be sold at arelatively
lower price than the average market price, and there may be
instances where no buyers are available [2].

Secondly, it involves the financial liability incurred to
address energy shortages (referred to as penalty costs, Cpy,).
When electricity production falls short of the predicted
supply in the electricity market, wind power owners must
purchase additional electricity in the electricity market to
compensate for the energy deficit caused by their short-
fall. Alternatively, they may face penalties as outlined in the
power purchase agreement (PPA) with the market operator
(ISO) or the buyers. In such cases, the price of the purchased
electricity or the penalty price (collectively called penalty
price) is often significantly higher than the direct selling price
of wind power [2].

In Eq. (5), the uncertain income of the i-th wind power
source is represented as follows:

RRuw,i(APy,i), ifPyay,i = Pus,i
Ruu.i(APy i) = ’ ’ ’ ’
i (APo.i) Cpu,i(APw,i), ifPyav,i < Pus,i
(%)
Reserve income is defined as,
RRw,i (APw,i)
= kR,i)Lw,i (Pwav,i - Pws,i)
Pwr.i
=kr.irtwi J (Pw.i— Pus.i) fw (Pw.i) dpuw.i
Pws:,i (6)
And the penalty is,
Cpuw,i (APw,;)
- kP,i)Vw,i (Pwav,i - Pws,i)
Pws:,i
:kP,i)\w,i g (pw,i_Pws,i) fw (Pw,i)dpw,i ™

Pyay.i va Py, ; denote the actual available and rated out-
put power from the same plant. f;, ( pw’i) is the wind power
probability density function for the i-th wind power plant.
kg, represents the reserve revenue ratio on the i-th wind
power plant. The parameter kp ; denotes the penalty ratio
when wind power output experiences a shortfall. This ratio
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Fig. 1 Revenue components of an uncertain wind farm

is subject to random fluctuations corresponding to tempo-
ral supply—demand dynamics within electricity markets or
negotiations between buyers and sellers. Contractual penal-
ties may significantly exceed the typical transaction value,
reaching multiples ranging from several to tens of times.
Consequently, market participants often seek to offset their
deficiencies by procuring electricity from alternative sources.
The price of such purchased electricity is also influenced by
the supply—demand dynamics within the electricity market,
typically surpassing the average market selling price by a
ratio of several times. Within this study, an investigation will
be conducted into penalty coefficients ranging from 1.0 to
over 2.4.

Visualize the curves of the total, direct revenue, reserve
income, and penalty expenses, as shown in Fig. 1. This figure
shows wind revenue in direct and uncertain (reserve/penalty)
cases is linear, wherein cash flow scarcely increases in the
case of wind power (P,,) which is more significant than the
schedule (Pyy), but it dramatically decreases when P, is
lower than Py. In particular, wind farm owners would not
get any income but have to pay when Pw is lower than P,,,,
a case the penalty is over the direct.

2.3.1 Stochastic Wind and Uncertainty Models

The wind speed distribution at the turbine site decides the
wind energy uncertainty. Consequently, finding the exact
probability distribution for each wind speed is of the utmost
importance in wind energy assessment. Although many dif-
ferent wind speed distribution models have been applied
in previous studies, the two-parameter Weibull function is
accepted as the most popular technique [14]. It has been
widely used by researchers involved in wind speed and wind
energy analysis for many years. In this case, the frequency

of the wind speed model is written by the following,

f@) = ('g)(g)k_le‘@k ®)

where v is the wind speed; ¢ and k are Weibull PDF param-
eters. Dimensionless factor k£ determines the shape of the
curve and is called a shape factor. Parameter c, in m/s, is the
scale parameter. The distributions take different forms with
different values of k and c.

Figure 2 shows a probability distribution of wind speed at
two places with parameters, c = 9; k =2 and c = 10; k =
2. It can be seen that the wind speed distribution follows the
Weibull probability density function [15] and [16].

Turbine power output is the result of the wind kinetic
according to Weibull probability distribution on its blades,
and it is described as follows [10],

0, vV < Vipand v > voyt
V—04
Po) = Pur(3280), wp v =, ©)
Py, U < U =< Vout

where vip, v, and voy represent the cut-in, rated and cut-out
wind speeds of the turbine. Py, is the rated output power of
the wind turbine.

Figure 3 shows two identical wind turbines in two loca-
tions: Gen 1 with ¢ = 9 m/s; k = 2 and Gen 2 with ¢ = 10
m/s; k = 2. Wind turbine parameters are Py,= 3 MW; v,
=3 m/s; v,= 16 m/s; and vy = 25 m/s.

Accordingly, there are two regions in Fig. 3 where the
probability of sudden increase is at zero and rated power.
When the wind speed is lower than v;,, or greater than vy, the
wind turbine will not operate, so the power is zero. Besides,
when the wind speed is in the range v, to voy, the wind
turbine power reaches the highest corresponding to the rated
power.

2.3.2 Objective Function

The energy investment goal gets the highest benefit. More
clearly, an uncertain wind farm in the electricity market needs
to bid the sold electricity price and power output to maximize
revenue. To achieve that, investors need to sell the most direct
energy, while the penalty is minimal. The objective function
of the problem, in this case, is the maximum wind farm rev-
enue according to exp. (1), and more detail is exp. (2), and

(5).
maximize {F = Ry (Py)} (10)

In case the wind power owner has integration into the
MPG, such as ESS, or contracts with them to minimize the
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cost of penalties due to uncertainty, the objective function
will be,

maximize {F = Ry,(Py) — Cpu(Pp)} (11)

Here, Cp,, denotes the payment for an amount of trans-
action power P,,.
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3 Proposed Linking Model

Different operational frameworks can exist in electricity
markets, including competitive bidding behavior among
plant employers, resembling a natural law. Wind own-
ers’ bidding behavior operates independently from others,
and individual profit objectives typically drive their deci-
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sions. This operative model is called the independent wind
farm (IWF). The outcomes of this model are determined
according to a defined objective function (10) and are
entirely random in the electricity market, as demonstrated
by [2].

Figure 4 illustrates the architecture of a conven-
tional electricity market under the IWF model. It con-
sists of wind farms in different geographical locations,
thermal power plants, and other plants. Each established
plant submits multi-parameters, which include two crit-
ical pieces of information: the electricity selling price,
A, and the power production plan for the corresponding
Pi.

To examine and assess the impact of wind power uncer-
tainty on the electricity market, this study proposes several
integrated models beyond the fundamental IWF model:

(i) The Linking Wind Farms model (LWF) establishes
integrations among wind farms situated in different
geographical locations. A notable feature is that these
distinct wind farms possess varying wind probability
density functions, allowing them to compensate for
power deficits as required mutually.

(ii)) Thermal Plants with Wind Farms model (TWF): This
model integrates thermal power plants with wind farms.
It capitalizes on the advantageous characteristic of
thermal power plants as an MPG plant, capable of
proactively compensating for wind power shortages
through standby power.

(iii) Energy Storage Systems with Wind Farms model
(EWF): This model incorporates energy storage sys-
tems (ESS) with wind farms, which could be an
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Fig. 5 LWF model

expanded investment framework to enhance the effi-
ciency of wind farms. This model uses ESS to store
surplus wind power and compensate for any energy
shortfall when deemed necessary. Furthermore, ESS
can sell electricity during high market prices, augment-
ing investment effectiveness.

4 LWF Model

The LWF model, depicted in Fig. 5, involves a coordinated
blending of multiple wind farms during the bidding process to
mitigate uncertainty-related risks. By integrating wind farms,
they can compensate for each other’s electricity production
shortfall when needed, thus reducing the risk and cost of
addressing power deficits for both farms.

To model the uncertainty of WPP, a probability density
function (PDF) is established for an equivalent virtual WPP
using expressions (12) and (13).

Ny
fow(Psw) =[] funi(Pu.i) (12)

i=1

Ny
Pgy = Z Py,
i=1

(13)

where [y, is a probability distribution combination from the
wind farms f,, ;, and Py, are the wind power total, respec-
tively.

The revenue of WPP is also calculated based on the math-
ematical model from exp. (10), like the IWF model, but PDF
is the virtual wind plant.
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5 TWF Model

This model is shown in Fig. 6,

The objective function is determined as stated in Eq. (11),
similar to previous models. However, a portion of the penalty
cost is substituted with the thermal operation cost, compen-
sating for the energy deficit resulting from the uncertainty of
WPP. The calculation of this thermal cost, Crp (PT ,,) , fol-
lows Eq. (3), or (14), in case the transaction contract value. It
is notably lower than the penalty cost computed in IWF, par-
ticularly in the case of gas-fired thermal power plants. This
disparity arises because the maximum electricity price in the
market consistently exceeds the thermal generation cost.

CTp(PTp) = A7 Prp; Pp € (0= Prg) (14)

The unit price A7 is agreed upon in the contract, usually
higher than the mean market price, because if it is lower,
it has already been purchased by other market customers.
Furthermore, wind power is only traded when this price is
lower than the penalty coefficient because wind farms will
only benefit from the amount paid to thermal power plants
less than the penalty amount.

Nevertheless, it is essential to note that the electricity sup-
plied by the thermal plant to compensate for the shortfall in
WPP is constrained by its reserve power, Prg, as indicated
by the expression provided in Eq. (15).

Prg = Pry — Pry (15)

Here, Pr, va Prg represents the rate and schedule power,
according to the respective selling schedule of the thermal
plants.

Springer

The uncertainty component in (11) is transformed from
(5), and the result is shown as follows,

Ry(Py)), ifP, >0
Ruu(Pp) =\ Crp(Prp). ifPrr>—P, >0 (16)
CPw(Pp), lf—Pp> PTR

Py = Pray — Prs

When —P, > Prg,
Cprw(Pp) = Cpuw(APy) + Cp(Prr)
AP, = P, — Prg

Here, P, is the deviation of actual wind power from the
schedule in the market; Ry, C7), and Cp,, are wind reserve
revenue, agreement purchase and penalty cost; and Pr,, and
Pry are actual and scheduled powers in the electricity market
of thermal plants.

6 EWF Model

So far, the ESS investment capital still seems to be substan-
tially high to bring profits to investors, so it is usually only
built for particular needed purposes without other alternatives
[17-19]. However, another vital active power source usually
made synchronously with renewable projects is energy stor-
age systems (ESS), which solve the complicated problems
in power system operation with renewable [17]. One of their
principal effects is used as a source of energy to compensate
for the shortfall. ESS is a type of power that can supply elec-
tricity when needed and store energy when it is over-demand
[18, 19]. Therefore, this idea is moderately suitable for wind
energy sources when excess energy can be stored in the ESS
and dispensed to the grid when there is a shortage, leading
to minimizing penalty losses in the electricity market. Addi-
tionally, inside a linking of wind and ESS generations, ESS
power will compensate for the shortfall of wind power when
required and considerably reduces the risk of a wind penalty.
As a result, wind farms would have effective combinations
of thermal and ESS generations, as shown in Fig. 7.

An ESS’s profit comes from the difference between the
selling and purchasing price. Therefore, during periods of
reduced load leading to low electricity prices, ESS won the
bid for storage. After that, the sale occurs when the electricity
price rises due to an overload or a penalty for lack of power
output from UPGs. The ESS profit can represent as follows,

Ce(Pe):)\eoPe"'CeO,i (17)
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in which A, is the ESS energy unit price corresponding
to the power P,, and Cep,;, which is the necessary cost for
maintaining the operation of the ESS.

Like the TWF model, wind farm revenue is in (11). But
exp. (16), the wind uncertainty fun is changed on C),, as:

Cp(Py) = Crp(Prp) + Co(Pe) (18)
0<Prp<Prrpand0 < P, < Pg

The recharge result of (16),

Ru(Pp), ifP, >0
C (P ) _ CTI,(PT[,), if Prg > —Pp >0
wete Crp(Prr) + Ce(Pe), it PE+ Prg>—Py, > Prp
pr(Pp), if—Pp > Pg + Prr

19)

An additional spent component must be paid for the ESS
cost as indicated in Eq. (19). Therefore, two payments are
incurred when the wind power output falls below the sched-
uled level. First, the thermal generators are given priority
for operation. Second, the ESS is utilized to supplement
the excess power of the remaining compensation. Lastly, in
cases where WPP remains insufficient, it is necessary to com-
pensate by purchasing electricity from the market or facing
penalties.

The flowchart for determining profit maximization of
wind power plants in the electricity market based on link-
ing models between energy sources is presented in Fig. 8

7 Simulation Results

The IEEE 30-bus system is used to test models and evaluate
the method’s effectiveness [20]. This system is detailed in
thirty buses, 41 branches and six generations [21]. The power
grid parameters are taken according to the given standard
data. Four thermal plants at buses 1, 2, 8 and 13 are in Table
1. Two generations of buses 5 and 11 are replaced by wind
farms. There are 25 wind turbines at bus 5 and 20 at 11 with a
rated power of 3MW per turbine. Weibull’s PDF parameters,
in this case, are the same as the following shape (k) and scale
(c) parameters are provided in Table 2, and the Weibull PDF
on wind speed and power of each wind turbine is shown in
Figs. 2 and 3, respectively.

7.1 IWF Model

Figure 9 depicts the bidding prices of two wind farms in the
market based on the mean costs of thermal generations. From
that, it could be seen that wind prices slightly decrease when
power grows from zero to maximum. This change is due to a
decrease in thermal power, leading to the market price being
deducted from the company value (3).

However, the revenue of Bus-5 wind generators is calcu-
lated by exp. (10) varies depending on the power region, as
shown in Fig. 10. The cash flow increases almost linearly
as power is less than 25MW and nearly linearly decreases
when its power is more than 40MW and reaches peaks in the
range of 30—40 MW linking on the penalty scale. The linear
changes due to Weibull PDF in the respective interval are
shallow, so the increase in revenue only depends on direct
income. In contrast, their decrease depends mainly on the
penalty. Significantly, the maximum cash flow area roughly
tends to the peak of Weibull PDF, as shown in the exact figure.

Figure 10 also shows that the revenue growth region is
less dependent on the penalty ratio, but the downward slope
is dramatically dependent on the penalty level. For example,
in the case of wind power of 70 MW, the revenue is nearly
$80/h with a penalty ratio of kp= 1.0 but negative nearly
$80/h when kp= 2.4. Additionally, the position of the cash
flow peak also changes with the penalty coefficient. When it
is smallest, i.e., kp= 1.0, revenue is highest at 45 MW wind
power. Meanwhile, the maximum is down when the penalty
increases and reaches the lowest when kp= 2.4, correspond-
ing to wind power reduced to 30 MW.

7.2 LWF Model

In the integration of bus 5 and 11, as the LWF model, the
mixed PDF is calculated based on Egs. (12) and (13). The
resulting PDF distribution shifts toward higher power values,
as depicted in Fig. 11. Furthermore, the aggregate revenue
corresponding to this distribution is illustrated in Fig. 12.
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Fig. 12 WPP’s revenue LWF
model

Table 3 Comparison IWF vs.
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While the shape of the curves in Fig. 12 resembles the IWF
case, adjustments are made in the extreme regions to align
with the Weibull PDF. Once again, the revenue peaks at the
around location, with an optimal total wind power range of
approximately 55-65 MW. Notably, when the penalty ratio
surpasses 1.5, the optimal power value remains constant, set
explicitly at 55MW, as indicated in Table 3. This persis-
tence can be attributed to wind power owners’ inclination
to identify the most favorable probability for tendering elec-
tricity output, thereby mitigating potential losses arising from
penalties imposed due to power shortfall.

The cash flow comparison of the base model and the LWF
model is presented in Table 3 and Fig. 13. It can be observed
that the no-joint venture scenario yields higher profitabil-
ity when the penalty coefficient is below 1.5. Conversely,
the linking approach demonstrates significantly more signif-
icant benefits when this ratio exceeds 1.5. Notably, there is
minimal variation in the optimal power levels between the
two models. This low change can be attributed to reaching a
probability balance, wherein the optimal power levels closely
align between the two models. However, the integrated wind
cases exhibit higher revenue, which can be attributed to the
increased certainty facilitated by the exchange of electricity
production from linking farms. Consequently, the compari-
son results suggest that wind power sources should consider
joint ventures only when incurs substantial penalties (k_Pk
> 1.5) in the electricity market under these circumstances.

7.3 TWF Model

Suppose a commercial relationship is established between
the Bus-1 thermal generators and wind power plants. This
thermal has a rated power of 200MW, and the transaction
commitment price is a 10% profit. Figure 14 shows the WPP’s
revenue after linking with the Bus-1 thermal generation.

From Fig. 14, the shape of the curves also changes bumpier
along the growth path. However, each case has only one max-
imum value, and the downward slope remains consistent.

In models where the penalty price surpasses the cost of
operating thermal power plants under commitment, the cash
flow peak experiences a significant elevation. For example,
when kp>1.1, the maximum revenue has been raised from
less than 150S/h, in Fig. 14, to over $180/h. Nonetheless, like
the previous models, a higher penalty factor also lowers the
revenue peak.

Furthermore, the optimal bidding power is also increased
from around 60MA, in the LWF model, to nearly 90MW,
seeing in the above figure. The certainty of wind compensa-
tion by the thermal plant leads to wind owners’ trust, and a
higher bidding power offer is the cause of this increase.

7.4 EWF Model

Let’s consider a hypothetical ESS system with a maximum
power of 10MW, and the buying pricing factor is determined
to be 1.5 times the market average price. The curves are split
into three patterns in this model in Fig. 15. The first occurs
when the penalty cost is lower than the cost of commitments
to thermal and ESS generations. Typically, kp=1.0 in this
figure; this curve remains unchanged from the LWF model.
The second type has a curve like the TWF model. The penalty
cost is over the commitment to pay for the thermal plant.
Therefore, it leads to participation in the excess energy of
that thermal, like kp=1.2—-1.4. However, that penalty fee is
still lower than the ESS cost, so it has no effect. The last is
the case with the contribution of thermal and ESS generations
when kp>1.5.

With the above results, a higher penalty rate is more con-
ducive to the cooperation of generations. When the penalty
factoris lower than 1.1, generation cooperation does not seem
feasible because the penalty value is too low, discouraging
the participation of thermal generations and ESS because of
the higher cost. On the other hand, thermal power agreements
come into effect when the penalty factor is between 1.2 and
1.4, while ESS does not. Income increases proportionally
with the participation of these thermal power plants. After
all, the best wind benefits are obtained when the ESS plant
participates with its vital penalty coefficient higher than 1.5.

The results in Fig. 15 also show that WPP’s revenue is
higher with the contribution of thermal power and ESS. It
could reach close to 200$/hr for kp=1.6, while this value is
just over 170$/hr with the same penalty factor in the TWF
model, in Fig. 14, and just over 135%/hr in the IWF and LWF
models, in Figs. 10 and 12.

Table 4 gives a more transparent comparison with the TWF
model. The maximum revenue and optimal bidding power are
usually higher than the TWF in the cases of ESS participating,

kp>1.5, while it is the same in other cases. The high-
est increase in the value corresponds to kp=1.6 which is
$196.3/h compared to $175/h in TWE. The bidding opti-
mal wind power also increased to 95SMW compared to only
80MW in the TWF, and around 55-60MW in the previous
models, as in Table 3.

8 Comparison and Evaluation

Comparing the simulated outcomes of the four depicted mod-
elsinFig. 16, itis evident that the optimal revenue of the WPP
exhibits a progressive increase across the successive models.
The integration of power sources fosters augmented bene-
fits for WPP, particularly exemplified by the fourth model,
which involves the amalgamation of WPP with both thermal
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plants and ESS. This integration engenders notable mitiga-
tion of uncertainties associated with wind farms through
integrative relationships, thereby empowering wind farms
to actively augment their bid-based energy supply within
electricity markets. The results indicate that the generated
revenue can potentially exceed the baseline model by up to
132%, reaching 196.3%/h, in contrast to the baseline revenue
of 148.3$/h.

When scrutinizing the impact of the penalty ratio on
the bidding behavior of wind farms within each model, it
becomes apparent that a higher penalty ratio engenders a
propensity for decreased WPP revenue due to an ampli-
fied risk of damages, as elucidated in Fig. 16. Nonetheless,
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the collaborative endeavor among power plants diminishes
the peril of compensation by facilitating proactive inter-
play between them. Furthermore, an optimal penalty ratio
seems to exist wherein revenue attainment reaches its zenith,
approximating a value of 1.6.

Noteworthy, not all forms of integration yield favorable
outcomes for WPP. For instance, when the penalty ratio
descends below 1.4, the revenue generated by the LWF model
modality proves less effective, as the IWF model appears
to yield higher profits. Conversely, excessive reliance on
integration may incite an overabundance of electricity sup-
ply within the market, leading to scheduling overlaps and
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Table 4 Comparison of TWF vs. EWF
kp TWF EWF
ATG A » u())ptimal Rllzeak ATG A » Splimal R ]P;)eak
1.0 2.623 2.623 65 144.3 2.623 2.623 65 1443
1.2 2.563 3.0756 85 185.1 2.563 3.0756 85 185.1
14 2.563 3.5882 85 180.0 2.563 3.5882 85 180.0
1.6 2.578 4.1248 80 175.0 2.533 4.0528 95 196.3
1.8 2.578 4.6404 80 172.1 2.533 4.5594 95 191.2
2.0 2.578 5.156 80 169.2 2.533 5.066 95 186.2
22 2.578 5.6716 80 166.4 2.548 5.6056 90 182.3
24 2.578 6.1872 80 163.5 2.548 6.1152 90 179.5

imperiling the stability of the power system, thereby causing
financial losses for wind power stakeholders.

Moreover, in models characterized by higher penalty
prices, the susceptibility to compensation emerges as a sub-
stantial factor influencing the benefits derived from wind
power. Hence, meticulous consideration should be accorded
to determining bidding prices and the quantity of electricity
production in wind farm operations. The strategic integration
among diverse power sources mitigates the risk of penalty for
power deficiencies, yielding more conspicuous benefits for
both wind plant owners and societal welfare by optimizing
the utilization of renewable energy sources.

Conversely, the expected behavior of conventional wind
farms exhibits a bias toward individual gains, prompting wind
farms to allocate more significant investments in ESS infras-
tructure. As portrayed in Fig. 16, including ESS within the

integration framework amplifies the bidding wind power. For
instance, in the EWF model, wind farms can attain a power
of up to 95SMW, in contrast to a mere S5SMW within the IWF
model.

As renewable energy sources increase in operational
power, they confer considerable societal benefits by dimin-
ishing reliance on dwindling fossil fuel reserves. In the EWF
model, the augmentation of wind power supply within the
electricity market manifests significant social effects. The
penetration of wind energy within the power system in this
model can surge to nearly 173% in the simulated instances,
resulting in a substantial curtailment of fossil fuel exploita-
tion and promoting the realization of a more sustainable
global milieu.
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9 Conclusion

Accurately forecasting the power output of wind farms is a
critical challenge for WPPs when participating in electricity
supply bidding within the electricity market. Recent reduc-
tions in policies promoting wind power development have
further intensified the difficulties wind farm owners face,
leading to possible losses in investment in WPP projects. In
tandem with increased research and technological advance-
ments, adopting a power multi-plant management strategy
represents a pivotal driver for advancing renewable energy
sources, particularly in wind farms. And in the long-term
perspective, when wind power attains equal competitiveness
with other energy sources in the electricity market, this study
seems to contribute significantly to this promising domain’s
advancement.

This study introduces integrated power plant manage-
ment models, combining wind farms with thermal plants and
energy storage systems, offering enhanced effectiveness for
both wind power owners and more comprehensive societal
welfare within electricity markets. Experimental results on
the widely recognized on IEEE 30-bus power system corrob-
orate the outcomes. Firstly, the revenue generated by wind
farms experiences a notable increase when integrated with
thermal plants and energy storage systems, up to 132%.
Secondly, the proposed models demonstrate a significant
enhancement in the power production of wind farms, result-
ing in a considerable increase in sellable wind power output
from 55MW up to 95SMW. This improvement contributes to
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promoting environmentally renewable energy consumption
practices, thereby advancing the pursuit of sustainable energy
solutions.

To provide further insight, the model entailing the own-
ership of all three types of power plants (wind, thermal and
ESS) demonstrates the highest profitability for wind farms,
particularly when the penalty ratio exceeds 1.5, where sur-
passing neighboring models by at least 10% as illustrated in
Fig. 15. Additionally, the models involving the joint own-
ership of wind and thermal power plants exhibit a 25%
higher profitability than the remaining models. Conversely,
strategies integrating multiple wind farms display relatively
modest increases in profitability, amounting to only a few per-
centage points. These findings underscore the notion that a
diversified portfolio of power sources enhances the certainty
of wind energy and yields more incredible benefits within
the competitive electricity market.
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ABSTRACT

This study addresses inherent challenges stemming from uncertainty associated with the integration of
wind energy into the electricity market. A novel approach is proposed to leverage the capabilities of
dynamic transformers to optimize the utilization of uncertain wind power output, thereby enhancing
financial investment efficiency for wind power stakeholders. The flexible combination of wind turbines
(WTB), transmission transformers (TTS), and Energy Storage Systems (ESS) can actively reserve or
provision electricity. Electricity generation control is based on optimal analysis results using linear integer
programming algorithms that consider temperature fluctuations, lifespan of transformers, and electricity
market prices. Maximizing the dynamic transformer's efficiency as proposed and optimizing revenue and
costs from the fluctuating wind power output significantly improves financial performance metrics when
investing in wind farm projects. Financial figures highlighted in the paper emphasize notable benefits,
particularly for wind farm expansion projects. The potential return on investment ratio is expected to
increase up to 5.64 times compared to conventional wind farm investment scenarios, with an improvement

to increase from 4.4% to 24.8%.

Keywords-wind power optimization; electricity market; energy storage systems; dynamic transformer

I.  INTRODUCTION

The report in [1] provides valuable insights into the
inevitable transition process towards renewable energy as a
crucial energy source in the future. Wind energy stands out as a
leading candidate, with a significantly remarkable growth rate
in many countries worldwide [2]. It is anticipated that increased
wind power capacity will reach approximately 1,400 GW
during the period 2020 — 2025 [3]. Vietnam's power
development plan for the period 2021-2030 emphasizes
strategic priority on wind energy development to achieve net-

zero emissions by 2050 [4]. Specifically, by 2030, the capacity
is expected to exceed 28 GW and strive to reach over 100 GW
by 2050 [5]. However, wind energy faces significant
challenges when entering the competitive environment of the
electricity market, primarily due to its inherent uncertainty [6].
Research provides diverse coordinated models of various types
of power plants to minimize risks due to wind power
production instability [7, 8]. In addition to turbines, which
constitute the primary components of a wind farm,
transformers, and transmission lines are critical elements
significantly influencing land clearance compensation. The
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capacity of transmission transformers is typically designed to
accommodate the peak power production capability of wind
energy, resulting in low operational capacity utilization for the
majority of the time. Moreover, the variability of wind power
output can lead to power shortages or curtailment when the
output exceeds the transmission capacity limits of the
transformers [9]. Recent research efforts have concentrated on
optimizing the efficiency of transmission transformers within
wind farm investments to enhance overall effectiveness.
Notable examples include studies on optimal wind power
models integrated with thermal transmission capabilities and
transformer cooling systems [10, 11]. Investigations have also
expanded to wind turbines based on the operational models of
distributed transformers [12]. Furthermore, the advancement of
Energy Storage Systems (ESS) is of considerable interest in the
optimization of Renewable Energy Sources (RES) [13].
However, there is a scientific gap in the optimization of wind
farm expansion combined with ESS when expanding
transformers and transmission lines is not feasible and the
comparison of this strategy with investing in new wind farms.
Based on the reasons above, this study introduces two main
proposes: (i) a method for controlling the output power supply
of wind energy to optimize energy utilization efficiency by
coordination between the maximizing transformer transmission
capacity and energy storage and (ii) the incorporation of wind
speed uncertainty into the problem of controlling wind output
power. To substantiate these proposals, a mathematical model
is constructed and experiments are conducted on a combined
model of three components: Wind turbine - Transmission
transformer - ESS (WTE). The optimization is based on the
economic investment efficiency index, Net Present Value
(NPV) and Return on Investment (Rol) [10, 14] and follows
this sequence:

e Revisiting the scenario of transmission transformer design,
focusing on temperature variations and ensuring longevity
according to design and production standards of past
transformer investments.

e The scenario of integrating the ESS with the operational
conditions of the transformer to store and control the output
power of the wind farm for optimal efficiency was
simulated.

e The probabilistic distribution model of wind energy
uncertainty was also integrated to assess investment
efficiency.

e All experiments demonstrated the effectiveness of the
proposed investment combination according to the tested
investment efficiency calculation method.

The main contributions of the current article are:

¢ A method for enhancing wind power investment efficiency
by integrating transmission transformers into an investment
set is proposed. First, the transmission capacity of
transformers is maximized in order to enhance the role of
the ESS in controlling wind power output for the electricity
market and second, a probabilistic model of stochastic wind
power variation that provides a more comprehensive and

accurate approach for the optimization of the operation of
the ESS and transmission transformers is developed.

e The experimental results on the IEEE 30-bus power system
show that the NPV can potentially increase more than 6.75
times in the proposed model, reaching €17.28 million,
compared to €2.56 million in the traditional design model,
indicating a significant risk reduction and increased
investor confidence in wind power, which is particularly
advantageous for expanding existing wind farms.

Maximizing the power capacity of the transmission
transformer combined with energy storage, along with an
assessment of the wind speed probability, has enhanced the
investment efficiency in wind power for the proposed case
compared to traditional optimal design methods and brought
about the following benefits:

e The expansion of existing wind farms without the need to
upgrade transmission transformers or the associated
transmission lines. This mitigates challenges related to land
acquisition and inherent difficulties associated with
investment in transmission systems.

e Encourages investors to be more interested in the wind
energy sector despite its uncertainties.

II. MATHEMATICAL MODEL

In this article, three main investment components (WTB,
TTS, and ESS) are considered mathematically.

A. Fitness Function
NPV and Rol criteria are aimed as [10, 14]:

CashFlow;

—_\n _ fps
maxNPV =} L IRR)! Initiallnvestment (D)
or:
max ROl = ——2% )
Initialinvestment

In this study, a value of 20 years is assumed to represent the
typical lifespan of a wind farm [11]. The discount or interest
rate is denoted by IRR and expressed as a percentage. Further
elucidation of the initial investment and cash flow is delineated
below [10]:

Initiallnvestment = C;; = Cy,, + Cp + Cggs (3)
CashFlow; = Benefits; — Cost; + Certificate; “@

Cost; = CO¥M 4 CO8M + Q%M 5)

The cash flow in period i is denoted by CashFlow;, Cost;
represents all the costs in the i period, Cy,, , Cy, and Cggg
represent the input parameters reflecting the investment costs
associated with WTB, TTS, and ESS, respectively,
CM, O™ and CO&M are the operation and maintenance
costs, P represents the operational power of the wind farm.
The revenue generated from green energy certification is
represented by Certificate;. An example is the value of 0.305
€/MWh for 2019 in Sweden [8].

B. Wind Power Model in the Electricity Market
Benefits = Z:l Rws (ths) + ZZ:l Rwu(Ath) (6)
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with:

APtW — Pt}vav _ PtWS
where R,,srepresents the direct revenue obtained from selling
electricity based on the bidding contracts within the electricity
market. Bidding output power is P/, while R,,,, denots the

uncertain income and includes revenue reserves and
compensatory costs related to power shortages [7].

Rys = Xi-1 Ay PY° 7
o1 Rpw(APY), if APY >0
ST Cpy (APY), if APY <0

where 4, , represents the wind direct price [15], Rg,,, Cp,, are
the revenues from selling reserved energy and the
compensatory cost [16]:

R (BP) = ki Ay fpws (Y = P¥). £y (01)- dp¥ (9)

Ru = | ®)

CowAPY) = kp. 2y [ ¥ = PP). £, (0¥).dpY  (10)

where kg , kp are the reserve and compensation price
coefficients, fw(pw,i) is the wind power probability density
function [16, 17].

C. Modeling of TTS
The cost of the transformer is described by [18, 19]:

Cer = Rl Py (1T)

where RI,, represents the TTS's financial investment rate, the
illustrative example of Sweden is documented in [10], P},
signifies the rated power, here selected according to IEC [19],
including three components:

wav
Pe

2 wav
It 'Ssize = Pt or Ssize = Itz

(12)

The TTS's rated apparent power Sg;,, must not exceed the
wind farm power limit:

9;"“ < eglst,max (13)

9/ < g/oPm (14)

The variable 8/t represents the hot spot temperature on the

coil while Bttap denotes the top oil temperature. The last
constraint of the transformer is the lifespan LOL, given V as
the annual aging rate of the transformer:

LOL = YTV, (15)

Transformer’s Lifetime

LOL < 8760 (16)

Wind Farm's Lifetime

D. ESS Model

The proposition of employing lithium-ion battery
technology for testing, investment cost, and operation and
maintenance (O&M) is analyzed in [20, 21].

Crss = Rlgss. Egss (17)
Revenueggs = ZZ=1(/1R,t- ER,t) - ZZ=1(/1D,t- ED,t)
Costggg = CI&M (18)

Two pivotal modes are balanced:

e Direct Energy: surplus and deficit energy levels. The charge
and discharge energy are given by:

ER = [*(Prorecase (1) — P )dt (19)
t 24
EII)) = fol (Pn%?c - Pforecast (t)) dt + ftz (Pn%?c -
Pforecast(t)) dt (20)

where Ppyecqse(t) represents the forecasted wind power, Plo%
is the maximum transmission power of the transformer, EX and

EP are dependent on the forecasted wind energy and the
maximum transmission power of the transformer.

e Uncertain Energy: the probability of wind power output
surpassing the forecast.

t PWT‘
EY = [ (fyrea (0¥ — B2 £ (2. dp} ) dt +

t PWT'
(T OF = Prorecast) fu @ ap? ) e 1)
EY =
t PWT'
S (1 (B = Prorecast) Fu@)-dpt ) e (22)

where t, — t; and t; — t, are the maximum predicted wind
power output, which is less and more significant than the
transformer's limit capacity. The result of storage energy
capacity is:

Er=ER +E} (23)
Ep,=ER+E}Y 24)

E. Optimization Problem

The study evaluates the approach's effectiveness by
optimizing three distinct scenarios: Scenario 1 — Conventional
wind power plant investment (TS): This scenario represents the
traditional approach of investing in wind power plants.
Scenario 2 — Optimized wind power plant investment with
capacity expansion considerations (OWS): This scenario
incorporates the proposed methodology to enhance the
efficiency of wind power plant investments, specifically
emphasizing the benefits of expanding wind power capacity.
Scenario 3 —ESS power integration within the system is
explored in this scenario (EWS).

III. EXPERIMENTAL PART

A. Power System Data

The IEEE 30-bus system was utilized as a testbed. The
system comprises 30 buses, 41 branches, and six generations
[22, 23]. Four thermal plants are situated on buses 1, 2, 8, and
13, and two wind farms on buses 5 and 11, their specific
characteristics can be found in [16].

B. TS Scenario

1) Wind Farm Data

The wind initial investment cost is approximately 750,000
€/MW, and O&M expenses are at 1.5% over 20 years [7].
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Daily wind power output in peak season on Bus 5.

Wind power output forecasts are divided into two seasons:
the peak season and the low season [24]. Weibull PDF is used
to get wind power probability in [7]. Figure 1 illustrates the
highest probability of electricity generation during the peak
season for the wind farm at bus 5, presented as the solid line in
the central graph. The observed trend closely follows the
predicted wind output power—notably, the highest probability
of electricity generation at 7:00 PM amounts to nearly 57
MWh. The higher or lower electricity generation probability
exhibits fluctuations around the predicted values. The deviation
levels are approximately 10% for power shortage probabilities
and over 20% for probabilities of power exceeding the forecast.

2) Transformer Data

Transformer's initial investment is assumed to be 30,000
€/MVA, and the estimated O&M cost for it is 3% [10]. The
parameters and specifications for the forced oil circulation were
taken from [19]. Figure 2 illustrates the results of the
temperature profile of the transformer oil and the maximum
temperature of the winding coil for a day, considering the peak-
season operation transformer power. The top oil and winding
coil temperatures increase with the power and reach a
maximum value of 140 °C at the peak power location at 7 pm.
Based on the calculated results under the transformer operating
conditions, the transformer's most minor feasible operational
power is determined to be 57 MVA. However, the selected
rated power will be 63 MVA.

= 60 120 3
= 3
2 50 100 B
g g
2 a0 80 §
a ]

30 60 O

20 40

10 20
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- = Topoil HOtSpot  +eeessens Power transfer == === Power transformer
Fig. 2. Daily temperature profile of the power transformer.

The optimal power distribution using the Matpower 7.0 tool
is utilized for the IEEE 30-Bus system. The cost varies within

the range of 26-31.7 €/MW. Combining this with the daily
wind power output chart, the estimated average selling price of
wind power at bus 5 is 30.34 €/ MWh during off-peak hours
and 27.71 €/ MWh during peak hours. The NPV and cash flow
with compensation factor can be seen in Table 1.

TABLE L. CASH FLOW

Year 0 1 2 20
Cash flow (k€) | -58,140 4,271 4,271 4,271 4,271
NPV (k€) 2,562

12.00
10.00
. .

6.00

NPV (M€)

4.00 T
2.00

0.00
1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 19 2
Compensation Ratio

~-x-- ORS Scenario

Fig. 3. NPV dependent on ki,.

Figure 3 exhibits the notable impact of the compensation
factor k,, in the electricity market arising from the uncertainties
associated with wind power on the effectiveness of project
investment. As kp increases, NPV diminishes, and this decline
in NPV appears to follow a nearly linear trend. Furthermore,
when k,, doubles the electricity selling price in the electricity
market, the NPV experiences a reduction exceeding 75% of the
initial projected benefit. Consequently, any alterations in
electricity pricing policies that affect the ratio of price
differentials for electricity suppliers significantly influence the
revenue of power plant owners.

C. OWS Scenario

Two essential steps are undertaken: (i) Ascertaining the
maximum wind power output at bus 5 based on the operating
temperature conditions of the transmission transformer, and (ii)
Computing the NPV of the scenario.

Power (MW)

1 23 45 6 7 8 910111213 141516 17 18 19 20 21 22 23 24
Time a circle (hours)

—— Offered Power

— — Transformer Power — - - - Old Offerd Power

- x = Excess Power --e-=Power Shortage

Fig. 4. Types of wind output power in peak season at bus 5.
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This study uses the mathematical method from [19]. The
results reveal the maximum achievable wind power output at
bus 5 is P4 = 90 MW, as illustrated in Figure 4. The peak
power has risen from 75 MW to 90 MW, leading to a
substantial increment in the highest bidding power, signifying a
remarkable growth of almost 30%. However, there are two
specific time intervals during the day wherein wind power
surpasses the rated power of the transformer. This excess
reserve energy cannot be marketed to the electricity grid,
causing a daily reduction in electricity output by 7.17 MWh.

D. EWS Scenario

An integration of ESS will be needed to harness surplus
wind energy in the OWS scenario. Charge and dischage enegy
can be seen in Figure 5 Based on the calculated results, an ESS
with an energy of 140 MWh can be chosen. The NPV is
computed using (1). The remarkable result of this scenario
reveals an NPV value of approximately 17.28 M€, serving as a
noteworthy finding.

60

Energy (MWh)
) & wn
& S oS

[
=]

10
0
1 23 45 6 7 8 910111213141516 17 18192021 222324
Time a circle (hours)
—E R ----- E D
Fig. 5. Recharge and discharge energy.
IV. DISCUSSION
A. NPV

Figure 6 illustrates the NPV results of a wind power plant
experiment conducted on the IEEE 30-bus power system across
three scenarios: traditional, wind rate power expansion, and
integrated scenarios incorporating ESS. All scenarios yield
positive NPV values, indicating financial viability. The wind
rate power expansion scenario with ESS integration shows the
highest revenue potential. The NPV of this scenario remains
largely unaffected by changes in the wind price compensation
ratio. In terms of investor benefits, the wind rate power
expansion scenario surpasses the traditional scenario,
highlighting increased revenue from expanded wind rate
power. The integrated ESS scenario experiences a significant
NPV surge, with 65.1% showing no compensation requirement
and a notable 573% increase with a compensation price set at 2.
Contract compensations are generally undesirable in
competitive electricity markets but unavoidable due to
unpredictable factors like wind power. Compensation prices
significantly influence NPV in scenarios 1 and 2 but remain
stable at around 17.28 M€ in scenario 3, thanks to ESS
intervention mitigating potential penalties or need for
expensive electricity purchases.
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Fig. 6. Comparision of wind NPV in the three considered scenarios.

B. Investment Efficiency

TABLE IL FINANCIAL METRIC COMPARISON
Scenario TS OWS EWS
Wind output power (MW) 75 90 90
Consider uncertainty Yes Yes Yes
NPV (M€) 2.56 3.36 17.28
NPV/WP (k€/MW) 34.1 37.3 192
Rol (%) 4.4 4.8 24.8
Need extensive transmission system. Yes No No
500%
450%
400%
S 350%
5 300%
< 250%
5 200%
S 150%

1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2
Compensation Ratio

—»—EWS/TS Scenario = * =EWS/OWS Scenario -+x:-OWS/TS Scenario

Fig. 7. Comparision of wind Rol in the three considered scenarios.

Figure 6 illustrates a clear trend where the Rol in the EWS
scenario sharply increases with higher compensation rates for
wind power output deficits. Specifically, when the
compensation factor hits 2.0, Rol spikes by over 4.5 times. This
notable ratio signifies an investment efficiency rarely achieved
in traditional financial projects. Table II presents a comparative
analysis of financial metrics and investment conditions across
the three considered scenarios. Scenario 3 demonstrates the
highest economic indicators, with Rol exceeding 29%, a
significant improvement over the other scenarios. Investing in
wind rate power expansion with integrated ESS, as seen in the
EWS scenario, proves to be a favorable and recommended
strategy for financial investors, offering benefits to both
investors and society. However, this investment scenario
warrants scrutiny of specific uncertainties, including the wind
power output probability and TTS limitations, to mitigate
potential instances necessitating additional transmission
investments and resulting in extra capital costs.
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V. CONCLUSION

The proposed model optimizes the expansion of wind farms
integrated with ESS without the need to upgrade transmission
transformers, thereby enhancing the investment efficiency of
wind farms. This outcome not only benefits existing wind
farms by encouraging expansion but also applies to
optimization problems for new wind farm investments in the
WTE group. Moreover, the proposed model offers tangible
value compared to traditional wind farm investments by
mitigating losses caused by wind power's inherent uncertainty.
This reduction in uncertainty positively impacts project
profitability, presenting a significant advantage in optimizing
power transmission transformer operations.

The model also presents an optimal method integrating
project investment evaluation based on two financial indices.
Evaluation of two financial metrics across these scenarios
consistently yielded positive outcomes, showing increasing
economic benefits. Notably, the return on investment increased
significantly from 4.4% to 24.8% from the first to the third
scenario, indicating improved capital investment efficiency for
the WTE mixture. The investment solution in the third scenario
offers a unique benefit by eliminating the need to expand the
electricity transmission system to connect wind farms to the
power system. This reduces financial and workforce costs
associated with assessing transmission line environments, land
clearance, and compensation for new substations and
transmission lines, which is not recommended.
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Abstract - This paper aims to provide data and propose viable strategies for effectively harnessing wind energy by introducing
probabilistic models for wind speed prediction. The objective is to improve the accuracy of wind speed forecasts, thereby
mitigating risks for stakeholders and building investor confidence in the development of wind energy. This aligns with the
Vietnamese government's strategy to reduce greenhouse gas emissions, aiming to achieve 23,896 MW of wind power capacity
by 2030, including 75% onshore and 25% offshore wind power. Wind speed data measured in a locality in Vietham from 2017
to 2022 were evaluated using fitting methods and goodness of fit methods to determine the most appropriate probability
distribution model. Findings indicate that the Gamma model best fits this locality under short-term, medium-term, and long-term

forecasting scenarios. However, it is suggested that the Normal distribution model should be slightly prioritized in medium-term

and long-term scenarios, whereas the Generalized Extreme Value model is found to be the least suitable.

Keywords - Wind energy, Wind speed forecast, Probability distribution, Energy development strategy, Renewable.

1. Introduction
1.1. Literature Review

The increasing global focus on renewable energy sources
like wind power is driven by the need to reduce greenhouse gas
emissions and achieve sustainable development [1]. While
wind power presents a promising solution, the inherent
uncertainty in energy production due to fluctuating wind
speeds poses significant challenges for stakeholders in the
energy market [2]. This uncertainty can impact technical and
economic aspects, including potential compensation to
electricity buyers during energy shortages [3]. Previous studies
have significantly focused on employing probability
distribution models to reduce uncertainties in wind speed
forecasting and optimize wind energy utilization. For instance,
the Weibull distribution has been widely applied to assess wind
energy uncertainties in the integration of wind and thermal
energy systems, as well as to analyze wind speed patterns in
Bangladesh [4]. Additionally, the Generalized Extreme Value
(Ev) model has been utilized to calibrate aggregated wind
speed forecasts in weather prediction [5]. Global wind energy
development strategies, such as the European Union's clean
energy transition [6] and South Asia's renewable energy
development plan [7], have highlighted the critical role of
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selecting appropriate distribution models in managing wind
energy uncertainties.

1.2. Motivations and Contributions

In Vietnam, which has pledged to achieve net-zero
emissions by 2050 [8], and in neighboring regions, research on
wind speed probability distribution models tailored to the local
context remains scarce. While some survey data are available
from areas with substantial wind potential, a comprehensive
assessment of the suitability of these distribution models for
the region’s wunique climatic conditions and wind
characteristics is still lacking. This gap has led to an
insufficient scientific foundation to guide investors and
policymakers in advancing sustainable wind energy
development.

1.3. Key Contributions of the Study Include
1.3.1. Identifying Optimal Probability Distribution Models
This study employs rigorous evaluation techniques such as
Maximum Likelihood Estimation (ML), R-Square (R?), Root
Mean Square Error (RMSE), Chi-Square (X?), and
Kolmogorov-Smirnov (KS) tests [9], to determine the most
suitable probability distribution models for measured wind
speed data in Vietnam.

= This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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1.3.2. Supporting Wind Energy Development Strategies

The study provides detailed data and analyses to support
policy formulation and the implementation of wind energy
development strategies in Vietnam up to 2030, with a long-
term vision extending to 2050. Additionally, it contributes to
promoting investments in wind energy that are aligned with
global sustainable development goals.

1.3.3. Enhancing Forecast Accuracy

The research proposes solutions to improve the accuracy
of wind speed forecasts, minimize uncertainties in energy
production, and optimize the economic efficiency of wind
energy projects in Vietnam. These findings are valuable for
Vietnam and have broad applicability to similar geographical
regions in Southeast Asia that face comparable challenges in
wind power development. The study contributes to reducing
wind speed forecasting errors in the region by leveraging the
wind speed data provided in this research.

2. Methodology of Wind Speed Probability

Distribution Assessment

The paper focuses on evaluating and selecting appropriate
probability distribution models for the surveyed area to improve
wind speed forecasting accuracy and assess uncertainty levels,
as discussed in [10]. Based on the forecasting time horizon,
predictions can be categorized into four types: very short-term,
short-term, medium-term, and long-term [11]. Regarding
probability distribution models, the literature in [12] describes
their wide range of applications across various fields, with
commonly used models including Gamma (Gm) and Ev.
Notably, [13] emphasizes that the Weibull (Wb) model is one
of the most widely used models in the energy sector. Therefore,
this study proposes to evaluate the Wb, Gm, and Ev distribution
models in addition to the Normal (Nm) distribution model.

2.1. Probability Distribution Models
2.1.1. Weibull Distribution

The Probability Distribution Function (PDF) of the Wb
model is described by the following expression [14]:
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Here, the indices o va c describe the scale and shape of the

distribution. The cumulative probability distribution is
transformed into [13]:
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The Gm distribution has recently merged in predicting
wind speeds in various regions, such as India [15], showing a
close relationship with normal and exponential distributions.
The probability and cumulative distribution functions are
described as follows [13]. The coefficients o and ¢ also have the
same meaning as Whbl. Particularly T" is called the gamma
function and is calculated by (c-1)! [16].

2.1.3. Generalized Extreme Value Distribution

The Ev model is a continuous probability distribution
comprising three extreme components: Frechet and Weibull.
The probability distribution and cumulative distribution are
described as follows [14, 13]:

f(x) = .
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The coefficients ¢, o, y are sharp, scale and local,
respectively.

2.1.4. Normal Distribution
Nm is commonly used in many different fields for standard
probability statistics. The PDF is represented as follows [17]:

U;ﬁe-(%)

fx) = )
The coefficient  represents the average value, while o
describes the normal distribution coefficient.

2.2. Fitting Methods and Goodness of Fit

Determining the most appropriate parameters of the
probability distribution model is the initial step. Once the
parameters are clearly defined, goodness of fit methods are
applied to evaluate and select the most suitable probability
distribution model for the dataset [14, 18].

2.2.1. Maximum Likelihood Fitting

ML is one of the widely used methods for fitting and
estimating the parameters of wind speed distribution models
[19]. First, the likelihood function or the logarithmic likelihood
function is constructed, and then the parameter values are
searched for to maximize this function. Iterative methods such
as Newton's are employed to estimate the maximum likelihood
efficiently in an asymptotic sense and to achieve minimal
variance [20]. Additionally, some studies have applied an
improved ML method, known as the alternative maximum
likelihood method, for modeling wind speed distribution. This
method is based on the idea of linearizing the nonlinear terms
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using a Taylor series and deriving parameter estimators in a
non-iterative manner. Ultimately, the results of ML fitting
establish the best parameters for the evaluated probability
distribution model.

2.2.2. R-Square Evaluation

The R-squared represents the square of the correlation
between the observed values and the predicted values. It is also
referred to as the square of the multiple correlation coefficient
and the multiple coefficient of determination. This metric
measures the degree of success in explaining the variability of
the measured data. It is commonly used to assess how well a
nonlinear function fits a given statistical data set. The higher the
value, the better the fit. The R-squared value is calculated as
follows [20]:

2 _ 4 Iiai-x)?
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Here, y and x are the corresponding statistical and
functional values, y is the average functional value.

2.2.3. Root Mean Square Error

The RMSE quantifies the discrepancy between observed
probabilities and those estimated by the probability function,
indicating the model's goodness of fit. A lower RMSE value
signifies a better fit. Due to its sensitivity to outliers, RMSE is
often used in conjunction with the square index. The calculated
value is [20],

1
1 =\2]2
RMSE = 231, (F, - F)°[’ ©)
F and F represent probability functions and observed
values.

2.2.4. Chi-Square Evaluation

The chi-square statistic, based on the frequency of
occurrences, is commonly used to assess the accuracy of
probability distribution functions. Therefore, this statistic
indicates whether the chosen distribution function is valid when
evaluated against a critical value. The statistic is calculated as
follows [14]:

xz =3V (0;=Ep)?

i (10)

In this context, Oi represents the number of observations
estimated using each distribution's estimated probability density
function. Ei denotes the expected number of observations,
calculated through a frequency histogram based on the
measured data.

2.2.5. Kolmogorov—Smirnov Evaluation
The Kolmogorov-Smirnov statistic assesses the maximum
difference between the cumulative distribution function of a
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model and the empirical distribution function. When the
measured value increases or decreases too abruptly in
comparison to the distribution function, it indicates that the
chosen distribution may be inappropriate. The statistic is
calculated using the following expression [14]:

KS = max(|F;(x) — F,(x)]) (11)

Where F1(x) is the cumulative probability measured
compared with the theoretical probability, F2(x).

3. Data
3.1. Wind Power Development Strategy of Vietham by 2030

3.1.1. Review of Wind Power Development Strategy
Table 1. Wind power planning data by 2030 [21]

Redions Planning by 2030 (MW)

g Total Onshore Offshore
Northern 8,264 5,764 2,500
Middle 4,791 4,291 500
Southern 10,841 7,841 3,000

Total 23,896 17,896 6,000
50 :
<t
45 =
o
40
35
30
s 3 2
¢ : 3 :
1 3 I § o
o - o o

Northern Middle Southern

® Pmax(2020) = Pmax(2030) = Wind Pmax(2020) = Wind Pmax(2030)

Fig. 1 Electricity load and wind power by 2030 [8, 22]
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Fig. 2 Annual average increase in wind power [21]
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Table 2. Installed wind power capacity of countries

Countries Potential (MW) Year Installed Capacity (MW)
Afghanistan 66.726 2019 0
Bangladesh 20.000 2019 3
Bhutan 63.895 2019 1
India 7] 102.778 2020 32878
Maldives 288 2019 1
Nepal 3.000 2019 0
Pakistan 346.000 2020 792
Sri Lanka 24.000 2019 146
Vietnam 821.173 2022 3986

According to the forecast in [8], electricity demand is
expected to reach a peak load of over 92,000 MW by 2030,
while total power capacity expansion is projected to be around
138,000 MW. Wind power is expanding rapidly, with a planned
increase of nearly 24,000 MW, as outlined in Table 1, reflecting
an annual growth rate of approximately 28%. The southern
region is leading this growth, with an annual increase of 21%,
while the middle region shows the slowest growth at 9%, as
indicated in Figure 1. The northern region is growing at about
16% annually, with average annual capacity increases of 826
MW in the north, 479 MW in the middle region, and 1,084 MW
in the south, as shown in Figure 2. By 2030, wind power
capacity is projected to exceed 10,000 MW, largely based on
detailed plans for onshore wind projects. Currently, 58% of the
remaining capacity is in the planning phase and open to
investors. This capacity is evenly divided between onshore and
offshore wind power, with approximately 7,800 MW allocated
to onshore and 6,000 MW to offshore. According to the wind
power development plan in [21], wind energy is expected to
make up more than 13% of Vietnam's total energy capacity by
2030, with an estimated 28,000 MW. However, this only taps
into about 13% of the country's full wind energy potential. As
reported in [8], Vietnam has over 200,000 MW of onshore wind
capacity and around 600,000 MW offshore.

3.1.2. Comparison of Asian Countries
According to reference [21], Vietnam is among the
countries with a robust wind energy investment and

development strategy, driven by strong initial government
support policies and a substantial, favorable wind energy
resource base, as shown in Table 2.

3.2. Wind Speed Data

The wind speed data was collected from a midland region
in the south-central coast of Vietnam, an area with a significant
future wind energy development strategy [8]. Wind speeds were
measured at a height of 10 meters above ground level. The data
was recorded at 10-minute intervals, encompassing maximum
speed, minimum speed, average speed, and standard deviation.
The dataset utilized for the research spans six years, from 2017
to 2022. Three simulations of the dataset were conducted: (i)
short-term, the data was divided into hourly sample subsets for
each day; (ii) medium-term, the data was segmented into daily
sample subsets for each month; and (iii) long-term, the data was
organized into monthly sample subsets for each year. Figure 3
illustrates the measured data over a span of six years. While not
immediately evident, it is observed that the pattern remains
largely consistent across four seasons within each year: (1)
Season 1: from December of the preceding year to February. (2)
Season 2: from March to May. (3) Season 3: from June to
August. (4) Season 4: from September to November. Seasons 1
and 3 exhibit higher wind speeds than Seasons 2 and 4.

4. Experimental Results and Discussion
4.1. Comparison of Models

Wind Speed (m/s)

% 50 100 150

200 250 300 350 400

Days

Fig. 3 Wind velocity data measured
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The survey results of four distribution types with three
illustrated cases are presented in Figure 4. The curves depict a
relatively stable trend in the selection count over the years.
However, the case for months exhibits variability, particularly
between the Nm and Ev distributions. The highest selection rate
occurs with the Nm distribution in the daily case, averaging
around 70%. Conversely, the lowest is observed with the Wb
distribution in both monthly and daily cases. Upon closer
examination of each case, Gm holds the highest selection
proportion for short-term hourly predictions, followed by Nm,
Wh, and Ev, which is the least preferred. For medium and long-
term cases, the Nm distribution predominates, especially in the
medium-term, followed by Gm. Wb and Ev's distributions are
scarcely chosen in these scenarios. Hence, for short-term
predictions, the Gm distribution appears most suitable, although
other distributions should also be considered, albeit with lesser
suitability. Conversely, for medium and long-term predictions,
the Nm distribution seems more appropriate. Wb and Ev
distributions are discouraged for use in these contexts.

4.2. Medium-Term Case

Figure 5 presents the results of the proportion of Nm
selection distribution across seasons over the years. Cases
suggest a seemingly equivalent outcome across all four seasons.
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However, some anomalous fluctuations are believed to be
weather-related. For instance, in the second season of 2017, the
prevalence of storms compared to other years led to a notably
higher proportion of Nm selection distribution [23, 24].
Conversely, in the first season of 2022, the presence of tropical
low-pressure systems and weaker cold air mass compared to
previous years resulted in a significantly lower proportion [25].
Thus, a medium-term case based on Nm distribution is
recommended but remains contingent upon weather conditions.

4.3. Short-Term Case

Figures 6 and 7 further confirm the superiority of the Gm
distribution in the hourly and annual analysis. While alternative
distributions are viable, Gm and Nm stand out as the more
dominant, with significantly higher selection probabilities of
0.55 and 0.31, respectively. In contrast, Wb shows a lower
probability of 0.10, and Ev has the lowest at just 0.04. Between
the hours of 12:00 to 15:00, there appears to be a balance
between these two distribution models. Perhaps the high and
stable wind velocities mitigate the influence of distribution
types. The Wb distribution warrants consideration due to its
stability, whereas Ev exhibits a lower preference ratio. A
comparison across months in 2022 in Figure 8 illustrates
relatively stable preference ratios for the models. However, the



Linh Tung Nguyen et al. / IJEEE, 12(1), 17-24, 2025

Nm distribution experienced a sharp decline in February,
attributed to abrupt decreases in tropical pressure rates and cold
air in that month of 2022. In the case of seasons, the Gm
distribution seems less volatile, while the others fluctuate across
Seasons 2 and 3, as depicted in Figure 9, corresponding to
seasons characterized by high wind speed fluctuations due to
weather fluctuations.

10%

32%

OWbl-hour OGm-hour OEv-hour ©ONm-hour

Fig. 6 Mean dominant in six years
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4.4. Comparison of Countries
Table 1. Survey of wind speed probability distribution models of

countries
. Year of Proposed
Countries Ref. Survey Model
Extreme
Turkey [12] 2013 Value
Trinidad and .

Tobago [14] 2000-2015 Rayleigh
Iran [13] 2008-2010 Gamma
Vietnam This article | 2017-2022 Gamma

Although various studies have applied the Weibull
probability distribution to assess error deviations in wind speed
predictions for optimization problems in wind energy, survey
data from several countries suggest that other distribution
models may provide greater accuracy, as summarized in Table
3. For instance, Turkey recommends the Extreme Value model,
Trinidad and Tobago proposes the Rayleigh model, Iran
suggests the Gamma model, and, in line with Iran’s findings,
Vietnam is also recommended to use the Gamma model, as
supported by the results of this study.

5. Conclusion

The findings of this research, based on the analysis and
evaluation of wind speed data, are designed to enhance the
strategy for wind energy development in alignment with
Vietnam's power planning objectives. The study demonstrates
that the Gm probability distribution is the most effective for
predicting hourly short-term wind power generation. In some
cases, the Nm distribution may serve as a viable alternative or
complement to Gm. Importantly, these results diverge from
those presented in reference [12], where the Ev distribution
provided superior overall model performance. The Wb
distribution, often utilized in some prior scientific studies,
should also be considered but appears to be less suitable, a
sentiment aligned with the assertion in reference [14]. For
medium-term, daily-based forecasting, it is advisable to
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prioritize the selection of the Nm distribution for evaluation such as those in the second season of 2017 and the early season
over others. Conversely, a combination of both Nm and Gm of 2022, in Figure 5, which could disrupt predictions.
distributions is recommended for long-term projections based Correspondingly, for such anomalies, the Nm probability
on experimental findings. On the horizon axis, the process of  distribution is suitable across various localities, aligning with
selecting distributions appears to be less contingent upon  findings from previous studies.

seasons or months within the year. However, when examined

by hourly intervals, the time frame between 12:00 and 15:00  Conflicts of Interest

shows minimal differentiation between the distributions Gm The authors affirm the absence of relevant financial or non-

and Nm. Beyond this timeframe, the evaluation outcomes favor  fjnancial conflicts of interest. Data Availability Statement: The
the proposed Gm distribution model. Despite the clear  gata supporting the findings of this study are available from the
limitations remain, particularly regarding unusual weather
patterns. The evaluation identified several unexpected storms,
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Abstract—In the context of wind power sources
participating in the electricity market, they frequently
encounter significant challenges arising from their inherent
uncertainties. Compared to the initial projections, deviations in
their power output could potentially lead to decreased revenue
for investors. This necessitates compensation or penalties due
to shortfalls in wind power output. This study thoroughly
investigates and assesses proposed integration scenarios to
mitigate the risk of such penalties or compensation
requirements. These scenarios involve the integration of
multiple wind turbines and wind farms, aiming to enable
mutual offsetting of electricity output power in cases of
emergency power shortages. Through simulation-based
experiments on the IEEE 30-bus system, the findings of this
study unequivocally demonstrate that the financial viability of
wind power plants within integrated clusters exceeds that of
their standalone economic operations.

Keywords—Wind Farm, Electricity Market, Uncertain,
Generation Expansion Plan

L INTRODUCTION

Renewable energy has recently been rapidly emerging
and developing globally, particularly in medium and large-
scale wind farms [1]. The approximate growth rate of around
10% during 2017-2018 represents an unprecedented and
unpredictable pace of expansion [2]. The 2022 energy crisis
in Europe underscored the vital role of energy in economic
and social development, as the economies of developed
nations faced severe repercussions due to volatile energy
conditions. The rise in prices of essential commodities
highlighted the risks associated with dependency on fossil
fuels. Consequently, Nations globally have concentrated on
advancing renewable energy sources to diminish dependence
on fossil fuels, with wind energy assuming a pivotal role [3].
Furthermore, the increasing proportion of wind energy holds
promising environmental benefits [4, 5].

Incentives for renewable energy have been limited in
many regions lately, despite their previous efforts to promote
sustainable energy sources. Wind power investment
nowadays has the potential to yield favorable financial
returns for investors while also engaging in business
transactions of buying and selling their products on equal
terms with traditional energy sources. Participating in
competitive electricity markets has become a new trend in
the European electricity market [6].

However, the primary drawback of wind power, when
integrated into the real-time dynamics of the electricity
market, is its inherent uncertainty. This uncertainty poses a
significant barrier to wind energy's equal and unrestricted
participation in competitive electricity markets. Several
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research endeavors have delved into examining the influence
of wind power on the electricity grid and the consequences
stemming from its inherent uncertainty [7]. Several proposed
methods aim to reduce costs related to energy imbalances
through market participation [8]. Conversely, some contend
that transactions in the electricity market contribute to
system improvement by reducing prices and aligning market
volume through the system's inherent flexibility [9].

In conclusion, uncertainty's ramifications on the
economic and technical aspects of the power system are
intricate and challenging to determine with certainty [10, 11,
12]. Integrating uncertain wind power sources into the
competitive electricity market presents significant hurdles
and is subject to various unpredictable factors. Unlike
investments in conventional power sources, where the
benefits are readily apparent for investors and society, wind
power demands substantial financial resources with uncertain
economic efficiency for investors and ambiguous impacts on
energy management agencies and the community.

This study delves into the assessment of wind power's
impact on investment financials, aiming to develop financial
operating methods that mitigate the influence of uncertainty.
Specifically, while individual wind turbines may be affected
by varying weather conditions, the collective operation of
multiple turbines can reduce the extent of such impacts.
While a single wind farm may not benefit its owner
considerably, the synergy of numerous wind farms can
generate more substantial advantages. Moreover, utilizing
the Weibull probability density function (PDF) in evaluating
and analyzing wind speed enables a more precise estimation
of wind power generation for the electricity market. This
improvement in wind power prediction reduces uncertainty
for investors, thus mitigating unforeseen consequences.

Three wind power scenarios were simulated using the
IEEE 30-BUS system to demonstrate the effectiveness of
these analyses. The results indicate a significant reduction in
the impact of uncertainty on investors when integrated into a
more diverse financial community. Wind energy revenue
also increases with their integration into the electricity
market, highlighting the more significant influence when the
market's compensation level is higher.

The main contributions of this paper are as follows:

e Investigation and assessment of the degree of
uncertainty's impact on different financial strategies
of wind power.

e (Conducting a comparative financial analysis of
autonomous and integrated wind power scenarios and
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proposing customized strategies for wind plant
integration in the electricity market.

e Providing practical test cases of wind power
operation scenarios on the standard IEEE 30-BUS
power system, detailed in this study.

II. MATHEMATICAL MODEL

A. Wind Power Model

Wind farms have two revenue components: direct
revenue and uncertain revenue [10]. The direct revenue is
generated by selling electricity according to the scheduled
direct bidding on the electricity market, selling the amount of
wind power predicted in advance. On the other hand, the
uncertain revenue includes two components: revenue from
selling excess energy beyond the initial prediction and
compensation (or penalty) costs incurred due to energy
shortfall compared to the initial forecast.

RW(PW) = Z Rw,i = Z[Rws,i(Pws,i) + Rwu,i(APw,i)] (1)

APw,i = Pwav,i - Pws,i

In this context, B, represents the aggregate wind power
distributed in the electricity market, while R, ;, Ry, ;, and
R, ; denote the direct, uncertain, and cumulative revenue,
respectively. Additionally, P, ; correspond to the projected
power and AP, ; is the deviation between the bidding and

actual power.

1) Direct revenue

The wind farm indexed as i generates revenue directly
based on the forecasted wind energy output and its
contribution to the electricity market, as determined by the
formula (1), where g; represents the coefficient associated
with direct costs.

Rws,i(Pws,i) = giPws,i ()

The coefficient g; for electricity selling prices and the
proposed electricity production plan B, in the electricity
market are two influential factors directly contributing to
revenue. Rational electricity production results from wind
energy predictions based on wind speed, while the
coefficient g; is proportional to the average selling price in
the market. Accordingly, this electricity selling price
coefficient is often influenced by large-capacity power
sources, which are the sources that can provide stable
electricity to the power system. For example, within the
European Union energy market, wind power pricing is
incorporated into the thermal electricity price coefficient,
underscoring the substantial contribution of wind energy.

Cro(Pre) = i2¢(a; + biPrg; + ciPfs ;) 3)
Argi = b + ¢iPrg, “4)
Ntg
— Y. g,
g =g ==+ = )
TG

The cost coefficients of thermal plants, a;, b;, and c;, for
producing the output power Prg ;. Besize, Arg ; signifies the

thermal unit price, while A represents the mean price.

2) Uncertain cost

The second element in equation (1)denotes unpredictable
revenue, encompassing a blend of revenue and cost
components. The revenue is generated through the sale of
reserve energy; on the other hand, the cost component
involves expenses incurred by compensation, and equation
(6) expresses the uncertain revenue.

RRw,i(APw,i): lf Pwav,i = Pws,i

. (6)
CPw,i(APw,i): lf Pwav,i < Pws,i

Rwu,i(APw,i) = {

Here, Rpy,; and Cp,, ; present the revenue from selling
reserve power and the compensation cost under the plan of
bidding power. Reserve income is defined as,

RRw,i(APw,i) = kR,igi (Pwav,i - Pws,i)

= kR,igi fpwr'i(pw,i - Pws,i)fw (pw,i)dpw,i @)

Pws,i

And the compensation is,
CPW,L' (APw,i) = kP,igi (Pwav,i - Pws,i)

= kP,igi fopws'i(pw,i - Pws,i)fw (pw,i)dpw,i (8)

kr; va kp; present the reserve and compensation/penalty
coefficient on the wind power plant. fw(pw,i) is the wind
power PDF for the wind power plant. P, ; va P, ; are the
actual available and rated output power from the same plant.

B. Weibull Model

The two-parameter Weibull distribution is widely
employed in numerous studies related to wind power
production. According to Document [13], this model is
commonly utilized to represent the probability distribution of
wind speed, and it is expressed as follows:

f =@ ®
00, v>v,andv <y,
P, ={ P, (ﬁ) v, =v =1, (10)

Pyr) Vo 2V > v,

The curve's shape in equation (9) is determined by the
dimensionless factor &, known as the shape factor, with
parameter ¢ representing the scale in m/s. Variations in the
values of k and c yield different forms of distributions. The
wind speed, denoted by v, is governed by the Weibull PDF
parameters ¢ and k. The wind output power is derived from
[10], with the rated power, P,,., and the wind speed of rated,
cut-in, and cut-out are respective, v,., v, and v,.

Fig. 1 illustrates two wind turbines in different locations
and with identical specifications in TABLE II. This figure
shows two distinct regions of a sudden increase in
probability, specifically in the low wind speed boundaries.
The turbine remains inactive below the threshold wind speed
(vin ), resulting in zero electricity output for wind speeds
ranging from zero to v;,. On the other hand, when the wind
speed exceeds v,,;, the turbine's power output cannot exceed
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its allowable power, leading to the cumulative probability of
wind speeds greater than v,,,, resulting in the corresponding
rated power output of the turbine.

0.1
0.08
0.06

0.04

Probability distribution

0.02

0 020507091214 1.6 182123252830
Wind output power (MW)

Fig. 1. Wind power probability distribution

C. Objective Function

The primary objective outlined at the outset of this
research is to focus on the financial efficiency of wind
energy investments. The income from wind power comprises
two essential components: direct revenue and the sale of
excess energy. Conversely, compensatory measures
encompass the costs associated with inaccurate forecasting in
the electricity market. These essential expressions have been

explicitly presented in equation (1) and further
elaborated upon in equations (2)-(4),
maximize {F = R,,(P,)} (11)

Calculating and analyzing the results in the steps is
shown in the flowchart at Fig. 2.

III. DEVELOPING EXPERIMENTAL SCENARIOS

This study examines three proposed scenarios as follows:
(i) Single turbine scenario (STS): A standalone wind turbine
is independently invested in and participates in electricity
sales. This approach is impractical due to its inefficiency; (ii)
Multiple-turbine wind farm scenario (MTS): This traditional
scenario involves numerous wind turbines comprising
government support and investments; (iii) Integrated
multiple wind farm scenario (MWS): There are instances of
commercial integration that can yield mutual benefits for all
parties involved.

A. STS scenario

A fundamental electricity market with various energy
sources, including wind power. In this case, the wind power
source consists of only one turbine invested at a suitable
location. Let's assume the wind turbine has specific technical
parameters and is installed at a place with Weibull data, as
mentioned in Gen 1. The Weibull PDF of the turbine is
illustrated in Fig. 1; the revenue is determined by equation

(1).

B. MTS scenario

In this scenario, the electricity market still considers the
wind power source as a participant in selling electricity,
similar to the STS scenario. However, the wind power source
itself consists of multiple wind turbines. Each turbine has
similar power generation characteristics since they are
located close to each other. Thus, the composite probability
distribution of the set of turbines is determined as follows,

PDFg(P,) = [1}F, PDFy(Psy) (12)
PF =ZIiV=TlPt,i (13)

In which, PDFy and Py represent the probability
distribution and output power of the combination of wind
farm turbines. PDF; and P, denote the total wind power. The
variable i ranges from 0 to the maximum number of turbines
in the farm, N, representing the index of each turbine. The
composite PDF is established based on the variation of the
index i for each turbine independently. The computation
method for wind farm revenue follows a similar approach to
the previous model, with the distinction that it involves
aggregating probability density functions from turbines
within the same cluster.

Parameters of Power
system
v
- OPF to get power flows.
- Cost of Generators.

v
Forecast the wind power price (A,) l
PDF of wind
| ke = 1.0t0 2.4 .
farms
/r
STS Scenario MTS Scenario MWS Scenario
Single turbine Multiple-turbine Integrated multiple
scenario wind farm scenario wind farm scenario
Fitness function: Fitness function: Fitness function: All
All income and| |All income and income, exclude
compensation cost of| |compensation cost of some fines, which
a wind turbine wind farm shared by winds

Evaluate, compare and recommend

End
Fig. 2. Flowchart Model

C. MWS scenario

The wind farms may belong to the same or different
owners, following a certain principle in electricity business
transactions, integration is necessary to ensure mitigated
consequences of uncertainties and to bring optimal benefits
to all market participants.

Unlike the MTS scenario, each wind farm has a distinct
characteristic PDF as it is constructed in different locations.
And creating a virtual wind farm, the combined PDF method
is similar (12) and (13).

IV. IV.SIMULATION RESULTS

The proposed scenarios have been assessed using the
IEEE 30 bus RTS system. This system consists of thirty
buses, forty-one branches, and six sources, and its grid
parameters have been sourced from references [14, 15]. Four
thermal power plants are situated at buses 1, 2, 8, and 13, as
detailed in TABLE I; and tow wind farms at buses 5 and 11.
There are 25 turbines on bus 5, with a combined power of
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75MW, and 20 turbines on bus 11, with a total power of
60MW. The wind speed predictions for these farms are
obtained using the Weibull two-parameter distribution in
TABLE II.

TABLE I. PARAMETER OF THERMAL GENERATORS

Generator Gen 1 Gen 2 Gen 3
Bus 1 2 8
a 0 0 0
Cost ratios b 2 1.75 3.25
c 0.00375 0.0175 0.00834
TABLE II. PARAMETER OF WIND POWER
Bus 5 11
No. of turbines 25 20
Wind
power Rate power, P, .(MW) 75 60
generation | youn i PDF parameter | c=9, k=2 c=10, k=2
plants
Weibull mean, M, v=7.976m/s | v=8.862m/s
Turbine P,,»= 3MW, v,=3m/s; v,=16m/s and v,=25m/s

The selling price of wind power is determined at
approximately 2.42-2.8 $/MWh, derived from calculating the
average electricity generation cost of thermal power sources
under the assumption that thermal energy predominates in
the electricity market. For the excess selling price of
electricity, it is assumed not to be considered. In contrast, the
compensatory electricity price is determined based on the
multiplier £ with the dimensions 1.0-2.4.

A. STS Scenario

A 3MW wind turbine is installed at bus 5 of the system.
The PDF distribution according to Gen 1 in Fig. 1 is applied.
The highest probability is determined at 7m/s, as shown in
(10), corresponding to a turbine power output of
approximately 0.7MW, as illustrated in Fig. 3. Turbine
revenue results are given in TABLE III.

TABLE III. TURBINE REVENUE

k 1.0 12 | 14 | 16 | 18 2.0 22 2.4

Revenue 2.6 2.1 1.5 09 0.4 -0.2 -0.7 -1.3

s spesd (mis)

Fig. 3. PDF of turbine

With the results mentioned above, the wind turbine
revenue decreases consistently as the compensation ratio
increases, can be understood because as the compensation
ratio rises, even though the probability of electricity shortfall
remains constant, the cost of compensation increases, leading

to a general decrease in wind power owner's revenue. The
revenue will become negative at a certain compensation
ratio, implying that wind power owners no longer benefit and
no longer desire to invest in wind power projects, which will
become more evident in the wind farm scenario.

B. MTS Scenario

This scenario considers a complete wind farm at bus 5 of
the TEEE 30-bus power system. PDF was assembled from 25
turbines on the farm, resulting in Fig. 4, with a peak slightly
shifted towards the lower power output, around 30-32MW.

The revenue of wind generators at Bus-5, presented in
Fig. 5, exhibits variation across different power regions. The
cash flow demonstrates an almost linear increase when the
power output is below 25MW, while it experiences a nearly
linear decline for power outputs exceeding 40MW. Notably,
the revenue peaks within the range of 30 to 40MW, closely
associated with the compensation scale. The compensation
factor influences these changes in revenue.
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Fig. 4. PDF of the wind farm on bus 5
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Fig. 5. Revenue of wind farm at bus 5

C. MWS Scenario

In this research, we investigate the integration of two
distinct wind farms situated on buses 5 and 11. The main
focus is to explore the potential benefits of allowing these
wind power plants to exchange their generated electricity in
the electricity market, aiming to mitigate the adverse effects
of wind power fluctuations. The PDF of the virtual wind
power source, resulting from the combination of these two
wind farms, is represented by a specific curve, Fig. 6. The
PDF obtained from the integrated model demonstrates
characteristics of a similar shape, featuring a slightly lower
peak and smoother slopes compared to previous scenarios.
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To assess the economic implications of this integration,
we analyze the revenue outcomes for the wind farm located
at bus 5 compared to a scenario where integration with other
wind farms is not considered, as depicted in Fig. 7.
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Fig. 6. PDF of wind farm at bus 5 and bus 11
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Fig. 7. Comparision of revenue MTS and MWS scenario

V. Discuss

The bidding behavior of wind farms changes when they
are integrated. In a conventional setup, each wind farm bids
the electricity output based on its wind speed forecasts,
aiming to maximize its benefits. However, due to
uncertainty, they tend to select cautious bidding plans with
lower electricity output than the forecast to avoid
compensation situations. This trend shows that the offered
output power decreases as the compensation level increases.
On the other hand, relaxing constraints reduces the risk of
penalties for scenarios with integration between different
wind power sources, making wind power owners more
comfortable bidding higher electricity output in the market.
As illustrated in Fig. 8, an increase in compensation levels
leads to a declining trend in bidding output power. However,
the trend stabilizes, yielding higher values compared to
previous scenarios. This suggests a positive shift in the
behavior of wind power owners, as they offer increased
electricity output.

The research highlights the significance of integrating
wind power farms and the potential for collaboration among
them within the competitive electricity market and provides
valuable insights for policymakers and investors, enabling
effective planning and investment in wind energy projects.
Consequently, this contributes to leveraging renewable
energy sources to promote sustainable development.

The study emphasizes the significance of integrating
wind power sources and highlights the potential for
cooperation among wind farms in the competitive electricity
market. This research provides valuable insights for
policymakers and investors to plan and invest in wind energy
projects effectively, thereby harnessing renewable energy
sources to promote sustainable development.
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Fig. 8. Comparison of revenue MTS and MWS scenario

VI. CONCLUSION

In conclusion, this paper has introduced a method based
on mathematical uncertainty in wind energy to analyze and
evaluate the advantages for wind farm investors operating in
an uncertain, competitive electricity market. Through tests
involving three wind power revenue determination scenarios,
the study has demonstrated that collaborative integration of
wind turbines and wind farms can substantially enhance
efficiency and benefits for wind plant investors. The
integration scale is directly proportional to the magnitude of
the benefits obtained from these partnerships.

Integrating the wind farm at bus 11 with the wind farm at
bus 5 in the IEEE 30-Bus system yielded an approximate 4-
5% increase in revenue. Although this increment may seem
modest in isolation, its significance becomes apparent when
viewed within the broader context of the entire investment
cycle, spanning 20-25 years. This outcome holds promise for
heightened wind power benefits accruing to investors.

To summarize, this study presents a valuable method for
optimizing wind power investment amidst energy market
uncertainty, emphasizing the importance of strategic
cooperation and appropriate compensation policies to
maximize efficiency and benefits from wind farm owners.
These findings provide valuable insights for wind energy
investors, policymakers, and stakeholders to make informed
decisions and foster the development of sustainable and
efficient wind power projects.
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Abstract. This paper proposes a new optimal approach to determine the location
and size of the Energy Storage System (ESS) in transmission expansion planning
(TEP). The proposed method combines two steps in sequence: the improved Min-
Cut algorithm (IMCA) and the Genetic Algorithm (GA) algorithm to reduce the
search space and time for finding the optimal solution satisfying many constraints.
This algorithm reduces the computational volume significantly compared to pre-
vious algorithms and thereby shortens the calculation time leading to investors
making timely and competitive ESS system investment decisions. The research
results are applied in determining the position of the ESS in the IEEE 24-bus
system, which shows the possibility of a solution to the TEP problem.

Keywords: TEP - Energy storage systems - Min-cut algorithm - Genetic
algorithm

1 Introduction

In the problem of electricity system development planning, there are many problems
with planning for transmission expansion to achieve one or more specific goals. Among
them, efficiency optimization is considered one of the essential planning stages. There-
fore, critical planning solutions such as Transmission Line Expansion Planning (TEP),
Generation Expansion Planning (GEP) has been studied extensively in [1, 2].

TEP is still a vital solution for solving planning problems in the long run. Still, it is
not always a perfect solution to solve overload and congestion to achieve stability and
reliability [3]. The common disadvantage of TEP solutions is that they are expensive
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or have limitations on the number of additional towlines, constraints on the number of
lines per pole, or the cost of building a new towline. In this case, more powerful and
economical methods are often used to improve the system, such as restructuring the
power grid for the existing power source [4], controlling the power flow using FACTS
[5], or solutions to build new renewable energy sources [6, 7]. However, these methods
have pros and cons to varying degrees, and they are not perfectly interchangeable.

In recent years, the development of renewable energy sources is gradually replacing
fossil energies. The energy from solar and wind has developed rapidly in many countries
worldwide [6, 7].

The characteristic of these energy sources is that they cannot be controlled according
to the operator commands but depend on natural conditions at each time. Therefore, when
the electricity demand is lower than generating capacity, the energy transmitted to the
grid affects the security of the power system. In contrast, when electricity demand is high
at a time when the renewable energy plant is not generating electricity. For controlling
these power sources, one of the solutions is to use ESS in the power system. The ESS
will store the excess energy on the grid and transmit it back to the grid at the request of
the dispatcher to satisfy goals [1, 8].

Types of ESS sources are pretty flexible in construction but could redistribute the
power flow on the system to reduce the load on the part of the power transmission
system at the required location. However, like the fundamental problem of power system
planning, the issues of concern are determining the location and capacity of the necessary
ESSs to be installed on the power system, also known as the optimal problem when TEP
incorporates an energy storage system (ESSTEP).

The organization of the paper consists of six parts as follows. Part 1 introduces.
Part 2 introduces the theory of methods to solve the TEP problem and proposes a new
model to solve the ESSTEP programming problem. Part 3 Details IMCA algorithm and
its application in the search space reduction method in an optimization problem. Part 4
mathematical optimization model to solve the ESSTEP programming problem. Part 5
experiments on IEEE-RTS 24-bus system and gives discussion results. Section 6 offers
some concluding remarks.

2 ESSTEP Problem

In TEP planning, the optimization problem is one of the most important to be solved to
meet the operator’s goals. In studies on TEP, the many different models and algorithms to
solve optimization problems have been mentioned as AC and DC mathematical models,
meta-heuristic algorithms PSO, GA [2].

In the long-term options, the solution to expand the transmission line is one of the
more suitable options. However, this solution’s investment loss is relatively significant
compared with other aggressive solutions, such as using FACTs or ESS in the short term
[3.5].

Active power sources such as ESS can also provide electricity when the power
system is congested at peak load and ensure stable operation of the power system without
expanding the transmission power system. Moreover, ESS also enhances the system’s
transmission capacity by injecting more power into the grid to reduce congestion and
pressure on existing power sources, ensuring the security of the power system [3, 4].
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In the recent commercial market with different energy storage technologies, the
battery is still the most popular storage device today [4]. In addition, to solve the problem
of short-term capacity shortage, there are other types of technologies such as flywheels,
supercapacitors. Energy storage by Hydrogen, compressed air are technologies with
larger capacity, and higher energy storage capacity, so it is more flexible in the power
system. Specific application conditions corresponding to each type of technology are
classified as shown in Fig. 1.

As stated in the introduction, when planning TEP, it is also necessary to consider
the issue of incorporating ESSTEP. The weaknesses in the ESS are also the weaknesses
of ESSTEP. Therefore, recent studies have developed large-capacity, high-performance
ESS tools inresponse speed and efficiency to solve the TEP problem [5]. Various methods
and models have been proposed in the literature in this field to solve the difficulties
mentioned above of the TEP planning problem. The models and techniques can be
organized as follows:
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Fig. 1. Classification of ESSs [6]
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Classical Optimization Algorithm: A commonly used analytic technique, and the
results are often optimal global solutions to the universal version of the initial integer
problem, where the initial data are integers, which are replaced by continuous variables.
The computational loads in these algorithms are often huge. Thus there are many obsta-
cles to solving extensive programming problems for medium and large power systems,
like most real power systems. In addition, this method can interfere with the convergence
problem in some cases, as in [6, 7].

Application of the minimum cross-sectional algorithm (MCA): different from other
algorithms, this algorithm always gives precise results, and the computational volume is
relatively low, so some studies use it to find the position of the minimum cross-section.
Optimal placement of FACTS installations [5, 8], solving bottlenecks in the power
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system [8], as well as studies on stability and reliability in transmission expansion
planning [9, 10].

Meta-heuristics Algorithms: These algorithms are inspired by optimizations in nat-
ural laws. They are extended to specific search procedures and can be used in almost
any case, and this is a particularly suitable solution for complex problems with many
uncertain constraints. Algorithms are often used to determine optimal or non-optimal
results of general issues, even for correspondingly large systems involving enormous
computational efforts [11].

Despite many advantages, the convergence probability and large computational vol-
ume of meta-heuristic algorithms are concerns of researchers, and this is an opportunity
to propose applying a hybrid method to overcome this problem. The defects in solving
optimization problems in TEP are presented in this paper; this hybridization leads to a
two-stage matching algorithm. First, improve the MCA algorithm to fit the objective of
the optimization problem, which is known as “limited search space. “The later stage,
called “Optimization of the Solution,” uses a genetic algorithm (GA) to find the opti-
mal global result in the reduced space of the previous stage. This process is perfectly
designed to overcome the disadvantage of the meta-heuristic algorithm as mentioned
above.

3 MCA Algorithm

3.1 Basic MCA Algorithm

In the 1950s, the problem of finding congestion of an undirected graph was proposed
by Ford and Fulkerson by determining the smallest slice of that undirected graph. This
solution is the premise for the MCA algorithm. Mechtild Stoer and Frank Wagner devel-
oped this algorithm to apply it to computer programs in 1997 and called it the Min-Cut
algorithm [12]. This model is also used to determine the optimal location of TCSC to
solve the problem of congestion in the power system [5]. The basic MCA algorithm
flowchart is shown in Fig. 2.

Subject to:

a matrix (n x n) of magnitude total [A] (this case power per capacity of lines).

n is the number of nodes.

Y sj=Y_ag, Y jt=)_ aj - magnitude total with generators, loads of i cutand j branch.

S(@), T(i) - i cut with generators, loads.

u, v - buses.

{s}, {t} - set of nodes generators, loads.

MC() - mincut step i.

MF - maxflow.

3.2 Improved MCA Algorithm

The traditional MCA algorithm mentioned above is limited because it does not include
the distributed power flow on the transmission line, which leads to inadequate implemen-
tation of problem-solving objectives, such as when choosing a branch. In the minimum
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Fig. 2. Base MCA algorithm [5]

cut to solve congestion problems, transmission lines with large power distribution can
be ignored while these are critical locations that need to overcome congestion. Adding
branches with more significant power distribution to min-cut is an improvement of the
MCA algorithm to overcome the shortcomings of traditional MCA, which is proposed
in this paper.

The power flow distribution is the first step added to the Fig. 2 flowchart to check for
congested branches in the power system. When any branch is overloaded (congestion)
due to a high-power flow, it should be taken to update to the min-cut set during algorithm
execution.

Steps 6 and 2 of the added flowchart

s;(new) = s5; + K;
ti(new) = t; + K;

[Pﬂ,,w] = runopf (sys)
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Importance,

P .
K; = y<1 - M)
Pmte(j)

vy is an essential factor in this improvement. The value of y is chosen according to the
contribution of power flow per branch. With the updates mentioned above compared
to the basic MCA algorithm, each branch is checked for power flow. The result is the
minimum possible cross-sectional set, including the units in the congested area in the
power system.

4 ESSTEP Mathematical Model

4.1 Function Fitness

Several recent studies on power system expansion planning have considered the instal-
lation of ESS. However, it is not yet widespread in the commercial market because the
investment capital of ESS is still relatively high in the market [13]. Therefore, the prob-
lem of optimizing the location and capacity of ESSs in the TEP planning to achieve a
reasonable cost when investing in a new ESS and the cost of operating efficient power
sources is expressed by the following objective function:

minimize C* =Y ] +) " CFS. (1)
i j

Subject to,

° CiT — generation cost of i source and calculated by:

Cl =Y c.Ai@ )
ieG
° C/ESS — investment cost of j ESS and calculated by:
CES = Y PP .o+ Co )
iEGess

With constrantion as.
Pgi — Ppi — Z/ebus ViVi(Gjj cos §;; + Bjjsin §;;) = 0.(4)
Oci — Opi — Zjebus ViVi(Gj sin dij + Bjj cos §;5) = 0.5
® Vichus = Viebus = Vi (6)
Siebranch < Silg‘lly);anch‘(7)
e Location of ESSs € mincut(8)

With,
Cess — ESSs Fun investment.
Co — an rate of ESSs cost.
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t — An evaluation cycle (years).

ci(t) —1 generation cost in t cycle.

A;(t) —1 generation energy in t cycle.

P55 —i ESS capacity.

Pgi, Oci, Ppi, Opi —Power of generator and load.
Siancn — Capacity of i branch.

djj — Voltage angle.

Vi‘g"”, Vi, —Min and max voltage.

4.2 IMCA—GA Two Steps Algorithm

The optimization problem (1) with many solved methods has been studied previously
using heuristic, meta-heuristic algorithms, or mathematics [2]. The advantages and dis-
advantages of each method are not the same, but all the problems scientists and planners
are most interested in are related to finding the global extreme of the fastest problem,
especially for large power systems.

Among the more recently used algorithms, GA is a standard method used in TEP
programming to solve the dark problem. However, its characteristic is that computation
is too large in some systems like most other meta-heuristic methods, and sometimes
problem results can be trapped in local extremes.

Therefore, this paper proposes a two-stage combination between IMCA, an improved
MCA algorithm, and a GA algorithm to enhance the problem of computational volume
and local extremes of the GA algorithm, as mentioned.

The diagram in Fig. 3 depicts the hybrid problem as mentioned above in a five-step
sequence:

(1) Current capacity trend distribution of the operating power system.

(2) Use the IMCA algorithm in this paper to find the minimum cross-section set.

(3) Determine the minimum cross-sectional search space defined in step 2.

(4) Solve the optimization problem (1) by GA algorithm with the limit in space in step
3.

(5) Finally, the position and capacity of the ESSs.

S 24-Bus IEEE Test

They are using a standard IEEE RTS 24-bus power system to check the feasibility of the
proposed method in this paper. This system consists of 36 branches and 10 power sources,
and the data of this power system can be found in documents [14, 15], summarized in
Fig. 4.

According to the survey time, it is assumed that the power load capacity and power
source increase equally at all nodes. When the ratio increased to 160% of the standard
capacity (4,560MW and 5,448MW respectively according to Tables 1 and 2), the system
started to become congested at branches 6—10 and 7-8.

The power flow in step 1 (according to 4.2) is calculated using Matpower 6.0 software
according to the system data in this case and using the IMCA algorithm to determine
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Fig. 3. Hybrid IMCA and GA algorithm flowchart

the minimum cross-section by step 2 (in 4.2). The results are shown in Tables 3 and 4
below.
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Compares the results of two algorithms, MCA and IMCA. Overloaded branches
8-7 and 10-6 (with overload coefficients of 104 and 133%) were excluded from the



Table 1. Power of generators (rate 160%)
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Bus 1 2 7 13 15

Py (MW) 307.2 307.2 480 945.6 344

Qg (MVar) 99.84 99.84 120 331.2 106.08

Bus 16 18 21 22 23

Py (MW) 248 640 640 480 1,056

Qg (MVar) 86.88 160 160 96 397.76
Table 2. Power of loads (rate 160%)

Bus 1 2 3 4 5

Pq (MW) 172.8 155.2 288 118.4 113.6

Qg M Var) 352 32 59.2 24 224

Bus 10 13 14 15 16

Py (MW) 312 424 310.4 507.2 160

Qg4 MVar) 64 86.4 62.4 102.4 32

Bus 6 7 8 9

Py (MW) 217.6 200 273.6 280

Qq (MVar) 44.8 40 56 57.6

Bus 18 19 20

Pq (MW) 532.8 289.6 204.8

Qg MVar) 108.8 59.2 41.6

Table 3. Min-cut result on 24-bus system

Basic MC New IMCA
Branches into min-cut 8-9 2-6
8-10 6-10
7-8
8-9
8-10

minimum cross-section in the MCA algorithm, while underloading branches (such as
9-8 and 10) —8 only 25 and 14% respectively) are included in the minimum cross-
section. In contrast, with the IMCA algorithm, implemented with the coefficient y =
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Table 4. Power flow

Branch 10-8 8-7 9-8 10-6 6-2
Power flow (%) 14 133 25 104 51

175, the above-overloaded branches 6-10 and 7-8 are updated to the minimum cross-
section set in Table 4, and this is the congestion area that needs to be expanded of the
power system as stated [10].

According to the IMCA results, the set of nodes 10, 9, 8, 7, 6, and 2, which are
related to the min-cut found, are six favourable locations for installing ESSs to solve
the congestion of the power system at branch 9-8 and 10-8 as mentioned in [4]. This
implementation is step 3 of the problem.

The GA algorithm to solve the optimization problem in programming (1) is imple-
mented next in this step 4. The limit of the search space in the problem consists of six
locations defined in step 3 above. The positions of the ESSs can be located at nodes 2,
6,7,8,9, and 10, respectively. The capacity of the ESSs is assumed to allow a stepwise
change of I0OMW.

ESS capacity of 10MW at node 6 and 30MW at node 8 is the result of solving the
problem. And this result is entirely consistent with the results calculated and checked
by the corresponding AC mathematical method using Matpower 6.0 software.

6 Conclusion

Planning to expand the power system is indispensable in the process of socio-economic
development of a country, and it is the task of scientists as well as strategic planners. In
addition, in recent times, aiming at a strategic replacement for fossil fuels that pollute the
environment, renewable energy sources are of great interest in the world. These sources
and other canopies are widely used in TEP [§].

According to the research, the application of ESS source in power system planning
is a flexible and feasible solution to prolong the investment period to expand the system
and thus improve investment efficiency. This result brings economic benefits and has the
effect of levelling power flow between peak and off-peak load times, helping to operate
the power system more efficiently, making the most of renewable energy sources, like
wind and solar.

In this paper, the research results have pointed out two outstanding issues:

(1) Improve the MCA algorithm suitable for the optimization problem and propose
a hybrid method between IMCA and GA to reduce the search space of the optimization
problem, thus reducing the computational load compared to the traditional GA method.

(i1) The combination of the improved IMCA and the GA algorithm used to improve
the efficiency of the optimization problem and determine the result is a more powerful
tool because it can find the plan results, and the ESS resources are more efficient.

Therefore, in the future, this method can be applied in practice and research and
development more widely, specifically to continue testing other hybrid combinations, or
it can also be developed for multi-stage planning.
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Abstract

The issue of mitigating the consequences of uncertainty in the wind energy sector, especially when
integrating into the electricity market, is becoming increasingly important in the context of renewable energy
and modern grid systems. This uncertainty not only poses significant challenges to the profitability of wind
farms but also threatens grid stability. An effective solution is to establish collaboration between wind farms
and thermal power plants to balance electricity supply during critical periods. This collaboration helps increase
profitability for wind farms and reduces fuel procurement costs for thermal power plants, while positively
contributing to renewable energy development. Additionally, this paper emphasizes optimizing social benefits
by maximizing profit for both energy models and minimizing fuel costs for thermal power plants, rather than
solely focusing on the profit of each type of plant.

Keywords: wind energy, electricity market, social profit

1. INTRODUCTION

In recent years, renewable energy has become increasingly popular, especially wind energy,
with a very rapid growth rate in the world [1]. Many studies have shown that the rate of construction
of new wind power plants around the world is quite high [2].

The importance of wind energy has become clearer for economic and social development.
Typically, after the energy restructuring in Europe in recent years, when policies to limit fossil energy
supplies such as oil and gas from large countries were implemented. From there, countries must look
for other energy sources, especially clean and abundant energy sources like wind energy [3].

Besides the significant advantages, there are still challenges that need to be overcome for
renewable energy in general and wind energy in particular, one of which is the uncertainty of
electricity production [4]. The unpredictable fluctuations of wind energy have a significant impact
not only on the security and stability of the electricity system operation but also on the benefits of
market participants [5]. The output capacity of wind power sources changes suddenly compared to
the plan, leading to an imbalance in electricity supply and demand, which can cause fluctuations
during operation. Furthermore, that sudden change makes power source owners have to evaluate the
immediate benefits to react to the process of changing electricity output to balance the spot electricity
market.

Therefore, scientists around the world have made many research efforts to improve this
problem. A typical example is integrating wind energy into other energy sources that can meet other
stability requirements such as thermal power plants [6], and Battery Energy Storage System (BESS)

[71.
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When integrating multiple power plants, the global optimization problem of all market
participants is posed, whereby determining the optimal amount of power to offer to the electricity
market is crucial for maximizing profit. Author of the article [8], has investigated the penalty
coefficient factor to see the change in profit of wind power plants. In another article [9], the authors
researched how to maximize wind power plant profits in a power source combination model.

Thus, researchers have researched and found ways to maximize profits for the factories under
study. In reality, the inability of integrated power plants to maximize their own profits presents a
significant challenge. This article introduces methods to evaluate the capacity of wind power plants
in optimizing social welfare. The calculation method is based on maximizing the profits of wind
power plants, along with the profits of thermal power plants.

The main contributions of the article are shown as follows:

(1) Propose capacity purchase cost coefficient when integrating wind power plants and thermal
power plants.

(2) Maximize social profits when combining wind power plant and thermal power plant models
together.

(3) Compare and evaluate the benefits of combining factories together.
2. MATHEMATICAL MODEL
2.1. Estimating power and wind probability

The actual power each wind blade puts out depends on the wind speed it is experiencing.
Specifically, the power output of a wind turbine blade can be expressed as a function of wind speed
[10]:

0 LV < Vi and v > Vg
v-v;
Py @) =4 Por () Vi SV Y M
Puvr U <V S Yoyt

where v;,, v, and v, represent the starting wind speed, rated wind speed and cut—out wind
speed of the blade. The rated output power of the 3 MW wind turbine is determined based on the
Enercon E82—E4 product document, with specific values for the wind speed parameters being v;,,=
3m/s, v,.= 16 m/s and v,,,.= 25 m/s [10].

However, our load is taken according to the load of the whole country of Vietnam, so each
wind power plant will be considered equivalent to an Enercon E82-E4 wind turbine.

The probability of wind speed according to the Weibull PDF has two important coefficients:
the shape parameter (k) and the scale parameter (c):

K\ (v k-1 _(V/.)\k
f(v)=(;)(z) e~ 0 < v < w (2
2.2. Independent operation model of wind power plant

Normally, it is necessary to predict in advance the output that the plant can provide to sell to
the electricity market, which is called a certain component. However, besides this certain component,
wind speed will also fluctuate, increasing or decreasing compared to the initial prediction. This
fluctuation is referred to as the uncertain profit of the wind power plant:

R, (Pw) = Z Rw,i = Z[Rws,i(Pws,i) + Rwu,i(APw,i)] (3)
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Where, B, is the total amount of wind power sold in the electricity market; Ry, ;, Rys i, Ry
is the total revenue, direct and uncertain revenue of the ith wind farm; P,,s; and AP, ; = Pyqy; —
P, are the difference between planned capacity and actual capacity P,,,,,; compared to the plan of
the ith wind power station.

2.3. Direct revenue

The direct revenue of the ith wind farm is determined corresponding to the proposed price and
the wind capacity provided in the electricity market, determined by the formula (4).

Rws,i(Pws,i) = Aw,ipws,i (4)

In expression (4), revenue is proportional to two variables. The first variable is the wind energy
output planned to be sold based on the production forecast at a particular time, B,,;. The higher this
capacity, the higher the direct revenue and vice versa. However, setting a higher value carries
increased risk for wind power owners due to the associated uncertainty.

Second proportional value, 4,, ; represents the unit price directly related to the ith wind power
producer. This coefficient is predicted and bid by the wind power plant owner. This may be a
sufficient price to ensure enough income to compensate for the investment and operating costs of the
wind power plant. However, in the market price mechanism, this number is calculated by some
researchers to be influenced by the average price of energy from dominant energy sources in the
electricity market, determined by the dynamics of supply and demand. Here, the article selects this
coefficient so that this price is lower than the selling price of electricity from wind power plants to
the electricity market, because an uncertain component cannot be priced the same as a high-certainty
component.

2.4. Revenue from wind energy uncertainty

The second component of equation (3) represents the uncertainty of wind energy, and it is
divided into two parts:

Component 1 represents the excess wind generation that occurs when the actual wind power
output exceeds the power offered to the electricity market (known as reserve costs). If lucky, there
may be one or a few wind farms with insufficient capacity that will buy this excess power. However,
in most cases, this excess power will be curtailed because the output of each wind farm is fixed and
offered in advance. Therefore, wind turbines are forced to turn their blades back to prevent the wind
power from being fed into the grid, which would cause instability in the power system.

Component 2 represents the shortfall in wind power that occurs when the actual wind power
output falls below the power offered to the electricity market (known as penalty costs). In this case,
the investor has two options:

- Buy power from another power plant: This option is not feasible if there is no prior notice,
as it is unlikely that another power plant will be able to supply the missing capacity in time.

- Pay a penalty fee: This option is often more expensive than the price at which the electricity
was offered for sale.

Equation (5) represents the revenue from the stochastic component of wind farm i as follows
[11]:

RRw,i(APw,i): if Pwav,i = Pws,i

; 5
CPw,i(APw,i); lf Pwav,i =< Pws,i ( )

Rwu,i(APw,i) = {
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Excess wind revenue:

Rrwi(APy,i) = kri(Pwavi — Pws,i)
= kR,i f:v\:;lri'i(pw,i - Pws,i)fw (pw,i) dpw,i (6)

Penalty from wind deficit:

CPw,i(APw,i) = kP,i(Pwav,i - Pws,i)
Pys,i
= kP,i fO ' (pw,i - Pws,i)fw(pw,i) dpw,i (7)
Where P4, ; and P,,,.; is the actual capacity and rated capacity of the ith wind power plant.
fw(Pw,i) is the probability of this capacity appearing in the wind power plant i. kg;, kp; is the

reserve price coefficient when there is excess wind and the penalty price coefficient when there is a
lack of wind capacity of the ith wind power plant.

2.5. Independent thermal power plant model

Thermal power plants need to use fossil fuels to produce electricity. The relationship between
fuel costs (in units of $/hour) and generation capacity (in units of MW) can be more simply described
by a quadratic model such as equation (8).

Cro(Prg) = ivaf a; + b;Prg; + CiP’I%G,i (8)
Where a;, b;, c; is the cost coefficient of the ith thermal power plant to produce the amount of
capacity Pr¢;. Ny is the total number of thermal power plants.
The profit Ry of a thermal power plant is calculated as equation (9).
Rpo(Prg) = ATG,iPTG,i )
Argi = b + 2¢;Prg,; (10)
Where Ar¢ ; denotes the unit price of the th thermal power plant i.
2.6. The combined operation of wind and thermal power plants model

When participating in the electricity market, factories will have to offer to sell a specific
capacity of generation capacity to the electricity company so that the electricity company can have
an operating strategy to stabilize the electricity system most. The problem of integrating wind power
plants to improve stability and profitability for wind power plants is no longer unfamiliar in the
research community [12]-[14]. The easiest integration in practice is between two wind power plants
to reduce the probability of low power output. However, even with such integration, whether it is
two, three, or four integrated plants, the power output level may still be unstable. Therefore, thermal
power plants need to participate, as they are capable of providing stable power output to compensate
for this shortfall.

If the capacity of the wind power plant offering electricity is B,,; then we will obtain the
electricity offering capacity of the thermal power plant (Pr) as:

Pro = P, — Rys (11)
Where P, is the load capacity.

According to the article [15], variable thermal power plant capacity ranges from 1.26% to
6.31% of rated power per minute. In this study, the rate of change in the rated capacity of the thermal
power plant is chosen as 1.26% per minute to extend its operational lifespan. Therefore, when
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combining wind power plants and thermal power plants, there will be two more binding quantities
for the thermal power plant's capacity besides the rated capacity Prgmax Which is:

P — { PTGmax if PTGmax < PTO + PTO * 1'26% (12)
remaxnew = \Pro + Pro * 1.26%  if Premax > Pro + Pro * 1.26%

P . _ { Premin if Prgmin > Pro — Pro * 1.26% (13)
TGmin,new Pro — Pro * 1.26%  if Premin < Pro — Pro * 1.26%

Where Prgpmin is the smallest capacity of the thermal power plant (OMW), Premaxnew:
Prgminnew are the maximum capacity and minimum variable capacity of the thermal power plant,
respectively. when integrated with wind power plants.

2.7. The case where the wind power plant generates sufficient capacity

The profit of the wind power plant will be calculated as formula (3)-(7) and the profit of the
thermal power plant will be determined as formula (8)-(10).

2.8. The case where the wind power plant has excess generating capacity

At this point, the profit of the wind power plant will be calculated according to formula (3),
and direct revenue according to formula (4), but at this time the coefficient ky in formula (6) will be
recalculated according to formula:

A
kR,new = I62 (14)

ATGo

Where Ay, is the unit price of a thermal power plant when a wind power plant is involved,
Argo 1S the unit price of a thermal power plant when operating independently.

When excess wind capacity exceeds the available capacity of thermal power plants, the surplus
wind energy cannot be utilized and is curtailed. But at this time there will be two cases: this excess
wind capacity is larger than the capacity Prgminnew and the case where the residual wind capacity
is smaller than the capacity Prgminnew- When the excess wind capacity is greater than the amount
of capacity the thermal power plant can meet, this excess wind component will be discarded. Thermal
power plant profit (Rro new (Prg)) Will be recalculated as follows:

ATGPTGmin,new - RRw,new if PTO - PTGmin,new < Pwav - Pws

. 15
/1TG (PTO - Pwav + Pws) - RRw,new lf PTO - PTGmin,new > Pwav - Pws ( )

RTO,new (PTG) = {

2.9. The case where the wind power plant lacks generating capacity

At this point, the profit of the wind power plant will be calculated according to formula (3),
and direct revenue according to formula (4), but at this time the coefficient kp in formula (7) will be
recalculated according to formula:

A
kP,new = Ia (16)

ArGo

Where Ar;4 is the unit price of a thermal power plant when a wind power plant is involved.

When the wind power plant lacks generating capacity, the wind power plant will buy capacity
from the thermal power plant. However, at this time there will be two cases: this lack of wind capacity
is larger than the capacity Prgmaxnew and the case where the excess wind capacity is smaller than
the capacity Prgmaxnew- When the wind shortage capacity exceeds what the thermal power plant
can supply, this shortfall will still incur penalties. The capacity of the wind shortage (7,,,) and the
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maximum capacity of the thermal power plant that can be supplied (P,.) will be calculated as
follows:

Ppy, = Bys — Byav (17)
Ppr = PTGmax,new — Pry (18)

The profit of the thermal power plant (Rrg new (Prg)) Will be recalculated as formula (19):

ATGPTGmax,new + RPw,new if PPt < PPW
Arg (PTO + Ppw) + Rpwnew Uf Ppt > Ppy

The uncertain component wind power plant profit (Cp,, new (AP,)) Will be calculated as the
formula (20):

RTO,neW(PTG) = { (19)

kP,neprt + kP(Ppw - Ppt) if PPt < PPW
kP,neprw if PPt > PPW

In this case of insufficient generating capacity, there will be a scenario where if wind power
plant capacity is much higher than the load demand, the actual output of the thermal power plant will
be very low. Therefore, the coefficient kp .., Will be very high because assuming the actual output
of the thermal power plant is 300 MW, then the maximum power output the thermal power plant can
achieve is 300 + 1.26%*Pdm*10 (because the wind power plant measures power changes every 10
minutes) will be much higher than 300. Therefore,kp ,,¢,, Will be much higher than kp, meaning that
the impact when combined with the wind power plant will be significant. So, if kp e, = k, then
the wind power plant will not purchase power from the thermal power plant but will incur penalties
from the electricity company.

3. OBJECTIVE FUNCTION

CPw,new (APW) = - { (20)

The paper proposes a calculation method to select the generation capacity of each plant to
achieve the maximum point of social profit. This social profit includes the profit of the thermal power
plant, the profit of the wind power plant, and the fuel purchasing cost of the thermal power plant. All
will be calculated according to formula (21):

maximize{F = Rw,new + RTO,neW - CTO,new} (21)

Where Ry, news RTonew> Cronew respectively represent the profit of the wind power plant, the
profit of the thermal power plant, and the fuel purchasing cost of the thermal power plant after these
two models are combined. The power system used in this paper is considered ideal, with no
consideration given to transmission line overloads. The power plant capacity constraint function for
the objective function is:

OSPWSS Pwr (22)
0< PTO < PTGmax (23)
PTGmin,new < APTO < PTGmax,new (24)

With B, as the bid capacity of the wind power plant and Py, as the bid capacity of the thermal
power plant to the electricity market, APy, represents the variable capacity of the thermal power
plant that can adjust to changes in the capacity of the wind power plant. Prgmin new: Premax.new
denote the minimum and maximum adjusted capacities of the thermal power plant when linked with
the wind power plant, calculated according to formulas (12) and (13).
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After calculating and selecting the point of maximum social profit, the evaluation will be based
on the increase in profit of the wind power plant and the thermal power plant, the reduction in fuel
purchasing costs for the thermal power plant, as well as the rates of increase and decrease before and
after integrating the two plants:

%RW — Rw,n}e?w_fdw,old % 100% (25)
0/ R - RTO,new_RTO,old % 1000/ 26
onTo = Rr0,01d ° (26)
0/ C _ CTO,new_CTO,old % 1000/ 27
ovTo = Cro,01d ° (27)

Where %R,,, %R 1o, %Crq respectively represent the percentage increase in profit of the wind
power plant, the percentage increase in profit of the thermal power plant, and the percentage decrease
in fuel purchasing cost of the thermal power plant. Ry, 514, Rro,01a) CTo 014 r€SPectively represent the
profit of the wind power plant, the profit of the thermal power plant, and the fuel purchasing cost of
the thermal power plant before these two models are combined.

4. SIMULATION AND EVALUATION

The problem is calculated and processed on MATLAB software to program several solutions
to OPF problems to calculate the profit of wind power plants, thermal power plants, and fuel purchase
costs of thermal power plants.

4.1. Input data
4.1.1. Wind power plants

Actual wind speed data was collected at Binh Thuan province and recorded for analysis. The
data collection period lasts from January 1, 2017, to December 31, 2021. Figure 1 shows wind speeds
in 2017.

Typical wind speed chart in 2017
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Figure 1. Typical wind speed chart in 2017

The wind data used covers January 2017 to December 2021, capturing historical changes in
wind speed. This data helps estimate parameters for the Weibull distribution, which is crucial for
accurately modeling wind conditions. This information is then applied to predict the auction capacity
of the electricity market, with the goal of maximizing social profits. Additionally, load data from
2023 is used to simulate current electricity demand, ensuring our model reflects real-world operating
scenarios.

However, to convert the data into Weibull coefficient form, it is necessary to estimate the
parameters ¢ and k of the Weibull distribution from real wind speed data. A common method to
estimate these parameters is the Maximum Likelihood method [16]. This method optimizes the
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Likelihood function based on the observed data, finding values of ¢ and k that increase the likelihood
of the observed data. This approach allows for accurate and reliable estimation of the parameters of
the Weibull distribution from real wind speed data.
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Figure 2. Wind speed probability chart using many Weibull coefficient estimation methods

Based on the calculation and simulation results, it is found that the error of MLM is the
smallest compared to the other methods. Therefore, the parameters ¢ and k calculated from this
method will be used for further study.

Here, a wind power plant with a rated capacity of B,,.=42709.6 (MW) corresponds to the
maximum load capacity for evaluating and demonstrating the uncertainty of wind power plant
operation in the power system.

The electricity price will be divided into peak hours, off-peak hours, and normal hours
according to the electricity selling price of Vietnam Electricity. The parameters in the problem are
difficult to find online for security reasons. Therefore, here the author will take the coefficients during
normal hours according to the parameters in the paper [10] then scale them to off-peak hours, peak
hours with corresponding coefficients taken from the retail electricity prices for voltage levels from
110 kV and above to match the electricity selling prices of Vietnam Electricity.

Table 1. The selling price of wind power plants to the electricity market

Time frame /lw,i Kp
Off-Peak Hour 1.01 1.9
Normal Hour 16 3

Peak Hour 2.88 541

4.1.2. Thermal power plants

The rated capacity of the thermal power plant is assumed to be 30,000 MW, which will
correspond to about 70% of the rated capacity of the wind power plant.

Calculation parameters in the cost calculation formula of thermal power plants are taken
according to the article [10].

Table 2. Cost of thermal power plant for the system under study [10]

a b c
2 0.00375
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4.2. Load

Load data is collected from the Vietnam load graph in 2023 (https://www.nldc.evn.vn/). Below
is a typical load graph for January 8, 2023.

Load graph January 8, 2023
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Figure 3. Symbolic graph on January 8, 2023
4.3. Simulation results for 0:00 January 8, 2023

Simulations will be run to find the maximum point of social profit for each hour. Then,
calculations will be performed to determine the hourly capacity selection level of each factory to
achieve the set goal of maximizing the social increase rate.

Input data
l
Independent functioning factory Intergrated operation factory
v
Constructing objective function
v
Calculating hourly plant Calculating hourly plant
profitability based on OPF profitability based on OPF
v v
Calculating daily plant Calculating daily plant
profitability profitability
v v
Calculating monthly plant Calculating monthly plant
profitability profitability
| |
v

Compare results

Figure 4. Implementation flow chart
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Figure 5. The maximum point of the social profits for a specific hour

Figure 5 illustrates the maximum point of social profit at Oh on January 08, 2023, when the
wind power plant operates as a supporter for the thermal power plant by not bidding power to the
grid. This result is because the rated capacity of the wind power plant is quite high compared to the
load, so when bidding to the grid, there will be a surplus of power. Therefore, there is a scenario
where only the surplus wind power is sold to the thermal power plant, and there is no need to worry
about penalty costs from the grid when there is a shortage of wind.

4.4. Simulation results for 2023
Repeating the steps as for January 8, 2023 for the year 2023, the following result is obtained:
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Figure 6. Evaluation results comparing profits in 2023 cases

Fig. 6 presents the results of optimizing social profit for loads and inputs of the power plants
based on our initial assumptions. These results show that, when operating independently, the profit
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of the wind power plant decreases compared to before, with the decrease from 1029389.3 to 21489.6
($/MWh), reducing by 47.9 times. Meanwhile, the thermal power plant will benefit the most from
the choice of objective functions and the purchase and sale coefficients when there is wind surplus
or shortage, resulting in profit increasing from 821121294.8 ($/MWh) to 983955620.9 ($/MWHh), an
increase by 1.2 times. The fuel cost of the thermal power plant has increased slightly, from
836903159.4 ($/MWh) before integration to 868432315.5 ($/MWh) after integration, an increase of
1.04 times.
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Figure 7. Evaluation results comparing profits in cases where the wind power plant's rated capacity
being half of the original in 2023

As noted by the author in section 4.2, the simulation results for Oh on January 8, 2023, show
significant changes when reducing the rated capacity of the wind power plant by half compared to
the initial setting. The profit of the wind power plant has decreased from 514,685.8 ($/MWh) to
259,637.1 ($/MWHh), a reduction of 1.98 times. However, this change has increased compared to the
case using the rated capacity of the wind power plant, as in the previous scenario. Additionally, the
wind power plant's profit will increase compared to operating independently during months with low
load demand. The profit of the thermal power plant still increased from 901143789.5 ($/MWh) to
976007044.3 ($/MWh), a factor of 1.08.

In addition to maximizing social profit as proposed by the author, alternative scenarios include
maximizing the wind power plant's profit, maximizing the thermal power plant's profit, or
minimizing the thermal power plant's costs. Each of these cases with different primary objectives
will result in distinct outcomes, as illustrated in Figures 6 and 7.

5. CONCLUSION

This paper addresses the challenge of forecasting and determining capacity for electricity
market participation, focusing on renewable energy integration. A method combining forecasting
models and capacity selection is proposed to optimize societal benefits. The research highlights the
importance of renewable energy for economic and environmental sustainability, aiming to improve
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the efficiency of power plants. Notably, the study excludes transmission line limitations,
concentrating on power capacity limits to compare various objective functions and identify the most
feasible and profitable combination of wind and thermal power plants. This approach aims to enhance
renewable energy use in the electricity sector.
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1. Gioi thigu
1.1. Téng quan

Cam két cat giam dén zero khi thai nha kinh vao nam 2050 ctia Chinh phu Viét Nam tai hoi nghi
Cong udc khung cua Lién hop qudc vé bién doi khi hau 1an 26 (COP26), ciing nhu muyc tiéu giam
45% lugng khi thai cua cac bén tham gia COP27 la chinh sach hanh dong manh mg theo xu huéng
phét trién bén viing tat yéu trén toan thé gidi [1]. Trong do, nang lugng gid n6i 1én nhu mot linh
vire chu dao, dang c6 sy tang tru:ong dang ké va thu hut dau tu dang ké dién gid ¢ nhiéu nudc di va
dang phat trién [2]. Chinh sach gia FIT wu dii cho loai nguon dién nay trong sudt hon 20 nam ké tir
nhitng nam dau thé ky 21 1a mot vi du dién hinh tai Viét Nam [3]. Cu thé hon, nhitng ndm cudi thap
nién 2010s va dau thap nién 2020s di chimg kién cac dy an dién gio déu ndi vao ludi dién qudc gia
cia Viét Nam. Trén 3.000 MW dién gi6 trén bo da duoc dong dién van hanh tinh dén nam 2022,
chiém khoang 4% trong co cau nguon dién ca nude nhu Hinh 1 [4], va dy kién ting 1én dén 27.880
MW (chiém khoang 18,5% nguon dién) vao ndm 2030 theo quy hoach [5].

Céc nghién ciru giam thiéu anh hudng bat dinh dién 3%
gio6 dugc dat ra. Cac mo hinh tich hop tdi wu két hop loi 23% ' .
ich cia nhiéu bén lién quan tir cac linh vire ning luong / AN .,4 b
khac nhau, nhim muc dich tang cuong lgi ich thuong { =N J

P , A - <7 N X . 4% & M
mai cua cac nguon nang luong gid trong khuon kho thi S S
treong dién trong tai liéu [6]. Bén canh d6, mot hudng
nghién ciru ndi bat gin day di xuat hién dé nang cao hiéu 29%
qué clia cac trang trai gi6 bang cach danh gia cong suat
may bién ap, nhu két hop may bién ap véi bién tan dé toi
vu héa chuyén ddi nang luong gié [7], [8]; md hinh vén ) .
hanh cta may bién ap phéan tan [9]. Chuyén sau hon  Hinh 1. Co cau nguon dién Vit Nam
trong nghién ctru cai tién may bién ap truyen tai [10]; nam 2022 [4]
khao sat dong lyc nhiét ciia may bién 4 ap chi tiét trong tai
liéu tham khao [11].

1.2. Dinh hwong nghién ciru

OThermal plants 5 Hydro plants M Wind farm

@ Solar farm 0O Other resources

Vén dé thach thuc 16n ddi voi phat trién dién gi6 14 ngay cang giam chinh sach wu dii cua
chinh phu trong khi phai kiém soat tinh bat dinh cing voi tham gia vao thi truong dién canh
tranh, diéu nay anh huong 16n dén chi phi va loi nhuan ctia nha dau tu dién gio [12]. Vi vay cac
nghién ctru nang hi€u qua dau tu dién gi6 trong thi truong dién co xét dén xéac suét bat dinh toc
d6 gid. Nghién ctru tich hop rong rdi ning lwong gid vao cac hé thdng dién gay ra nhiing trd ngai
to 16n cho cac nha diéu hanh hé thong va nha san xuét dién gi6 [13]. Nghién ctru chénh léch toc
d6 gio du bao san luong dién gid theo thoi gian thuc cho thi truong dién [14]. Nghién ctru du bao
tdc do gio chinh xac hon [15] va két hop ESS dé ting cudng do tin cdy cua viéc phat dién gio
[16]; ciing nhur viéc tai sir dung san lugng dién gio du thira va van hanh phdi hgp thong minh trén
thi truong dién [17], [18]; va hon thé nira 1a nghién ctru phan bd cong sut toi wu trén hé thong
dién c6 dong gop cua nguon dién gi6 nhu [19].

Mot huong nghién ctru gan day tap trung vao vai tro cua may bién 4 ap trong cac trang trai gio, do
anh huong dén khong chi chi phi ma con co hoi dau tu, dic biét khi qua trinh xay dung hé thdng
d4u ndi dién g6 gap nhleu tr ngai ¢ cac vung sdu xa. Viéc giai phong mat bang va lap dat duong
day, tram bién ap truyén tai thuong phirc tap, nén tdi wu hda may bién 4p trong thiét ké trang trai
gi6 tro thanh xu huéng ndi bat. Cac tai lidu nghién ciru [10], [20] khai thac may bién ap dong dé
nang cao hiéu qua truyén tai dién gié noi chung va trang trai gioé ngoai khoi néu tai [21]. Tuy nhién,
cac nghién ctru trude day chua xem xét ddy du tac dong cua sy bit dinh trong téc do gié khi tich
hop vao thi truong dién, ddn dén tinh trang van hanh may bién 4p qua tai hodc non tai do bién dong
kh6 luong. Hon nita, sy khong 6n dinh cta dién gi6 ciing giy khé khin trong thi trudng canh tranh,
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v6i nguy co bi phat néu thiéu hut cong suat hogc ban véi gid ré khi du thira. Giai phap tich hop hé
thong ESS véi trang trai gi6 va - may bién ap giip giam thiéu thiét hai, cAn bang luu trit dién du thira
va ban khi gia cao hodc khi thiéu hut cong suat.

1.3. Dong gop

Dbi v6i cac trang trai dién gi6 trudc day thuong thiét ké dua trén dy doan tdc d6 gié nhu da néu
trén, may bién ap tnlyen tai ddu nbi dugc chon lya theo cac ti€u chuén c6 thé non tai trong phan 16n
thoi gian do sy bét dinh ciia véan tdc gid. Nghién ctru niy nhim mé rdng trang trai dién gidé ma
khéng phai dau tu thém hé thong truyén tai dau ndi, mot bo phan can tro 1on dén quyét dinh dau tur
trang trai dién gié m6i nhu di néu trén. Pat dugc cua nghién ctru s& mang dén hiéu qua dau tu mo
rong thudn loi hang loat cac trang trai di€n gié dang van hanh, khai thac nang kha nang vén hanh
céc tram bién 4p truyén tai hién hiru. Cac dong gbop chinh ciia bai bao gom:

- D¢ xuét hudng tiép can méi nang hiéu qua dau tu cia cac trang trai gié khi mo rong ching ma
van duy tri cong suét tram bién ap va duong day truyén tai dau ndi dién gio.

- Két hop xac suat bién dong téc do gio trong bai toan chon lya may bién ap truyén tai dé nang
tinh kha thi va tdi uu van hanh may bién 4p.

- Tich hop ngudn trit nang trong m6 hinh thong nhat Dién gi6 — ESS — MBA. Theo d6, nang
hiéu qua dau tu dwa vao t6i uu hoa san luong dién ban ra thi trudng dién ctia mo hinh.

2. Phuong phap ludn

Dé danh gi4 bai toan nang hiéu qua dau tu mé rong trang trai dién gio, ba kich ban twong quan
duoc xem xét nhu sau: Kich ban TS, dau tu vao nha may dién gi6 thong thuong; kich ban OWS, m¢
rong nha may dién gio; va kich ban EWS mo rong dién gio ket hop ESS.
2.1. Ham muc tiéu

Chi s6 hiéu qua dau tu dugc xem xét gom NPV theo biéu thirc sau:

CF;
max NPV = Y- L RR) Cy )

Hiéu qua dau tu duoc danh gia boi NPV. Trong nghién ciru nay, vong doi dy an 1a 20 ndm duoc
trich dan [11]. Lai suat dugc biéu thi bang IRR va dugc thé hién dudi dang phan tram.

Cry = Cow + Cppr + Ciss 2
CF; = BF; — Cost; + Cer; 3)
Cost; = cgf;“f + cg%M + CIEM (4)

Dong tién theo ndm i duge ky hiéu CF;; Cost; 1a chi phi; Cp,y, Cpy, va Crss 12 vOn dau tu dién
gi6, may bién ap truyen tai, va ESS; Co&M ,Cer oam’ , va CE&M 14 cac chi phi van hanh va béo tri thiét
bi; P/"*? 1a cong suat van hanh dién gio. Doi Vol thu nhap ching nhan khi thai, Cer, dugc xac dinh
theo nam va tham khao Thuy Dién 13 0,305 [€/MWh] cta ndm 2019, tham khéo [8].

2.2. M6 hinh héa nguén dién gié khi tham gia thi truong dién

Dong thu nhap dugc xac dinh theo:

 BF =3I, R AT RBP) ©)
Thanh phan dau cta biéu thire, Rys, biéu dién doanh thu truc tiép thu dugc tir viée ban dién dua
trén cc hop dong d4u thau trong thi truong dién, tinh theo gi4 chao va san lugng sau khi khép 1énh.
Thanh phan thir hai goi 1 doanh thu bat dinh, R,,,, 13 thu nhap khong chéc chin so v6i cong
suét chao thau, n6 bao gdm doanh thu ban dién du Rp,, va chi phi dén bu thiéu dién gi6 so véi gia

tri chao thau Cp,,, cac biéu thirc tinh toan theo [6],

o {ZL1RRW(AP:V), if APY >0

YL Chw (APY), if APY <0 ®)
Chénh 1éch don gia ban dién du va phat thiéu dién thé hién qua cac hé sb ty 18 kg, kp. Du dién
1a khi téc do gio ting vuot so voi du doan dan dén cong sudt phat dién gié cao hon cong suét
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chao thau. Khi d6, phan cong suit du duoc chao ban theo thoi gian thuc véi gid thudng thap.
Nguoc lai, khi téc do gio thip hon dy doan, cong suat phat dién gié hién nhién thip hon cong
sut chao thau. Chi dau tu budc phai mua dién tir cac nguon chu dong khac dé bu vao luong
cong sudt bi thiéu hut voi gia mua dién giao ngay cao hon nhiéu. Trong truong hop khong the
mua duoc dién, chu du tu s& bi phat hop dong véi gia rat cao. Tham s6 xac suit bat dinh cua tbc
dd gid lam co so xac dinh xac suat du hodc thiéu cong suét dién gi6, nghién ctru nay st dung ham
Weibull hai tham s6 [22], [23].

2.3. M6 hinh héa nguén triv ning

Trong nghién ctru nay gia sur st dung cong ngh¢ pin lithium-ion dé thir nghiém [24], [25]. Mirc
hiéu suat tuong d6i 6n dinh 16n hon 80%. Chi phi dau tu ban dau khoang 100-200 €/kWh va chi phi
O&M khoang 1-3% [26], [27]. Doanh thu va chi phi dugc xac dinh nhu sau:

Crss = Rlgss. Eggs (7
Revggs = ZZ:l(AD,t-ED,t) - ZZ:l(AR,t' ER,t)
COStESS = CEQ%M (8)

Ap,t va Ag, la gid ban va gia mua dién, san lugng ban Ep, , va mua Ey ;. Theo su phdi hop van
hanh ESS va TTS, viéc thiét 1ap ning luong sac va xa ciia ESS can bang boi hai qua trinh: (i) Néng
luong truc tiép: Tinh todn mic ning luong du va thiéu hut bang cach khao sat gioi han cong suét
truyén tai ciia may bién ap theo du doan cong suét phat dién g10 Khi du dién gi6 thi sac, thiéu thi
xa. (i) Nang luong khong chic chin: Xac suat bat dinh dién gi6 1a cin ctr xac dinh lugng cong suit
dién gié du va thiéu so v6i chao thau trén thi truong dién.

2.3.1. Tinh todn néing lwong truec tiép

Vi du trén Hinh 2 cho thdy khi
gi6i han cong sut truyén tai may bién 3 %
, - N , B o Tra Rechage
ap tang thi qua trinh sac nang luong 2 | P™max
giam (dién tich Recharge trén so do g Dischage
giam), va nang luong xa ban dién cua | |
ESS tang 1én. Trong khi do, luong | |
nang luong truyén tai vuot qua hay ; I, |
dudi gidi han TTS phy thudc vao hai  ° 5 10 p 20 ”
yéu to, cong sudt phat dién gio va gidi Circle Time (h)
han truyén tai may bién ap. Hinh 2. Qua trinh sac va xa cua ESS trong mot ngay

Trong trudng hop cong sudt dinh mirc may bién ap ¢ dinh, giéi han cong suat cta né phu thude
vao trang thai va diéu kién van hanh may bién 4p. Hai thanh phan ning luong dién sac Ef va xa ED
cua ESS duoc xac dinh nhu sau:

EI? = ftz(Pforecast (t) - Prz(rﬁc)dt (9)

t 24
E[LJ) = f ! (Prggylc Pforecast (t)) dt + ftz (PJLZL‘JJE Pforecast (t)) dt (]_O)

2.3.2. Néng lwong khéng chdc chan

RDischage|

Phu thudc hai gia tri ngdu nhién: van tc gio bat dinh, khi thoi tiét thay d6i dot ngdt dan dén
cong suat gi6é dau ra vuot qua gidi han gy ra qua tdi may bicn ap; va xac suat cong suat phat dién
gi0 vugt qua cac gia tri chao thau, dan dén thua ning luong trén thi truong dién.

EY =

12 (Jyrra 0 = PRE). £u (0. dpt? ) dt + [ (fpfmst(pzv = Prorecast)- fu®!). dp! ) dt 1)
E[lJ] = fttol (f:forecast(py - Pforecast)-fw(pt )dpt ) (12)

(t, — t1) va (t; — t,) 1a thoi gian cong suat gié dudi hodc vuot gisi han ciia may bién 4p.
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2.4. M6 hinh héa mdy bién dp truyén tii (TTS)

Theo tai liéu [10], chi phi tram bién ap truyén tai Cy, c6 thé xac dinh bang biéu thirc:
Cor = R,Itr-‘Ptrr , , '(13)
Trong d6, Rl 1a suat dau tw va Py, 1a cong suat dinh mirc may bien ap, gia tri nay duoc thiet ke
theo tiéu chuan IEC [25].
2.4.1. Gi6i han truyén tai doi da
Itz-ssize = Pg/vav . ; ., (14)
Ssize 1 cOng suat bicu kien TTS. Pay la di¢u kién van hanh on dinh theo ti€u chuan IEC.
2.4.2. Gidi han nhiét do van hanh
st < glrstme (15)
0,7 < g/oPm (16)
6} 1a nhiét do diém nong nhat cudn day va 6,°P 1a nhiét do bé mit diu cach dién. Cac gia tri
nay dugc xac dinh theo phuong trinh phi tuyén theo tiéu chuan IEC [25].
2.4.3. Giéi han tuéi tho mdy bién dp

LOL = YTV, an
LOL < Tra'nsformer's l"ifeffime 8760
Wind Farm's Lifetime (18)

Tudi tho ctia may bién p LOL, va V 1a tdc d6 gia hoa hiang nam ciia may bién ap phu thudc loai
cach dién va dugc tham khao theo tai liéu [25].
3. Thir nghiém va Thao luin
3.1. Dit liéu ban dau
3.1.1. Hé thong dién chudn IEEE 30-Bus

Trong nghién ctru nay thir nghiém trén hé thong dién chuan IEEE 30-bus [28], c6 41 nhanh va 6
nguon dién, dir liéu chi tiét tham khao tai [23], [29]. Trong d6 co6 hai nguon dién dugc thay thé boi
trang trai dién gio tai bus 5 va 11. Thong so dién gié tham khao tai liéu [23].

3.1.2. Nguon dién gi6

Pau tu tai chinh ngudn dién gi6 tham khao [10], sudt dau tu 750.000 €/MW twong mg voi tudi
tho 20 nidm, chi phi O&M 1a 1,5%. Biéu d6 cong suat phat dién gi6 ngay dugc du doan theo hai
muia cao diém va thip diém dugc tham khao trong tai liéu [30].

Phan b xac suat bat dinh tdc do gié tham khao [22], sau khi tinh toan ning luong phat dién nhu
dé cap tai liéu [6], san lugng dién gi6 dugc chia ba thanh phan: ning lwong du doan va duoc chao
thiu cung cip (OE hoic OP), ning lugng xéc suit vuot du doan (EE hodc EP) va thip hon du doan
(ES hoac PS).

3.1.3. ESS

C6 nhiéu céng nghé luu trit di va dang duoc sir dung trong thwong mai nhu cac loai pin, siéu tu
dién, thuy dién tich nang, khi nén,..., trong do pin van 1a loai tién loi phé bién trong két hop nang
lugng tai tao [24], nén chon loai pin Lithium-ion dé thi nghiém, chi tiét nhur sau:

- Tudi tho tdi thiéu 10 ndm.

- Sut dau tu 1a 200 €/kWh va chi phi van hanh 3% tham khao [27].

- Cong suat mdi Block IMW.

- Hiéu suét luu trit 90%.

3.14.TTS
- Suét dau tu 30.0006/MV A va chi phi van hanh 3% tham khao [10].
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- May 'bién thé loai cach dién dau OF, cac tham s6 theo [25].

- Ty so ton hao: R =6

- Mtic chénh 1éch nhiét 4§ cudn day va lorp dau trén cung AHOr— 49K

- Mtrc gia tang nhiét do tr diém néng nhat cudn day dén diém néng nhét cia dau: Agp,.= 29K

- Hang s0 thoi gian cudn day: t,,= 7 phut

- Hang s6 thoi gian dau: 7, = 90 phut

- Nhiét do moi trudng 25,6°C
3.2 Két qua thir nghi¢m
3.2.1. Gia ban dién thi truong

Gia sir nguon nhiét dién chi phdi nén gia ban dién trung binh ngudn nhiét dién va c6 két qua da
tinh trong tai liéu [6]. Theo do, gia chao ban dién trung binh thay doi trong khoang 26-31,7€/MW.
3.2.2. Kjch ban TS

Thiét ké chon cong suét
may bién 4p truyén tai theo
dir li€u ban dau nguoén dién

B

. . . A e 250 2
gio tai bus 5 c6 cong suat % 3

, N e 2 40 80 5
dinh 75MW. Quy trinh thiet & 5

A ‘A 2 30 60 O
ké theo tiéu chuan IEC [25] N

r.e e A [N \ A 40
véi cac diéu kién rang budc

A \ . <4 X 10 20
van hanh may bién thé, trong . ,
dO bléu df) blén thién nhlét 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
may bien the c6 ket qua nhu _ Timesaicirce {hoyrs)

- = Topoil Hot Spot  weessenen Power transfer = ———ea- Power transformer

Hinh 3. Ket qua cong sut ) o )
Van hanh tOl uu Cua may blen Hinh 3 B|é}’l thlén nhlét dé mdy blén thé i’lgdy cao dlém
ap dugc xac dinh 1a 57 MVA Bang 1. Dong tién dir én trong kich ban TS

va dugc chon 63 MVA.

Dong tién qué trinh ddu tu g?m tién (k€) 580140 4 2171 4 2271 4271 422(;1
(. \ ong Gien -90, ' ' ' '
du an tinh dugc trong truong NPV (k€) 2,562

hop nay nhu Bang 1.

Céc két qua nay voi gia st gia dién khong doi qua cac ndm, va giam mét ntra voi gia ban dién
vuot ddu thau, gia phat thiéu dién s& ting gap doi. Két qua NPV duong cho thay tinh kha thi ciia
du 4an nhu mot khoan dau tu theo thiét ké truyén thong cua kich ban TS. Tuy nhién khi gia phat
thay d6i thi NPV thay d6i theo.

3.2.3. Kich ban OWS

Cong suét trang trai dién gi6 tai bus 5 dugc mo rong trong khi may bién 4p truyén tai va
duong day truyén tai khong thay dbi. M ting 1én tdi da dat dén kha ning gidi han truyén tai cua
may bién thé. Hai budc thiét ké dugc thuc hién. Bude 1: St dung phuong phép tdi wu toan hoc
trinh bay tai [25] dé x4c dinh cong suat dinh méi cia dién gié dwa vao bién doi nhiét do va didu
kién van hanh may bién 4p theo tiéu chuin IEC. Két qua dat dugc thé hién trong Hinh 4 twong
g voi cong suat dinh dién gio méi 1a 90 MW, ting 20% so vdi kich ban TS trudc day. Su gia
tang nay dan dén ting cong suit ddu thau cyc dai, tir khoang 57 MW 1én 74 MW, tirc ting gan
30%. Tuy nhién, hai khoang thoi gian trong ngay ma cong sudt gié vuot qua cong sudt dinh muc
clia may bién ap can danh gia. Bude 2: NPV dugc xac dinh twong tu kich ban TS nhung duya trén
dir liéu mo rong trang trai gio.
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3.2.4. Kich ban EWS

Tich hop ESS trong kich ban OWS dé khai thac ning lwong gié du thira khi can thiét. Vi cong
suat gi6 dinh 9OMW va may bién 4p 63MVA, ning lugng sac va xa t6i uu cho ché do truc tiép va
bat dinh. C6 thé chia thanh hai khoang thoi gian chinh. Khoang thoi gian tir 11 gior sang dén 9 gio
t6i vu tién sac do ning luong gi6 du thira. Trong khoang thoi gian con lai wu tién phat cung cap
dién cho thi truong dién khi can thiét. Két qua duoc tdng hop theo cac tham sé tinh toan nhu sau:

- ER=24 MWh; EY=214+7=221 MWh; E§=319 MWh; E{=97 MWh.

- Kha ning sac Ex=245 MWh; Cong suit sac Pggymin=10,2 MW.

- Kha ning x4 Ep=416 MWh; Cong suit phat cuc dai Pgpppq,=46,5 MW va trung binh
Pepmean=17,3 MW.

- ESS c6 cong sudt 10 MW va nang lugng luwu trit 140 MWh, véi loai xa sau dén 20%.

3.3. Thdo ludn

Hinh 5 mo ta két qua NPV bién dbi theo ty 18 phat thiéu hut cong suét dién gi6 ca ba kich ban.
NObi bat nhét 1a ca ba kich ban déu mang lai gia tri NPV duong chimg to tinh kha thi vé mit tai
chinh cuia cac dy 4n dau tu. Trong khi d6, kich ban mé rong dién gié kém ESS thé hién tiém ning
doanh thu cao nhét cho cac nha dau tu dién gid, va dac bi¢t hon, NPV cua kich ban nay it bi 4nh
huéng boi hé sé dén bu. Ngugc lai, NPV kich ban TS giam dot ngot dén hon 75% khi ty 18 phat
tang cho thay bat ky thay doi nao trong chinh sach gia dién anh huong 16n hiéu qua dau tu.

Xét vé trinh tu cac kich ban, NPV ting dan tir TS, OWS va dén EWS. Nhu vy, c4c kich ban
mé rong trang trai dién gié mang lai hiéu qua dau tu cao hon dau tu xay dung méi. Cu thé hon,
trong kich ban EWS, NPV ting dot bién 65,1% khi hé sb bdi thuong bang 0 va 1én dén 573% khi
hé s d6 bang 2. Ba loi ich c6 thé dugc 1y giai cho nguyén nhan nay: thir nhat, san lugng dién gid
du khi vuot chao thau duoc giit lai dé ban véi gia cao hon; thir hai, giam thiéu bdi thuong do xac
suét thiéu hut cong sut dién gio trén thi truong dién; va cudi cing, chénh 1éch gia giita mua sac va
ban d}@n cua ESS mang lai loi ich thiét thuec.

, be danh gia lfhad} quan hon,' fn(')t ,SO Bang 2. So sdnh cdc chi tiéu cua kich ban tham khdo tai liéu
sanh voi kich ban da duge nghién ctu [10]
va cong bo trong tai liéu [10], theé hi¢n
mot truong hop tuong ty ma trong do Kich ban _ _ EWS [19]
cac nha nghién ciru t6i uu tram bién 4p COng suat dinh trang trai gi6 (MW) 90 75
63 MVA cai tién ché d6 lam mat dugc Bao gom bat dinh van toc gi6 co Khong
trang bi dé nang cao hiéu qua truyén ti NPV (ME) 17.28 11,2
Ay A v 3 oA z. NPV/P (k6/MW) 192 149,3
dién gi6. Két qua cac chi tiéu duoc doi
chiéu trong Bang 2.
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Cac chi s6 cua kich ban EWS dé xuét trong nghién ctru ndy cai thién dang ké so kich ban [10].
bic biét la ca NPV va ROI trong kich ban EWS déu tang vuot mirc 54% va 29% tuong ung. Piéu
d6 ching t6 két qua dé xuat mé rong trang trai dién gio két hop xay dung ngudn ESS dat hidu qua
dau tu dang duoc xem xét. Tuy nhién rii ro bién dong thi truong dién c6 thé tac dong dén cac chi
s0 nhung anh huong dén tat ca cac kich ban 1a nhu nhau, ngoai ra cac chi s6 gan nhu it bi thay doi
theo murc phat (nhu thé hién trén Hinh 5) cho thay kich ban EWS 1a hiéu qua hon nhu da d4nh gia.

4. Két ludn

Nghién ctru di chi ra mot chon lya dang dugce quan tim trong linh vire dau tu trang trai gio,
theo d6 can kham pha kha ning mo rong cua cac trang trai hién c6 duge chirng minh mang lai loi
nhudn dau tu cao hon dang ké, trudc khi quyét dinh dau tu mot trang trai gié moi. Didu nay dic
biét hitu ich trong thoi dai cit giam wu dii va canh tranh trén thi truong dién. Khéng dinh nay
dugc thyc nghiém minh ching voi két qua phuong an dau tu m& rong trang trai dién gio két hop
x@y dung nguén trit nang bang bai toan t6i wu cac chi sd dau tu tai chinh NPV va ROI. Cu thé s6
lidu cho thay su gia ting dang ké vé loi tirc dAu tu tir 4,4% trong kich ban thiét ké truyén thong
1én 24,8% trong kich ban mé rong trang trai dién gié két hop ESS. Tuy c6 thé nhiing rui ro van
hanh ESS do chua hoan thién cong ngh¢ trir nang nhu hién nay, nhung xu huéng phat trién cong
nghé trong twong lai co thé cai thién khiém khuyet rd rang giam gia thanh va tang hiéu suét trir
ning so véi loai pin trong thir nghiém nhu dé cp trong bai [24], diéu d6 c6 thé mang dén hiéu
suat cao hon nira.

Cubi cung, két qua cho thdy van dé dic biét trong nghién ctru nay loi ich doc dao 1a minh
ching cho phuong an thiét ké mo rong trang trai gi6 ma khong can tang thém tram bién ap va
duong day truyén tai dién dé dau ndi. Va tir d6 giam dang ke chi phi tai chinh va nhén cong dé
danh gia moi truong noi xay dung tram va duong day truyén tai. Loai bo su can thiét phai giai
phong mat bang va bdi thuong cho cac tram bién ap va duong day truyén tai méi khong dugc
khuyén khich. Hon thé nita, nghién ciru cho thiy chi tiéu loi ich dau tu kich ban dé xudt mang
dén hiéu qua ma gan nhu it bi anh hudng béi cac thay dbi chinh sach wu dii vé gia ban dién trong
céc diéu kién thi trudng dién.
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ABSTRACT

This paper proposes a robust hybrid method to optimize benefits under adverse conditions due
to the uncertainty of wind power when integrated into competitive electricity markets. The hybrid
algorithm synergizes an artificial intelligence technique to enhance the optimization efficiency of
evolutionary algorithms. Results from the novel hybrid algorithm significantly enhance
optimization speed and surpass local optima to achieve more favorable global optimum results.
Experimental validation on the IEEE 30-bus power system, compared with previous studies and
the original evolutionary algorithm, demonstrates notably higher profitability with the proposed
algorithm. Based on experimental findings, the hybrid wind power-thermal power plant model
also proves to mitigate compensation risks stemming from wind speed uncertainty, thereby
stabilizing the electricity market and enhancing energy security. Encouraging optimal wind power
capacity bidding on the electricity market in this context should entail a reduction of 15% to 18%
compared to predictive expectations to attain optimal benefits.

Keywords: Optimal algorithm; Artificial intelligence; Long short term memory; Genetic algorithm; Wind farm;
Electricity market.

1. INTRODUCTION

The rapid development of renewable energy, particularly wind energy in Vietnam,
presents challenges to energy security due to the inherent uncertainty, leading to financial
risks and market operations [1]. Accurate wind speed prediction methods using artificial
intelligence and advanced forecasting techniques have emerged to address these issues [2,
3]. Implementing energy storage systems alongside wind sources is a practical approach
to mitigate uncertainty impacts [4]. Technological research focuses on improving
supercapacitors and batteries, as well as optimizing their placement and capacity [5].
Optimization methods are crucial for enhancing energy security, especially in dynamic
electricity markets. Recent studies highlight strategic trading decisions, optimal planning
of lithium battery locations in distribution grids, and experimental optimization of hydro
energy storage systems, underscoring the necessity of optimization for energy security in
competitive electricity markets [6, 7].

The rapid development of artificial intelligence (Al) has become inevitable, with
numerous fields using Al techniques for decision-making [8]. Energy security is also
benefiting from Al, with applications predicting factors like electricity prices, wind
speeds, and solar radiation [9]. The integration of meta-heuristic (MH) in neural
networks for prediction has advanced. However, most studies focus on using MH
techniques to optimize Al network architecture and prediction processes [10]. For
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example, particle swarm optimization (PSO) has been used to optimize neural network
weights [11] and predict traffic flow distribution [12]. This leaves a notable gap in
research towards the opposite trend, harnessing the predictive advantages of DL to
enhance the optimization efficiency of MH algorithms. First, future individuals typically
possess better attributes, and bringing these qualities back to the present can aid the
community in developing and evolving more rapidly. Second, the advanced individuals
of the future can serve as a driving force, motivating the community to overcome local
barriers and achieve global optimization.

On the other hand, one effective method for promoting sustainable renewable energy,
as proposed in [6], involves integrating wind power with existing thermal power sources
(WTM) to enhance energy security during wind power instability [13]. In the electricity
market, changes by any participant trigger reactions to restore stability [14]. Sudden
changes due to wind energy uncertainty often harm the wind power sector; wind power
prices drop with increased capacity, but sudden decreases lead to severe consequences,
such as higher immediate electricity purchase costs or contract penalties [6, 15]. Therefore,
optimizing wind power output bidding in the electricity market is a necessary endeavor to
enhance efficiency for both wind power owners and sustainable renewable energy
development in the new era, characterized by reduced reliance on government subsidies
and the random effects of competitive electricity markets.

The Genetic Algorithm (GA) remains one of the recently improved meta-heuristic methods
for solving multi-variable optimization problems due to its diversity and flexibility [16].
Meanwhile, Long Short-Term Memory (LSTM) is a rapidly developed artificial neural
network suitable for short-term prediction tasks, making it an ideal candidate for hybridization
with meta-heuristics, especially in cases with limited learning data and complex variability.
Therefore, this paper proposes a hybrid LSTM-GA method as a representative case,
suggesting that this approach can be extended to other hybrid algorithms, such as LSTM-PSO,
or other combinations of meta-heuristic and deep learning algorithms. The main contributions
and limitations of the article are summarized as follows:

Contributions Limitations

1) Introduction of a novel hybrid method
for solving optimization problems. The fusion

1) Although the experiment on the
IEEE  30-bus system  provides

of the LSTM algorithm with GA aims to
leverage the superior advantages of Al
algorithms to enhance the optimization quality
in each iteration, facilitating the rapid
achievement of global optimization objectives.

2) The new hybrid algorithm optimizes
wind power bidding strategies by determining
bid capacities that maximize benefit efficiency
in the WTM model. The computational results
highlight the highest benefits achieved with
the proposed wind auctioning output power.

acceptable evaluation results, it is not
representative of a large power system.
Therefore, further research on larger
power systems is warranted.

2) The original algorithms selected
for hybridization are GA and LSTM.
The development of hybrid meta-
heuristics with deep learning can be
extended to other algorithms not
considered in this paper. This presents
an idea for future extension studies.
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2. PROBLEM

The mathematical model of the optimization problem and proposed solution are
detailed in this section.

2.1. Theoretical foundations
2.1.1. Assumption

The optimization problem considered here pertains to the proposed optimal bidding
power output for wind farms in the day-ahead electricity market, taking into account the
uncertainty of predicted wind speeds. Optimizing the bidding power deviation for wind
power, denoted as WPD, to maximize profit for wind power owners is necessary to
promote renewable energy development as outlined in the [6] document. WPD represents
the deviation between the bidding wind power output in the electricity market and the
forecast wind power output with the highest probability. Additionally, the Weibull
probability distribution is used to simulate the probability of wind power output.

2.1.2. Objective Function
Maximize {F = Ry = R,, + ICy} (1)

The revenue of electricity plants in the linking of wind farms, Ry, as [17, 6], comprises
two main components: direct electricity sales revenue, R,,, and uncertain income, ICy,.

Ry, = Rg/(Pws) + R%(PTS) %)

Here, R% and R% denote the direct revenue of wind farms and thermal plants,
respectively, corresponding to the bid output power P, and Py, proportional to the bid
prices 4, and A, as referenced in [18] as follows:

Rgv = A'wxpws (3)
R% = ArxPrg 4)

The uncertain income component R}, comprises revenue from selling wind energy if
there is a surplus; conversely, in the event of wind power shortage, the owners incur
expenses to purchase electricity energy from the thermal plants C;, from the ESS Cg, or pay
penalty costs Cp.

ICy, = Ry (APR,) — (Cg + Cr + Cp) (5)

The cost for ESS reference [19], the cost for thermal power reference [17]. The penalty
cost, however, depends on the penalty electricity price, Ap. Regarding the wind power
probability distribution function f,,,, parameters ¢ and k of the Weibull distribution according
to documents [6, 20], uncertain income components are allocated following expressions
presented in document [21], specifically as follows:

Pyr
Ru = kRﬂwa bw — Pws)fw(pw)pr

(Pws"'Tm) (6)
(Pws—Tin)
CT - kPliw z pw)fw (pw)pr
(Pws—Tin—APT) (7)
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(Pws=Tin—APT)
CE = kPZX'w E (Pws - pw)fw(pw)pr
(Pws_Tin_APT_PE) (8)

(Pws—Tin—APT—PE)
Cp = kpody ZO (Ros = w) fw (Pw) Apy, )

Here, the power deviation within the permissible range of the electricity market is
denoted as t;,. Meanwhile, Ap,, represents the discrete step of wind power output. The
scaling coefficients, kz and kp;, signify the reduction rate of surplus electricity price and the
increase rate of compensation electricity price, respectively. These coefficients are
stochastic and contingent upon the supply and demand of the electricity market at the spot
trading time. The value of ky ranges from 0 to 1, while kp; is greater than 1.

2.1.3. Constraints

The operational constraints of the transmission system refer to documented conditions,
including optimal operation for societal benefits, stable power transmission conditions,
node voltage operation limits, and transmission line limits [22]. Operational conditions of
wind turbines are constrained by wind speed requirements for turbine functionality, with
low wind speeds rendering insufficient energy for turbine blades to operate and high wind
speeds, such as in storm conditions, necessitating blade closure and turbine shutdown for
protection. The existence of an ESS is contingent upon the emergence of system-building
benefits, with constraints outlined in [19]. Market operation references [23], wherein the
day-ahead electricity market model operates based on matching supply and demand
quantities and prices.

2.2. Optimization Approach

Building on the original GA and LSTM algorithms, a new hybrid algorithm is proposed
that uses LSTM embeddings in each evolutionary cycle of GA. The LSTM embeddings are
used to predict the genetic set of future individuals. Detailed explanations are provided in
the sections below.

2.2.1. Evolution Algorithm

The evolutionary algorithm, exemplified by GA [10], is a versatile method for solving
complex optimization problems involving multiple variables. Evolution unfolds over
generations, with each generation containing populations that undergo selection, crossover,
and mutation [24]. Each individual in the population is defined by a chromosome comprising
genes representing problem variables, initially initialized randomly to form the starting
population, which then evolves iteratively. The process involves five main steps: (1)
Initializing a random population and setting objectives. (2) Initiating an evolutionary loop
by selecting individuals to survive, employing methods like Tournament selection or Rank
selection. (3) Generating offspring through genetic recombination techniques such as single-
point and double-point crossover, Uniform crossover, or others. (4) Introducing genetic
diversity via population-based mutation rates, utilizing methods like Power mutation or
Uniform mutation. (5) Evaluating the population and its objectives to determine whether to
continue the evolutionary process or conclude the optimization procedure.

2.2.2. LSTM Algorithm
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Figure 1. Architecture LSTM. Figure 2. Flowchart LSTM-GA Algorithm.

Hochreiter and Schmidhuber [25] devised the LSTM algorithm based on the deep
learning theory of the neural network architecture. The network architecture comprises
interconnected and recurrent network units, the Cells, aimed at preserving weight
values over both short and long-time intervals, as depicted in figure 1. The LSTM
architecture minimally consists of three network layers: an input layer, an output layer,
and a set of LSTM layers situated between the input and output layers. The LSTM
layers consist of multiple hidden layers connected by Cells. The mathematical model
representing the input-output relationships of each Cell is referenced [26] and is
depicted in the equations below.

fe = o(WpX, + Wyshe—y + bf) (10)

ir = o(WiXy + Wyihe_1 + by) (11)

0r = o(WpX¢ + Wyohi—1 + by) (12)

Ce = Ct1®f; + iy®@tanh(W.X; + Wyche 1 + b) (13)
h: = 0,®tanh(C;_;) (14)

The weight matrix, along with the bias terms, is represented as W (f, i, 0, C) for the
weight matrix and b(f, i, 0, C) as the bias coefficient. h, denotes the hidden unit at step t
and C; represents the current Cell coefficient after processing. ® signifies multiplication;
tanh and o denote transformation functions. Equations (10) - (12) respectively express the
forget, input, and output values. Equations (13) and (14) depict the current memory cell
and hidden unit at time step t.

2.2.3. Hybrid LSTM-GA Algorithm

Figure 2 illustrates the cycle and hybrid structure of the LSTM-GA algorithms. The deep
learning algorithm is embedded within the evolutionary algorithm, introducing a
transformative step in the evolutionary cycle of each generation. This added transformation
is the result of predicting chromosomes evolved through a more advanced LSTM algorithm
with a time-series regression prediction architecture. Individuals with these improved
chromosomes are integrated into the population community to grow alongside it, fostering
better evolutionary outcomes. This process is delineated into five detailed steps: Step 1
involves initializing system parameters for the power grid, including source parameters, load
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parameters, nodes, and branches. It initializes wind speed probability distribution data using
the Weibull model, constructs the wind power probability distribution, and initializes GA
parameters. It selects methods and rates for selection, crossover, mutation processes, and
future prediction. The chromosome of each individual is defined by two gene segments: the
first gene segment represents the power deviation level of a wind power source between
bidding and prediction, and the second gene segment represents the compensatory ESS
power for the corresponding wind power source. In cases with multiple wind farms, each
gene pair represents one source. LSTM parameters are initialized, including input and output
layer structures, the number of intermediate LSTM hidden layers, and related parameters.
Step 2 involves initializing the initial random population according to a predetermined
selection size. Step 3 entails running OPF on the system and constraints, determining wind
power selling prices and electricity price adjustment factors, and calculating the objective
function for individuals within the population. Step 4 trains LSTM for the initial loop
iteration or updating training for subsequent iterations and subsequently predicting future
chromosomes. The GA processes are executed, encompassing selection, recombination, and
mutation. Step 5 constructs a population for the new generation and evaluates objectives.

2.3. Experiment Preparation

Three experimental scenarios proposed for comparison are as follows: Scenario 1, the
mixed-integer linear programming approach (AC): The electricity source linkage model has
been established and computed using this mathematical method in the paper [6]. Scenario 2,
original genetic algorithm (GA): Employing the GA algorithm to determine optimal profits.
Scenario 3 (LSTM-GA): Utilizing the novel hybrid algorithm LSTM-GA to ascertain
optimal profits.

3. RESULTS AND DISCUSSION

This section presents data and experiments conducted on an IEEE 30-bus power system.
The test results are then presented, commented on, and evaluated.

3.1. Input data

An IEEE 30-bus power system was utilized for testing [27], with specified parameters
cited in [28]. Data were extracted from four thermoelectric sources located at nodes 1, 2, 8,
and 13, while wind power data from nodes 5 and 11 are detailed in [17]. The wind speed
based on data from [2], were categorized into peak and off-peak seasons. Probability values
for exceeding and falling below capacity predictions were calculated using the Weibull
distribution. The GA algorithm parameters included an initial population size of 50
individuals, a crossover rate of 0.8, and a mutation rate of 0.1. The LSTM architecture
comprised a single input layer with five features (four variables from the chromosome and
fitness of the corresponding individual), 120 LSTM hidden layers, one fully connected layer
for output, and a final regression layer.

3.2. Simulation results
3.2.1 AC Scenario

Document [6] constructed and evaluated the WTM model with the aim of optimizing
wind farm profits under fluctuating wind speeds that impact electricity market benefits. The
optimization approach employed was mixed-integer linear programming. Experimental
outcomes on the IEEE 30-Bus power system were subject to varying penalty electricity price
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ratios ranging from 1.0 to 2.5. For detailed information, please refer to document [6].
3.2.2. GA Scenario

Executing the problem 15 times with a maximum of 20 generations per execution, the
profitability results of the problem are presented in figure 3 (a). The GA typically converges
to a local optimum after approximately 10 to 15 generations, as illustrated in the figures.
Some instances result in local optima, leading to suboptimal outcomes. Hence, the solutions
from the GA executions exhibit considerable dispersion.

3.2.3. LSTM-GA Scenario
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Figure 3. Revenue at 15 times.

Figure 3 (b) illustrates the outcomes of 15 executions of the LSTM-GA algorithm. The
results indicate that W PD,,,ss decreased by 16.7%, WPD,,,1, decreased by 16.4%, Pgggs
is OMW, and Pggs,1 IS 10MW.

3.3. Discussion
3.3.1. Evaluating the Optimization of Wind Farms

The optimal profit target is highest in the two GA scenarios, reaching M$75.9/year,
surpassing M$71/year in the AC scenario. The LSTM-GS hybrid algorithm converges wind
power capacity within 111-114MW, while other scenarios vary from 95MW to 114MW.
Thus, adopting wind power output from the LSTM-GA scenario enhances efficiency in the
electricity market, with bidding capacities around 64MW for bus five and 51IMW for bus
11. This approach minimizes risks, maximizes efficiency, and harnesses the highest wind
power potential, offering societal benefits.

Table 1. Compare the results of the scenarios.

Scenarios AC[6]* | GA LSTM-GA

WPD (%) Bus 5 -30% (-15%) + (-28%) | (-15%) + (-18%)
Bus 11 -30% (-16%) + (-28%) | (-16%) + (-17%)

Wind power output bidding (MW) | 95 97 + 114 111 + 114

ESS power (MW) 10 18 19

Benefit (M$/year) 71 75.9 75.9

Speed of convergence (generations) 10+ 15 5+9

! The compensation coefficient corresponds at 1.6
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3.3.2. Evaluating the hybrid algorithm LSTM-GA
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Figure 4. Compare GA and LSTM-GA mean deviation.

The LSTM-GA algorithm demonstrated accelerated convergence, as depicted in figure 4
(b). Initially, both algorithms exhibited similar trends in population development, with
gradual improvement in population quality and relatively unchanged profits. This suggests
that integrating LSTM into the optimization algorithm had minimal impact on performance
during this phase, likely due to low yields in the initial iterations of artificial intelligence
network training. However, from the sixth generation onwards, the hybrid algorithm showed
increased convergence towards the objective, stabilizing at local optima within
approximately two to three generations after that, resulting in faster achievement of the aim
by two to five generations compared to the base GA algorithm, as illustrated in figure 4 (a).
Analyzing the fitness function deviation at each iteration step, figure 5 indicates a more
apparent distinction in the slope of the mean error fitness representation curve in the LSTM-
GA algorithm compared to the GA algorithm. While the GA algorithm's curve maintains a
steeper and stable slope with an error close to 0.2%, the LSTM-GA algorithm demonstrates
not only a steeper slope but also a much more significant reduction in error, approaching a
substantially lower stable value of approximately 0.04%. Ultimately, the results indicate that
the proposed LSTM-GA hybrid algorithm holds a clear advantage in convergence speed and
outcome. Convergence speed, denoting the number of iterations required to reach a
minimum, is notably shorter, approximately 5-8 iterations, compared to over ten iterations
in the GA algorithm. Moreover, convergence outcomes are more concentrated and achieve
higher optimality compared to mathematical scenarios, specifically M$75.9/year higher than
AC scenarios.
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Figure 5. Comparison of GA and LSTM-GA implementations.
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4. CONCLUSIONS

The novel hybrid algorithm proposed, which integrates LSTM with GA, showcases
improved energy security through the stabilization of renewable energy sources by
integrating wind farms with thermal power plants. This outcome is derived from the
evaluation of three test scenarios conducted on the IEEE 30-bus power system. Notably,
the hybrid algorithm, when applied to the integrated model of power plants supported by
energy storage systems, yielded the most optimal results across this third scenario. In
comparison to the conventional GA algorithm, the proposed hybrid algorithm
demonstrated a more focused convergence, attributed to its capability to evade local
optima. Moreover, its accelerated convergence rate may facilitate more efficient
optimization resolution for large-scale or super-large-scale problems. This development
suggests avenues for further exploration, such as integrating other meta-heuristic
algorithms with deep learning techniques and conducting experiments on larger and more
intricate power systems.

Societal benefits are also evident in the experimental findings. The maximizes
bidding wind power output on the electricity market, alleviating concerns about risks
that could otherwise deter investment in renewable energy. The risk reduction of
penalties for wind power output shortage in the wind-thermal power integration model
is a significant factor in ensuring financial stakeholders' confidence in investing in future
wind energy development.
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TOM TAT

Pé xuit thuit toan lai tri thdng minh nhén tao véi bién dbi gen
dé toi wu nguon dién gié trong thi treong dién

Bai bdo nay dé xudt mét phwong phdp lai manh mé dé t6i wu héa loi ich trong
diéu kién bat loi do sw bat dinh cua nguén dién gio khi chung tham gia vao thi truong
dién canh tranh. Thudt toan lai cong sinh boi mot thudt toan théng minh nhdn tao
dé nang hiéu qua toi wu héa cia thudt todn tién héa. Két qud thudt todn lai méi da
cai thién dang ké téc do t6i wu héa va vieot qua diege cdc cue tri dia phirong daé mang
lai két qua toi wu toan cuc thudn loi hon. Thiee nghiém trén hé thong dién chuan
IEEE 30-bus va so sanh véi nghién citu trudce day ciing nhw thudt todn tién héa goc
cho thdy lgi nhudn dién gié cao hon ré rang O thudt todn dé xudt. Dira vdo két qua
thir nghiém, mé hinh lién két nguon dién gié voi nguon nhiét dién ciing dwgc minh
chitng mang lai it rii ro béi thwong do sy khong chdc chdn béi toc do gio nén on
dinh thi truong dién va ndng tam an ninh nang heong. Khuyén khich cong sudt dién
gio 161 wu chdo dau thau trén thi trwong di¢n trong truong hop nay nén giam 15%
dén 18% so véi ky vong ciia dw dodn dé dat dwoc loi ich tot nhat.

Tir khéa: Thudt toan t6i wu; Tri thong minh nhén tao; Long Short Term Memory; Thuat toan bién dbi gen; Trang trai
dién gio; Thi truong dién.

34 D. N. Sang, T. V. Anh, N. T. Linh, “A robust hybrid algorithm Al ... in electricity market.”
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Tém tit - Bai bao gidi thiéu giai phap giam thiéu dnh hudng tir
su bit 6n cuia dién gio, dic biét khi dién gio ngay cang phai tham
gia vao thi truong dién. Su khong chinh xéc trong du béo va bién
dbi thoi tiét dot ngot khién cho cong suét phat dién thuc té cia
c4c trang trai gié co thé chénh léch 16n so véi du kién, dan dén
giam doanh thu cho nha dAu tu va ton tht cho xa hoi. Nha dau tu
¢6 thé phai chiu phat do khéng cung cép du dién theo cam két
hodc ban dién du ra véi gid thip. Nghién ctru dé xuét két hop cac
nguon dién, déc biét la sy tich hop gifra dién gio6 va nhiét dién,
nhiam cin bing cong sudt va giam thiéu rai ro phat hogic dén bu.
Thuc nghiém trén mé hinh hé thong IEEE 30-nt cho thay, viéc
lién két nay mang lai loi nhuén cao hon so vé6i khi cac nha may
dién hoat dong doc lap.

Tur khéa - Nang luong dién gio; Thi truong dién; Khong chic
chin; Chién lugc diu tw; Ké hoach mé rong ngudn dién

1. Gidi thi¢u

Trén toan cau, sy gia ting cta ning luong tai tao dang
chung kién mot su tang trudng manh mé, dac biét qua sy
m& rdng cua cac trang trai gié c6 quy mo tir trung binh dén
16n [2]. Trong khoang thoi gian 2017-2018, nganh nay da
ghi nhian muc ting truéng 4n twong, khoang 10% hang
nim, mot mirc do ting truéng chua timg thdy va khé du
doan trude [3]. Sau cude khing hoang nang luong 2022 tai
Chéu Au, su phat trién cua ning luong tai tao da dugc déy
manh hon bao gid hét, nham thay the cho nguon cung nang
luong khi d6t bi han ché. Cac quoc gia toan cau di quyét
dinh dau tu va ting cuong phat trién nang lugng tii tao,
trong d6 nang lugng gi6 nam gitr mot vai tro trung tam, aé
giam thiéu su phu thudc vao nhién liéu hoa thach [4]. Su
gia tang cua ty 1€ nang luong tur gid ciing mang lai nhitng
loi ich méi truong khong thé phii nhan [5, 6], va tham gia
vao thi truong dién canh tranh nay da tré thanh mot xu
huéng & chau Au [7].

O Viét Nam, sy chap thuan cta quy hoach phat trién
dién luc quéc gia tu 2021 dén 2030 v6i tam nhin xa dén
2050 da dat nén mong ving chéc cho viéc mé rong ca
nguon dién va mang ludi truyén tai, cling nhu viéc phat
trién cdu tric van hanh cho thi truong dién trong tuong lai
[8]. V&i mot chinh sach phat trién nang luong tai tao duge

Abstract - The paper presents a solution to mitigate the impact of
the inherent uncertainty of wind power, especially as it
increasingly participates in the electricity market. Inaccuracies in
forecasting and sudden weather changes can lead to significant
discrepancies between actual and predicted wind power output,
resulting in revenue losses for investors and societal damage.
Investors may face penalties for not delivering the promised power
or must sell excess electricity at low prices. The study proposes
the integration of power sources, particularly the coordination
between wind and thermal power, to balance capacity and
minimize the risk of penalties or compensations. Experiments on
the IEEE 30-nut system model demonstrate that this integration
yields higher profits than independent power plant operations.

Key words - Wind Power; Electricity Market; Uncertain;
Investment Strategy; Generation Expansion Plan

dinh hinh rd rang, Viét Nam di thiét 1ap muc tiéu phat trién
nang luong gid va nang lugng mat troi nhu nhimg uu tién
chién lugc dé tién téi muc tiéu phat thai rong bang khong
vao nam 2050. Quy hoach ciing ky vong vao sy mé rong
khong han ché ctia nang lugng gi6 ca ngoai khoi 14n trong
dét lién, voi muc tidu cu thé 1a dén nam 2030, cong sut
ning luong gi6 clia Viét Nam s& vuot qua 28 GW va phéan
diu dé dat muc trén 100 GW vao nam 2050.

Mot trong nhitng han ché cia ning luong gi6 khi duge
két hop vao hé thong thi truong dién theo thoi gian thuc 1a
dac tinh khong thé dy doén trude cua né. Tinh khong 6n dinh
ndy gay ra tr¢ ngai khong nho cho viéc hoi nhap cua nang
luong gi6 vao thi truong dién mot cach cong bang va khong
gi6i han. Do d6, viéc ap dung chién lugc dau thau can trong
va ¢6 ké hoach dugc xem xét ki ludng 14 can thiét dé ning
lugng gio ¢6 thé canh tranh ngang hang véi cac loai ning
lugng truyén thdng trong thi truong dién canh tranh. Mot sb
nghién ciru dd duogce thyc hién dé kham phé nhimg tic dong
cua nang luong gio d6i voi hé théng dién va cac van dé phat
sinh tir tinh khong on dinh cua nd [9]. Paco nhiing giai phap
duogc dé xuit dé giam thiéu chi phi do sy mét can déi ning
luong gay ra bang cach tham gia vao thi truong [10], trong
khi mot s6 ¥ kién khac lai cho rang thi trudng dién c6 thé
hudng loi tir viée giam gia va can bang lugng cung cip nho

! Hochiminh City University of Technology and Education, Hochiminh, Vietnam (Dinh Ngoc Sang, Truong Viet Anh)
2 Electric Power University, Hanoi, Vietnam (Nguyen Tung Linh)
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vao su linh hoat cta hé théng [11].

bé giai quyét nhitng thach thire nay, viée phat trién chién
luoc ddu gia hiéu qua cho nguon nang luong gi6d dya trén cac
mo hinh xac suit c6 lién két giita nang lugng gio va ning
lugng nhiét dién dugc dé xuit trong bai bao nay, lam tang
kha ning thue thi cho cac nha dau tu ning lwong gio. Phuong
phép nay nham ting cuong do tin cdy cho nhimg nha dau tu
va thi truong bang cach cung cap cai nhin sau sic hon vé rai
ro doanh thu lién quan dén ning luong gi6. Cac chi s& hitu
nha méy gio c6 thé cai thién higu suat tai chinh va t6i da hoa
loi ich xa hoi bang cach ap dung cac chién lugc quan 1y tién
tién va téi vu hoa quyét dinh dau thau.

Diéu nay dugc chimg minh qua viéc str dung mo hinh
mang IEEE 30-BUS dé md phong kich ban néng luong gid,
cho thay rang su khong 6n dinh c6 thé dugc giam thiéu
dang ké khi két hop niang lugng gid véi ngudn nang luong
nhiét dién. Két qua nay khuyén khich céc chii nha méay dién
gi6 mé rong dau tu, cai thién hiéu qua kinh té, va dong gop
vao sy phat trién bén vimng cuia hanh tinh.

2. M6 hinh bai toan

Dau tu mot trang trai gié bao gdm céac thanh phan : (i)
Turbine gié; (ii) Hé thong ludi dién ndi bo két ndi cac tua-
bin; (iii) Pudng day va tram bién ap dé két ndi dién gi6 voi
ludi dién dia phuwong. Trong tai lidu nay chi xét dén sy anh
huong cia kénh dau tu turbine gié boi gia tri dau tu ciia no
12 16n nhit va sy bién dong tdc do gio tac dong 1én turbine
gio
2.1. Doanh thu dién gio trong thi truong dién

Khong giéng nhu cac loai ngudn chu dong khéc, cac
nha may dién gié nhan duoc hai thanh phan doanh thu 14
doanh thu truc tiép va doanh thu bét dinh, biéu dién theo

[11] nhu sau:
R, (R)) = z Ry,

= Z[Rws,i(Pws,i) + Rwu,i(APW,i)] (1)

Doanh thu truc tiép R, s dugc tao ra tur viéc ban dién
theo lich du thau truc tiép trén thi trueong dién, san lugng
dién gi6 du kién truéc. PSi v6i doanh thu bat dinh R,
gom hai thanh phan: doanh thu ban niang lugng du thira
ngoai du doan ban dau va chi phi boi thuong (hodc phat)
phat sinh do thiéu hut ning lugng so v6i du bao ban dau.

P,, 1a sdn luong dién ban ra theo thoi gian thyc; P,,q; va
AP, ; = Pyayi — Pys,i 12 cong suat chao dau thau va mirc
chénh léch gitra thyc té va chao thau.

i) Doanh thu truc tiép, theo [1] duoc tinh,

Rus,i(Pwsi) = 9iPws,i )

g; gia ban dién chao thau ciia ngudn dién gi6 thir i tuong
ung véi san luong P ;.

Dbi voi cac thi truong dién c6 ngudn nhiét dién chi
phdi, dién hinh nhu thi truong dién Chau Au, gia dién gi6
chao thu trudc d6 thuong duoc du doan dua trén gia ban
dién trung binh cia cic ngudn nhiét dién khi [6]. Trong
nghién clru nay gia sur gia ban dién gi6 xac 1ap theo gia dién
trung binh ctia nhiét dién trén thi trudng dién,

Ntg
Cro(Prg) = Z(ai + b;iPrg,; + Cl’PTZG,i)
i=1 3
Argi = bi + ¢iPrg, 4)
_ T _ ZNTG ATG!
9= = " g 5)

a;, b;, Va ¢; 1 cc hé sb tinh thanh phan chi phi phat dién
clia cac nguong nhiét dién twong ung voéi san lugng nghiét
dién phatra Prg ;. Arg ; Va Arg 1a don gia gia sir ciia cac ngudn
nhiét dién va trung binh gi4 clia cac ngudng nhiét dién.

i) Doanh thu bét dinh cta dién gi6

RRwi(APWi)r néupwavi 2Pwsi
Ruwi(AP,;) = ' ' ' '
Wu’l( W’l) {CPw,i(APw,i)r néu Pwav,i < Pws,i (6)
Rg,, 1a doanh thu ban dién du thira va Cp, la chi phi
boi thuong (hoac pha‘t) cua dién gi6 khi bi thiéu hut san
lugng dién. Thanh phan doanh thu va chi phi phi, theo [1]:
RRW,i(APW,i) = kR,igi(Pwav,i - Pws,i)

Pwr,i
= kR,igi f (pw,i - Pws,i)fw(pw,i)dpw,i

Pws,i (7)
CPw,i(APw,i) = kP,igi(Pwav,i - Pws,i)
Pws,i
= kP,igif (pw,i - Pws,i)fw(pw,i)dpw,i (8)
0

kgp;vakp;lacaché s6 chénh léch gi4 ban dién du thira
va hé sb phat d6i voi san luong dién thiéu hut, so véi gia
chao ban dién gi6 theo ké hoach trén thi truong dién. Hé sb
phat (hay boi thudng) 1a ty 18 giita don gia dién gi6 bi boi
thudng hodc bi phat so v6i don gia chao thau dién gio trude
d6. Chi xay ra khi cong suat gio thuc té khong dat dugc so
v6i cong suét chao thau. Khi d6, chii dau tu dién gio phai
mua dién giao ngay dé bu cho khoan thiéu hut, hodc chip
nhan phat hop dong néu khong mua dién dén bu.
2.2. M6 hinh xdc sudt khong én dinh ciia di¢n gié

Mot sé nghién clru gén day str dung phan bd xéac suit
Weibull hai tham so dé danh gia nang luong gié [2]. MO
hinh tan suét cta toc do gid dugc viét nhu sau,

f) = (E) @k @ ©

Céc hé s6 k va ¢ goi 1a hé s6 hinh dang va hé sé ty 1.
Hinh 1 du6i day biéu didn md phong két qua tan suat gid
ciia mdt mo hinh gi6 twong tmg ¢=9; k=2 va c=10; k=2,
Két qua tir [3, 4, 5, 6]. Theo [1], Cong suét dién gi6 theo
tde dd gi6 dugc md ta nhu sau,

0, V< Uiy VAV > Vyyy
V=V
P,(w) = P‘”’rv—v» ) Vin SV,
T m
Pwrr vr <v<s vuut (10)

Vins Uy VA Vg, 12 toe d0 gi6 bt dau, trung binh va khép
canh cia turbine gio; P,,, 1a cong suat dinh mirc trong mg.
Trén Hinh 2 thé hién phan bd xéac sudt cong suit dién gio
cua turbine ¢ hai vi tri khac nhau: Gen 1 ¢6 ¢ =9m/s; k =2
va Gen 2 ¢6 ¢ = 10m/s; k = 2. Thong sb k¥ thudt co ban cia
turbine gi6: B,,.=3MW; wv;,=3m/s; wv,.=16m/s va
Voue=25m/s.
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Hinh 1. Phdn b6 xdc sudat Weibull téc dé gio véi cd mé hinh
¢=9; k=2 va c=10; k=2

0.1

0.08

S

Phan bé xdc suit

=9 k=2
----- c=10; k=2

0 02 05 07 09 12 14 16 18 21 23 25 28 30
Cong sudt phét dién cua turbine (MW)

Hinh 2. Phdn b6 xdc sudt cong sudt dién gié theo Weibull tai
hai vi tri khac nhau
2.3. Ham muc tiéu cuia bai todn

Muc tiéu chinh dugc néu ngay tir ddu cua nghién ctru
nay la tap trung vao hiéu qua tai chinh cua viéc dau tu vao
nang lugng giod trong thi truong dién. Bé mot trang trai gid
phat trién manh trén thi treong dién, viéc tham gia vao qua
trinh dau thau gia ban dién va san luong dién la bat bude
nham muc dich toi da héa doanh thu. Cling da trinh bay,
doanh thu duoc tao ra tir dién gié gdm c6 doanh thu truc
tiép va doanh thu bat dinh. Him muc tiéu toan hoc cho cac
yéu cau nay thé hién nhu sau:

Cwc dai {F = R, (B,)}
2.4. Cdc kich bdn nghién ciru

(1) Kich ban trang trai gi6 doc lap (GPK): Kich ban
truyén thong nay lién quan dén nhiéu turbine gi6 trong mot
trang trai duogc dau tu.

(ii) Kich ban tich hop nhiéu trang trai gi6 (GLK): Trong
kich ban nay, cac trang trai gio khac nhau c6 thé cung mot
chu dau tu hodc cac chu khac nhau nhung trong d6 van
hanh phoi hop d€ bu dap cho nhau khi can thiét.

(11)

(iif) Tich hop trang trai dién gio6 va nguén nhiét dién
(GNK): C6 thé chu mot nguon nhiét dién dau tu thém trang
trai di€n gio, hoac chu cac nguon nhiét dién va dién gio két
hop dicu hanh bu dap san lugng khi can thiét.

(i) Kich ban GDK

dién gi6 gdm nhiéu turbine thi phan b6 xac suat s& 1a to hop
clia tat ca cac turbine gi6 don 1¢. Va hai trang trai gio thi
phan bd xac suat dugc t6 hop ciia timg trang trai. Biéu thirc
t6 hop nhu sau,
Nr
PDE:(P) = | [ PDFr(Pes)
i=1 12)

Np -
Pr = P,:
’ Z ’ (13)

Trong d6, PDFs Va Py 1an luot 1a phan bd xéc sudt va
cong suat dién cua turbine gié (néu to hop céc turbine) hodc
cua trang trai gié (néu t hop cac trang trai gid).

Khi @6 doanh Vthi cua dién gj(’) dl{qc xac dinh bdj gia tri
doanh thu truc tiep khi chao dau thau va thanh phan phat
(n€u c6) khi san luong dién khong dat theo k& hoach dau
thau. Két qua xdc dinh theo céc biéu thuce (2), (6), va muc
tiéu dugc xac 1ap theo biéu thirc (11).

(ii) Kich ban GLK

Thi trweng dién

T T Pri P;

An Ai

Pw1 Pw2 IT I
A1 Awz - ~ . -
| B Céac nguén Céac nguén
-] T |nhiét dién dién khac

Ngudn gio
\ 01

02

Ngudn gio | |

\ Sukéthop

Hinh 4. Kich ban lién két cdc dién gi6 trong thi truong (GLK)

Trong trudng hop cac ngudn dién gid ¢6 tac dong twong

ho lan nhau trong qua trinh van hanh, theo xac suat nguon

gi6 nay co the thicu s€ duge bu dap boi nguon gio khac du

thira cong suat. Dieu nay c6 thé dan dén mot tong thé giam

di xac suat boi thuong hodc phat do thi€u hut san luong

dién khi dau thau trén thi truong dién.

(iii) Kich ban GNK

Thj treong dién
Pw1 I T ]
Awt Pus P Ai
I Az Ani I
Nguén gié A e Other
01 > N plants
! | Nguon gi6 Ngusn |
02 nhiét dién

Thi trworng dién

Pwi Pr Pi

Awi An /i.
Ngudn gio Céac ngudn Céac ngudn

01 nhiét dién dién khac

Hinh 3. Kich bdn dién gié déc ldp trong thi truong dién (GDK)
Xéc suét cong suat dién mot turbine gi6 dwoc thé hién
nhu trén Hinh 2, theo quy luit x4c suét thi mot trang trai

Két hop ngudn gid véi
. nhiet e tién 06

Hinh 5. Kich ban lién két dién gio voi nhiét dién trén thi truong

(GNK)
Ry(B,), néuPB, =0
Ryu(B) =% Cp(B),  néuPrgr=-P,>0
Cow(P),  méu—P, > Prg (14)

PpZPTav_PTSKhi_Pp>PTR’

Cow(By) = Cpw(AB,) + Cp(Prg)
APp = Pp - PTR
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Su dong gép ciia ngudn nhiét dién trong td hop gio va
nhiét dién to ra hiéu qua nhidu hon. Doanh thu theo biéu
thirc (6) dugc viét lai khi c6 sy tham gia ctia ngudn nhiét
dién nhu sau,

B, 1a luong cong suét chénh léch gitta lugng dién ban
ra thuc té so véi ké hoach du thau di chao cho thi trudng
di¢n truéc do; R, Cp, Va Cpy, la doanh thu ban di¢n du thira,
chi phi tra cho ngudn nhiét dién luong cong suit duogc
ngudn nhiét dién d6 bu cho thiéu hut ciia dién gio, va chi
phi phat con lai néu van con xay ra thiéu san luong dién
sau khi nhlet dién da bu; Prgy va P 1a dé xac dinh luong
cong suit du phong cta nguon nhiét dién, luong dién t6i da
¢6 thé bu dép cho ngudn dién gio.

2.5. Luu do thudt todn dé xudt

Tat ca cac budc trong biéu d6 quy trinh dugc hién thi
trong so d6 Hinh 6,

v

Chuén bi va xir ly dir

iv) Panh gia, lya chon mé hinh va két qua déu thau gia
dién gio va lich trinh phat dién trén thi truong dién.

3. Mo phéng va danh gia
3.1. Dit liéu va thong s6 mé hinh
3.1.1. Hé thong dién IEEE 30 nit

Hé théng IEEE 30 n(t dugc chon lwa dé thir nghiém cac
kich ban theo mé hinh dé xuat ctia bai bio nay. Cau hinh
hé thdng dién c6 30 nit, 41 nhanh va 6 ngudn va cac thong
sO ludi dién cua né duoc 1ay tir tai liéu tham khao [7, 8].
Hinh lui dién va céc chi tiét khac cua luéi dién chuin tham
khao tai [9]. Bén nha may nhiét dién dugc dat tai cac nit
1,2, 8 va 13 ¢o thong s6 nhu Bang 1, va hai trang trai gi(’)
da tai cac nut 5 va 11 thong so theo Bang 2. 25 turbine gié
3MW dinh murc tai nut 5 voi tong cong suat 1a 75MW; va
20 turbine & nat 11 tong cong sudt 1a 60MW. Phan x4c suat
tdc do gio tai hai dia diém nay dung hai tham s6 Weibull
va PDF tuong ting cho mdi trang trai dugc trinh bay trong
Hinh 1.

Bing 1. Thong s6 nha may nhiét dién

liéu dau vao vé hé v Nguén Nut a b c
‘hi"g , TG1 1 0 2 0,00375
- Phan bé xac
- Phan b6 cong suat cdc trang thai tich| |sudt cac TG2 2 0 1,75 0,0175
hop nguon dién gié | |ngudn  dién TG3 8 0 3,25 0,00834
- X4c dinh chi phi phat di¢n cac nguon| |gio
nhiét di¢n " B dodn TG4 13 0 3 0,025
v cong suét Bing 2. Thong s6 nha mdy dién gié
|D"’ doén gié dién gi6 () | g0 Cac ngudn dién gi6
v Cbong suit A A A LA
| ke =1,0%02:4 NGt  Sétubine dinhmac, eSO Vantoctrung
P,.(MW) Weibull binh, Myyp;
Kich ban GDK Kich ban GLK Kich ban GNK > 25 5 =9, k=2 v=7,976mis
11 20 60 c=10, k=2  v=8,862m/s

Phuong thirc lién két
dién gi6 véi nhiét dién

Phwong thirc dién gi6|| Phuong thirc lién két
hoat dong doc lap céac dién gio

v

Xac 1ap muc tiéu dua
tren thu nhdp truc
tiép va xdc suat phat
doc lap

Xac lap muc tiéu dya| [Xac 1ap muc tiéu dy
tren thu nhap truc| |trén thu nhflp truc tiép,
tlep va xéc sudt phat xdc sudt hoan tra cho
to hop cua cac nguon| [nhiét dién hoac bi phat
lién két néu c6

J

Panh gia két qua céc kich ban va dé
xuat dphuong thie hoat dong toi vu

End

Hinh 6. Luu d6 danh gia cdc kich ban dé xudt

Qua trinh thue thi md hinh dé danh gia va dé xuét dwoc
tinh todn va phan tich két qua theo 4 budc nhu sau:

i) Xay dung co so dir lidu x4c suat cho cac turbine, to
hop cho céc trang trai di¢n gio.

ii) Xy dyng dir liéu van hanh hé thong dién. M6 phong
Xac suat ‘ngudn dién gio6 trong hé thong dién va phan bop
cong sudt t6i wu ciia hé théng dé du doan cong suit cac
nguon dién va gia ban dién cua ho.

iii) M6 hinh doanh thu ctia cic ngudn dién gié theo timg
kich ban, tir 46 xac dinh vung cong suat dién gio toi uu theo
tung kich ban.

3.1.2. San lwong dién ciia ngu&n dién gio tai NUt 5

Vé du doan san lugng dién gio ngay gia sir tai hai dia
diém nguén dién gid 1a nhu nhau, dugc chia thanh hai mua:
mua cao diém (gia sir kéo dai sau thang) va mua thip diém
(gia str sau thang con lai), tham khao tir [10] cho ¢ Hinh 7.

Mot thi truong dién gia sir cho phép dién gi6 chao thau
v6i sai s6 10%, Ving suat cong suat cac thanh phan dugc
thé hién trong biéu d6 Hinh 8. Trong hinh c6 thé hién hai
duong bién xac dinh xac sut cong suét du thira (nét dut
hai chdm) va xac suit cong suat thiéu hut (nét dut mot
cham). Trén co s& ndy, san lwong dién ngay cao diém duoc
cho ¢ Hinh 9.

120
100
80
60
40

20

Cong suéit dién gio (tinh theo % CS dinh)

123 456 7 8 9 1011121314151617 18192021 22 23 24
Chu ky ngiy (gidr)

—— M gié cao  --#- Mia gi6 thip

Hinh 7. Biéu d6 cong sudt dién gié di dodn ngay
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Hinh 8. Biéu dé xdc sudt cong sudt dién gi6 ngay cao diém tai Niit 5
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Hinh 9. Biéu do xdc sudt san heong dién gié ngdy cao diém tai Nit 5
3.2. Kich bin GDK

Doanh thu cua mét nguén dién gid tai nat 5 duoc chon
khao sat trong kich ban nay. Phan bd xac suat t6 hop cua
25 turbine gio6 trong trang trai tai n0t 5 va doanh thu bién
d6i theo murc phat dugc cho tai Hinh 10 va Hinh 11.
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Hinh 10. PDF trang trai gié nit 5
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Hinh 11. Doanh thu doc ldp trang trai gié nit 5

Doanh thu dugc tao ra bi ngudn dién gi6 tai NGt 5 xac
lap dinh trong khoang tr 30MW dén 40MW doi véi gan
nhu tat ca muc phat khac nhau.

3.3. Kich bdin GLK
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Hinh 12. PDF timg trang trai gié mit 5, it 11 va PDF t6 hop

Khi cac ngudn dién gié lién két v6i nhau, trong kich
ban nay xét hai ngudn dién gi6 tai nGt 5 va 11, PDF cua to
hop hai ngudn dién gi6 dwoc xac dinh trén Hinh 12. Hinh
dang cua duong cong la tuong tu tirng trang trai gio, nhung
¢6 dinh thap hon mot chat va do déc thoai hon vé hai phia
S0 V6i x4c xuét gc.

Danh gia doanh thu cia viéc lién két nay, xét phan tich
két qua doanh thu cua trang trai gié ndm & ndt 5 so véi kich
ban trude do, kich ban gioé doc lap, cho Kkét qua nhu mo ta
trong Hinh 13. Pung nhu dy doan, khi ty 1& bdi thuong
trong thi truong dién tang, doanh thu ¢ tat ca cac kich ban
déu giam. Tuy nhién, viéc lién két hai trang trai gié cho
thdy doanh thu giam vira phai hon do hiéu ting bu trir 1an
nhau gilra cac trang trai.
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Hinh 13. So sdanh doanh thu hai kich ban GPK va GLK theo ty
80 boi thuong

= = =Kich ban GBK

3.4. Kich ban GNK

Gia sir ngudn nhiét dién tai nat 1 lién két voi nguén dién
gio6 tai n0t 5. Lugng cong suét dy phong cua nguén nat 1
xac dinh dya vao phén bd cong suat ti wu trén hé thdng
khi tAt ca cac ngudn tham gia. Két qua doanh thu dién gi6
nut 5 dugc mo ta trén Hinh 14.

Co6 mot gia tri ty 1¢ phat ma duong cong doanh thu
khong thay doi so véi kich ban trude do, d6 1a khi k=1,0.
Con lai, rd rang 1a hinh dang cua da sb cac duong cong thé
hién mot sy gon séng vé phia tang truéng doanh thu tai vi
tri gan dinh. Khi gi4 tri dén bu vuot qua chi phi san xuit
cua cac nha may nhiét di¢n, khi do thay vi dé phat thi st
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dung nguén nhiét dién dé bu cho khoan cong suét thiéu hut,
dan dén dinh dong tién ting 1én dang ké. Vi du: khi k>1,1,
doanh thu téi da s& tang tir dudi 150 USD/h 1én trén 180
USD/h. Tuy nhién, c6 mot diém gidng nhu cac kich ban
truge day, do 1a ty 1¢ boi thuong cao hon twong tng s& dan
dén viéc giam dinh doanh thu.
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Hinh 14. Doanh thu nguén dién gié niit 5 khi c6 lién két véi
nhiét dién

Ngoai ra, tuong ung véi dinh doanh thu tang 1én thi
cong suit dinh ciing ting 1én so véi cac kich ban trude day.
Cu thé, cong suat dinh tang tir khoang 60 MW trong kich
ban GDK 1én gin 90 MW trong kich ban nay. D¢ 1a sy chic
chin ngay cang cao boi sy hd tro cia nguén nhiét dién, ma
tac dong cua nd cang cao khi mirc phat cang 16n. Do do,
viéc chao san lugng dién gid cao hon trén thi truong dién
trong trudng hop nay 1a 1y do dan dén sy gia ting doanh
thu cuc dai nay.
3.5. Nhdn xét

Mot su so sanh loi ich ciia nha dau tu dién gio nlt 5 tir
ba kich ban theo ba phuong thirc hoat dong giao dich
thuong mai (GDK —hoat dong doc lap; GLK —lién két gitra
hai nguon dién gi6; va GNK — lién két giira dién gi6 va
ngudn nhiét dién). Két qua doanh thu dinh cta timg kich
ban bién ddi theo mirc do phat (hay bdi thuong khi thiéu
hut cong suét phat dién) cho ¢ biéu db trén Hinh 15.
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Hinh 15. So sdnh t6i wu ciia cdc kich ban theo ty s6 boi thuong
V6i doanh thu dinh thé hién bang cac dudng, trén hinh
cho thay ca ba kich ban déu cé doanh thu giam di khi muc
d6 phat thiéu hut cong suat phat dién theo thoi gian thuc so
v6i ké hoach chao thau tang 1én. Mutrc giam duong nhu co

ty 1¢ giam gan twong déng nhau, nhung trong d6 co kich
ban lién két giita cac nha may dién gié duong nhu toc do
giam thap hon. Didu nay gitp cho kich ban lién két cac dién
g16 nay mang lai loi nhuén cao hon khi murc phat tang lén.

Trong khi d6, kich ban lién két dién gi6 voi ngudn nhiét
dién cho doanh thu ting cao hon hin so vé6i cac kich ban
con lai khi thi trudng dién ton tai hinh thirc phat thiéu hut
cong suat khi phat dién so voi ké hoach chao thau. Nhu
vay, hiéu qua lién Kkét st dung lugng cong suét du phong
ctia nha méay nhiét dién dé bu dip cho cong suat thiéu hut
ctia dién gio khi can thiét 1a dang khich 18 va nén khai thac
triét dé.

Vé cong sudt chao thau t6i wu cia ngudn dién gié duoc
khuyén khich 1am sao dé mang lai loi ich 16n nhat cho chu
s& hitu dién gi6 d6. Trén hiéu do Hinh 15 1a biéu d6 thanh
dung, cho thay trong truong hop ton tai phat, kich ban lién
Kkét gi6 véi ngudn nhiét dién co6 xu hudng khuyén khich
chao cong suat dinh cao hon so v&i cac kich ban con lai.
Miic cong suét cao hon 1én dén trén 10MW (ttic trén 20%
cong suat dinh mirc cia ngudn dién gio). Didu nay duoc Iy
giai 1a do chu dién gio tin tuong vao viéc bu dap cuia ngudn
nhiét dién trong lién doanh dé chao cong sut chic chin
cao hon, va nhu vay loi nhuén tryc tiép cho nguén dién gio6
tang 1én dang ké.

4. Két luan

Du bao chinh xac cong sudt san xuat cta cac trang trai
gié 1a mot thach thirc quan trong khi tham gia dau thau
cung cap dién trong thi trudng dién. Viée cit giam gan day
céc chinh sach thic day phat trién dién gi6 da lam ting
thém nhitng kho khin ma cac chi trang trai gié phai d6i
mit, din dén dau tu vao céac du an dién gi6 bi cham lai, dac
biét cac qudc gia dang phat trién nhur Viét Nam.

Nghién ctru nay gidi thiéu mot phuong phap danh gia
va cac kich ban mé hinh van hanh lién két cac nha may
dién, trong d6 chu yéu két hop cac trang trai gid v6i nha
may nhiét dién nham mang lai hiéu qua dau tu cho ca chu
0 hiru dién gi6 va phuc 191 xa hoi toan di€n hon trong thi
truong dién.

Két qua khao sat va thir nghiém da cung cap cai nhin
sdu sdc hon, tinh wu viét hon ddi véi kich ban thi ba, kich
ban lién két giira dién gi6 véi nha may nhiét dién hién co.
Trong lién Kkét nay, lgi nhuan dinh cho céc trang trai gio dat
duoc khi mirc phat cua thi truong dién cang tang cao, dac
biét khi hé s6 boi thuong vuot qua 1,5 thi doanh thu cao
hon kich ban ké cén it nhat 10% va 1én dén hon 25% so véi
kich ban truyén théng, ngudn gi6 hoat dong doc 1ap. Nhitng
phat hién nay nhan manh trong moi hinh thirc s¢ hiru hosc
lién két ngudn dién gi6 voi ngudn nhiét dién s& nang cao
tinh chéc chn ciia nang luong gié va mang lai nhiéu loi
ich dang ké hon trong thi trudng dién canh tranh, ma céac
nha hoach dinh chién lugc, cac nha tai phiét, va ca cac nha
quén 1y ciing can quan tdm khai théc.

Ngoai ra, viéc chao cong suit dién gié cao hon han so
v6i cac kich ban con lai, sy lién két gitra dién gio va ngudn
nhiét dién da mang lai hi¢u qua sir dung néng luong tai tao
cao 1én dang ké, gitip khai thac t6i da ngudn ning lugng tai
tao va gitip phat trién bén vimg hon cho linh vyc ning luong
tai tao theo ding muc tiéu va xu huong ciia toan thé gioi.
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NGHIEN CU'U UNG DUNG PHUONG PHAP LAl
TRONG BAI TOAN LUA CHON HOP LY VI TRi VA DUNG LUONG
HE THONG LUU TRU' NANG LUONG TRONG HE THONG DIEN

EXPLORING THE APPLICATION OF HYBRID METHODS FOR OPTIMAL LOCATION AND POWER SELECTION
OF ENERGY STORAGE SYSTEMS IN POWER SYSTEMS

Truong Viét Anh’,
Nguyén Tung Linh?", Dinh Ngoc Sang?
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TOM TAT

Hé thdng luu tri nang lugng trong ludi dién truyén tai dang trd thanh mot Iinh vuc nghién ctiu va ting dung ngay cang quan trong. Bai béo nay dé xudt mot
phuong phép lai méi, nd dua ra mot dinh hudng xac dinh vi tri 13p dat hé théng luu trit nang lugng (ESS) phu hop. Diéu do gidp cai thién kha néng on dinh clia ludi
dién, giam thiéu su gian doan va su 6, ting cuting tinh linh hoat va dap (ng t6t hon véi nhu cau st dung ning luong cla cac khach hang trudc khi can quy hoach mé
rong truyén tai dién (TEP). Phuang phap nay két hop lai gii thudt Min Cut (MC) v6i thudt todn di truyén (GA). Trudc tién, MC dugc ci tién bang mot hinh thiic phat dé
giam thiéu khong gian tim kiém cho bai toan t6i uu ma khong lam mét di nghiém toan cuc. Tiép theo, thudt todn GA duoc ap dung dé giai bai toan tdi uu trong khong
gian da duoc gidi han dé tim ra vi tri va cdng sudt ESS phl hop nhét 6 thé. Nghién ctiu dugc thit nghiém va cho ra két qué kha thi trén hé thong dién IEEE 24-bus. Két
qué nghién ctu cho thdy phuong phap dé xudt giam déng ké khi lugng tinh toan so véi cac bai toan trudc day va tir d6 rdt ngan thai gian tinh todn gitip cac nha dau tu
dua ra quyét dinh dau tu hé thong ESS kip thdi va canh tranh.

Tirkhoa: Thudt todn Mincut, thudt todn di truyén, bd luu trit ndng lugng, quy hoach IuGi truyén tdi, thi trudng dién.

ABSTRACT

Energy storage systems (ESS) within the transmission system have emerged as a critical area of research and application. This paper presents a novel hybrid
approach that offers a framework for determining optimal locations and power for deploying ESS. The primary objective is to enhance grid stability, minimize
disruptions and failures, bolster flexibility, and effectively meet the energy demands of consumers prior to the need for transmission expansion planning (TEP). The
proposed methodology combines the Min Cut (MC) algorithm with the genetic algorithm (GA). Initially, the MC algorithm is improved through the incorporation of a
penalty mechanism, aimed at reducing the search space for the optimization problem while preserving global optimality. Subsequently, the GA algorithm is employed
to solve the optimization problem within the constrained search space, thereby identifying the most suitable local and power for the ESS. The research findings are
evaluated on the IEEE 24-bus power system and demonstrate promising feasibility. Notably, the proposed approach significantly reduces computational complexity
when compared to previous separate methodologies, consequently diminishing computation time and facilitating timely and competitive investment decisions
pertaining to ESS systems.

Keywords: Min cut algorithm, gene algorithm, energy storage systems, transmission expansion plan, electricity market.
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1. GIGI THIEU yéu cho céng cudc phat trién kinh té va xa hoi. Tuy nhién,

Quy hoach TEP va GEP da duoc trinh bay trong nghién khong phai ltiic nao giai phap xu ly qua tai hodc tdc nghén,
ctu [1, 2], theo d6 TEP van 1a giai phap chinh vé lau dai gé  1a cac ,bié” phap Chirlh trong quy hoach TEP, cing hoan
phat trién mang Iusi ning lugng, dap Ung nhu ciu thigt hao dé dat dugc d6 on dinh va do tin cay [3]. Vi véy, cac
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bién phap quy hoach t6i uu va kinh té hon thudng dugc st
dung dé cai thién hé théng dién, chdng han nhu téi cdu
tric lugi dién co xét dén ngudn dién [4], diéu khién dong
cong suat dién bang thiét bi chuyén tai dong dién linh hoat
(FACTS) [5], hodc giai phéap xay dung cac ngudn néng luong
tai tao mai [6, 7]. Két qua, nhirng phuong phap nay cling c6
nhiéu uu diém nhung ciing phat sinh cadc nhugc diém & cac
muc d6 khac nhau va ching khéng thé thay thé cho nhau
mét cach hoan hao.

Trong giai doan phat trién manh mé clia ngudn niang
lugng tdi tao thoi gian viia qua, dac biét sau sy khing
hoang nang luong nam 2022 do giGi han nguén cung khi
dot tir mot s6 quéc gia, thi nang lugng tir mat trai va gié da
phat trién nhanh chéng & nhiéu nudc trén thé gidi [6, 7].
Toan cau da b sung hon 50 GW cong suat hang nam ké tur
nam 2014. Riéng nam 2018 dién gi6 dat 591GW, tang 9,6%
50 vGi nam 2017 [8]. Nhung hau qua cGia nguén nang lugng
tai tao dé lai theo mot khia canh van hanh hé théng dién
trong thi trudng dién canh tranh la khéng hé nho, nhu su
khéng chdc chén, su mat 8n dinh, sy mat an ninh, ....

Trong khi nhu cau phu tai dién ngay cang tang dé phuc
vu cho phat trién kinh té xa hoi, két hap véi su phat trién
clia nguén nang lugng tai tao nhu viia néu co thé day ludi
dién di dén qua tai cuc bd, hay con goi la tic nghén truyén
tai tai mot thai diém nao dé. Co nhiéu cach dé gidi quyét
cac tdc nghén hé théng dién [9-12], m& rong lugi dién la
cach kinh dién nhat chi yéu danh cho quy hoach dai han,
diéu chuyén phan bé cong suat bang céc thiét bi FACTS va
trong bai bdo nay hudng dén phuong phap quy hoach
nguén ESS [5, 13]. Phuong phap ma& rong ludi dién truyén
tai thudng co kinh phi kha 1&n va can cac diéu kién kha kho
khan khac nhu: dén bu gidi tda, thay ddi diéu kién séng
ngudi dan noi duong day dién di qua. Trong khi d6, mac du
von dau tu hién nay khong thap nhung ESS kha linh déng
vi tri Idp dat va mang lai hiéu qua kép: giai quyét tac nghén
(nhu bai bao dé xuat) va cai thién su khéng chac chan ma
nguodn nang lugng tai tao gay ra.

Van dé xac dinh vi tri va cdng sudt ESS thich hgp dé giai
quyét tdc nghén cuc bd cho hé théng dién hién c6 nhiéu
phuang phap, trong s6 d6 c6 thé ké dén nhu mé hinh toan
AC va DC, thuat toan meta-heuristic nhu: bay dan (PSO), GA
[2, 14]. Theo cac nghién ctu thai gian gan day, mét bai toan
t6i uu co thé dé xuat phat trién theo chiéu hudng hiéu qua
hon nhu sau:

Thuét toan téi uu hoa ¢é dién dugc st dung nhiéu trudc
day: la mot ky thuat phan tich thudng dugce st dung va két
qua thudng la cac gidi phap téi uu toan cuc cho phién ban
phd quat clia bai toan s6 nguyén ban dau, trong dé di liéu
ban dau la cac s6 nguyén, dugc thay thé bang cac bién lién
tuc. Khoéi lugng tinh toan trong cac thuat toan nay thudng
rat 16n va phuang phap nay cé thé can thiép vao van dé hoi
tu trong mét s6 trudng hop, nhu trong [15, 16];

Giai thuat MC: khdac véi cac thuat toan khac, né luon cho
két qua kha chinh xac, khéi lugng tinh toan tuong déi thap,
nhung d6i khi roi vao cuc tri dia phuong do chua xét dén
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phan bé cong suat. Vi vay, mét sé nghién ctu st dung né
dé tim vi tri t6i uu 13p dat FACTS [5, 17], giai quyét nat c6
chai trong hé théng dién [17], cling nhu cac nghién ctu vé
dé én dinh va dé tin cdy trong quy hoach mé rong truyén
tai[18, 19].

Cac thuat toan meta-heuristic: la cac thuat toan lay cam
hiing t su t6i uu héa trong cac quy luat tu nhién. Chang
dugc mad rong cho céac thi tuc tim kiém cu thé va c6 thé
dugc st dung trong hau hét moi truding hop, va day la mot
gidi phap dac biét thich hgp cho cac bai toan phc tap véi
nhiéu rang budc khéng chac chédn. Cac thuat toan thudng
dugc st dung dé xac dinh két qua t6i uu hodc khéng t6i uu
cla cac van dé chung, ngay ca déi véi cac hé théng I6n
tuong ung lién quan dén né luc tinh toan 1én [201.

Mac du ¢6 cac uu diém nhat dinh nhung xac suat hoi tu
va khéi lugng tinh toan I6n cta thuat todn meta-heuristic la
méi quan tdm cla cac nha nghién ctu va day la co hoi dé
dé xuat ap dung moét phuong phap lai ghép trong bai bao
nay. Su lai tao nay dan dén mét thuat toan két hgp hai giai
doan. Dau tién, cai tién thuat toan MC dé phu hop véi muc
tiéu cda van dé t6i uu hoda, dugc goi la "giGi han khdng gian
tim ki€m". Giai doan ti€p theo, dugc goi la "T6i uu héa giai
phap", st dung thuat toan GA dé tim ra két qua ti uu toan
cuc trong khong gian thu hep cta giai doan truéc. Qua
trinh nay dugc thiét ké hoan hao dé khic phuc nhugc diém
cla thuat toan meta-heuristic nhu vira dé cap.

Ké&t qua mo phong trén hé théng IEEE 24 bus cho quy
trinh 5 budc ching minh tinh hiéu qua cda bién phap dé
xuat trong viéc tim ra vi tri va cdng suat téi uu dé I3p dat
ESS. Nhitng déng gép chinh cla bai bao la:

i) D& xuat thay déi nguyén ly giai thuat MC va lai tao véi
thuat toan GA dé tao ra mét phucng phap téi uu mdi trong
quy hoach ma réng luéi dién truyén tai;

ii) P& xuat mé hinh dau tu ESS dé gidi quyét tic nghén
ngén han va ing dung phuong phap t8i uu mai dé tim vi tri
va cong suat ESS;

iii) S&¢ dung hé théng dién mau cla IEEE 24-bus tich hop
ESS dé thi nghiém trong nghién ctu nay.

2. MO HINH TOAN
2.1. Mé hinh ESS trong hé théng dién

Mot trong céc loai hinh nguén dién cha déng nhu ESS
¢6 thé cung cap dién khi hé théng dién bi tdc nghén & phu
tai cao diém va ddm bao hé théng dién van hanh én dinh
ma khéng can ma réng hé théng dién truyén tai. Mat khac,
ESS con nang cao kha nang truyén tai cia hé théng bang
cach dua thém cong suat lén lusi nham gidm un tac va ap
luc 1én cac nguén dién hién cd, ddm bao an ninh hé théng
dién [13, 21]. Trong thi trudng thuong mai gan day véi cac
céng nghé luu trit nang lugng khac nhau, pin van la thiét bj
luu trt phd bién nhat hién nay [21]. Ngoai ra, dé giai quyét
van dé thi€u hut céng suat trong thai gian ngén con co cac
loai cong nghé khac nhu banh da, siéu tu dién. Luu trir
nang lugng bang Hydrogen, khi nén la nhiing cong nghé
c6 cong suat I6n hon, kha nang luu tri nang lugng cao hon

Website: https://jst-haui.vn



P-ISSN 1859-3585 | E-ISSN 2615-9619

SCIENCE - TECHNOLOGY

nén linh hoat hon trong hé théng dién. Cac diéu kién ung
dung cu thé tuong Ung vdi tiing loai cdng nghé dugc phan
loai nhu hinh 1.

Cho dén nay, vén dau tu ESS vé co ban dudng nhu van
quéa cao khéng thé mang lai Igi nhuan cho nha dau tu doc
lap. Vi vay, thudng ESS chi dugc xay dung dé phuc vu cac
muc dich can thiét cu thé nao d6 ma khéng cé gidi phap
thay thé khac [22-24]. Mot trong s6 d6 |a 6n dinh hé théng
dién bai nhiéu tur cac loai nguén nang lugng tai tao. D6 la
két qua ESS thudng dugc xay dung dong bd vai cac du én
nang lugng tai tao. M6t trong nhitng tac dung chinh cda
ching dugc st dung nhu mét nguén ning lugng dé bu
dép cho su thi€u hut. ESS 1a loai nang lugng c6 thé cung
cdp dién khi can thiét va luu trit nang luogng khi qua nhu
cau [13, 21]. Chi phi dau tu ESS trong thi trudng c6 thé dugc
tinh gan ddng nhu biéu thic (1).

C]-ESS = Z Piess. Cess T Co M
{€Gess
Trong d6:

PSS - Cong suat dinh muc cda ESS (MW).
Cess - VON dau tu ngudn ESS (USD).
C, - Chi phi c6 dinh nguén ESS (USD).

UPS area

T & D grid support Bulk power

I Pumped hydro

Compressed air

Hours

Flow batteries: Zn-Cl, Zn-Br
Vanadium redox New chemistrics
NasS battery
Advanced lead-acid battery [
[ NaNiCI2 battery
_ Li-ion battery |
H Lead-acid battery |
T
[ NiCd |
I
[ NiMH |

High-energy
supercapacitors

Discharge time at rated power
Minutes

Seconds

| High-power flywheels |

| High-power supcrcapacitors |
kW  10kW 100kW IMW
System power ratings

10MW 100MW 1GW

Hinh 1. Phan loai cac loai ngudn ESSs [6]
2.2. M hinh cai tién thuat toan MC

(i) Giai thudt mat cdt téi thiéu géc (Basic MC Algorithm -
BMCQ)

Vao nhirng nam 1950, bai toan tim tac nghén cta d6 thj
vO hudng dugc Ford va Fulkerson dé xuat bang céch xac
dinh lat cat nho nhat cda d6 thi vé hudng dé. Giai phap nay
la tién dé cho gidi thuat MC. Mechtild Stoer va Frank
Wagner da phat trién thuat toan nay dé ap dung cho cac
chuong trinh may tinh vao ndm 1997 va goi né la thuat
toan Min-Cut [25]. Mé hinh nay cling dugc st dung dé xac
dinh vi tri t6i uu cta TCSC nham gidi quyét van dé tac
nghén trong HTD [5]. So d6 thuat todan MC co ban duoc
hién thi trong hinh 2.

Dién giai:

Mét ma tran (n x n) trong lugng [A] (trong lugng trong
trudng hgp nay la céng sudt dinh mic cac dudng day
truyén tai dién).
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nla sé dinh.

Ysj= Yag, Xjt = Xaj - téng trong lugng bén phia
nguén dién, bén phia phu tai, cia mat cat thi i tuong Ung
nhanh thij.

S(i), T(i) - i mat cat hudng nguodn, hudng tai tuong Ung.

u, v - cac nut tuong ung.

{s}, {t} - tdp hop dinh hudng nguén, tai.

MC(i) - m&t cit t6i thiéu clia budc thui.

MF - cuc dai phan bé cong suat.

(ii) Gidi thudt cai tién min cut bdng két hop yéu t6 phat
(Penalty MC Algorithm - PMC)

Gidi thuat BMC nhu néu trén bi han ché do khong xét
dén phan b6 cong suat truyén tai trén duong day dién
trong qua trinh tim ra vung tac nghén trén hé théng dién.
Do d6 nhanh dién dugc chon thay thé hay xay dung maéi dé
gidi quyét tdc nghén c6 thé la nhanh dién con non tai vai
kha ning dan dién van c6 thé ting cao hon. K&t qua nay
dan dén c6 thé chua t6i uu theo muc tiéu cla bai toan. Cu
thé 1a muc tiéu cla viéc gidi quyét tdc nghén khi phu tai
tang lén phai dugc uu tién cac tuyén dudng day dién co ty
I& cong suat truyén tai cao trong qua trinh van hanh. Trong
khi d6, BMC vi khéng xét dén kha nang mang tai clia cac
dudng day dién nén co thé bd qua cac dudng day truyén
tai c6 phan bo cong suat 16n, trong khi day la nhing vi tri
xung yéu can khac phuc hon cac dudng day cé cong suat
mang tai thap hon. Vi ly do do, cai tién BMC dé gidi thuat co
thé quan tdm han dén cac nhanh mang coéng suat tai I6n
hon vao mit cét téi thiéu cudi cing dé nang cao hiéu qua
bai toan giai quyét tdc nghén.

Gidi thuat PMC vé co ban van la phuong phap GRAPH
nhu BMC dé tim ra mdt mat cit trong dé téng trong lugng
cac nhanh 1a nho nhat gitta nguén dién va phu tai dién. Tuy
nhién, diém khac biét I16n dé la yéu t6 phat truyén tai. Gia
tri trong lugng clia mot nhanh sé dugc b sung thém mét
lugng goi la phat truyén tai dién. Nghia la khi dudng day
mang tai cang cao thi phat cang I16n va trong lugng cla
nhanh dé cang cao, va ngugc lai. Phat truyén tai dién (p),
dugc tinh trong méi vong lap phan bé cong suat dua theo
ty 1& gilta cong suat dién truyén tai P trén nhanh thi i so
vGi cdng suat dinh muc PF cla cung nhanh dé, nhu biéu
thuc (2).

P
=
Ty trong trong lugng clia mat cat trong budc 2 va 5 clia

luu d6 BMC trén sé thay ddi trong méi budc 13p mét lugng
nhu (3).

G = A(1-p)) 3)

Céc trong lugng clia mat cat dugc thay thé bang céc
biéu thiic (4) va (5).

sj(new) = s; + G; (4)

Pj (2)
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A trong biéu thuc (3) 1a hé s6 ty 1é xét dén muic d6 déng
gép cla phan bé cong suat trén cac duong day dién dén
két qua hdi tu cda giai thuat PMC. Khi hé s6 A dugc chon
qud 16n, cac dudng day dién qud tai sé cang dugc uu tién
nhung vai trd mat cat t8i thiéu bi gidm di, diéu d6 dan dén
két qua c6 thé loai viing tdc nghén ra khoi nghiém. Trong
khi d6 néu hé s6 d6 qua nhd, vai trd cla cac dudng day
dién phan bo cong suat cao khéng con tac dung dan dén
két qua khong khac gi véi giai thuat BMC. Thong thudng,
hé s6 nay dugc chon tuang Ging gan véi cong suat truyén
tai dinh muic clia cac dudng day truyén tai dién.

-
M6 hinh hé théng dién i
thinh dir liéu MC o
Dat mat cit dau tién:
- s: tiip nguon (2)
-t tip tai
/\ Ding
> MIN CUT? (3)
@
Cit hwéng ngudn Cat hurémg tai
Céc nhanh két noi Cac nhanh két not
vdi nguon Vo1 tai
Rut niat cé nhénh | 3 16 Byt g
i n‘u mhnnm e, ene.em Rit nit ¢6 nhinh trong hrgng lim
nor von nguon: Fr TS
- Thay thé bang cic nhinh ndi tiép) BAYIEE. go g
T - Thay the bang cic nhanh noi ticp (5)
voi niat bj rut. S
- Mt tip ngudn méi (s) duge thiét Vi nit bi rit £
lip o Y - Mot tdp tai moi (1) duge thict lap

Hinh 2. Luu d6 giai thuat BMC[5]

Véi cai tién bé sung hinh phat truyén tai dién trong giai
thuat PMC nhu vira néu, su dong gép cla dong céng suét
dién trén méi dudng day dién vao ty trong trong lugng clia
mbi mat cit, nhu trong biéu thuc (4) va (5). Theo d6 cho
thay khi cong suét truyén tai cang 1én, theo biéu thic (6),
thi trong lugng cang nhd nén théng thudng dudng day
truyén tai dién c6 phan bo cong suat I6n dé sé dugc uu tién
chon trong mat cét t6i thiu. K&t qua la muc tiéu xac dinh
vung tdc nghén sé cang chinh xac hon so véi phuong phap
trugc day.

[P] = runopf(sys) (6)
2.3. Ham muc tiéu

(i) Ham muc tiéu

Mot s6 nghién ciu gan day vé quy hoach TEP da xem
xét viéc 1dp dat ESS. Tuy nhién, né van chua phé bién trén
thi trudng thuong mai vi vén dau tu cta ESS van con tuong
déi cao [26]. Vi vay, bai toan téi uu hoa vi tri va cong suat
cla cac ESS trong quy hoach TEP dé dat dugc chi phi hop ly
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khi dau tu nguén ESS mdéi va chi phi dau tu dudng day dién
phai xdy dung mdi hodc cai tao nang cap nang luc truyén
tai dién dugc thé hién bai ham muc tiéu sau:

minCT=ZCiL+ZCjESS+chAA @)

ieL jEESS 1eB

& day, CF Ia chi phi dau tu nang cap dudng day truyén
tai thu i, US$, va CP2 1a chi phi do t8n hao dién nidng trén
dudng day truyén tai tha |, USS, thudc tap hop B, la tap hop
dudng day truyén tai ciia hé thong dién, chi phi nay trong
mot chu ky xem xét T dugc tinh theo céng thuc:

CA =\ AP™* LLF.T 8)

Véi A la gia dién binh quan, US$/kWh; AP™?* |a tén hao
cbng suat cy dai trén nhanh |, W; va LLF 1a ty s6 t6n hao.

Cac rang budc vé van hanh va gidi han truyén tai ctia hé
théng dién thé trén cac biéu thuc (9) - (12) gém:

PGi - PDi - Z VlV] (G” Cos 811 + B” sin 811) =0 (9)

jEbus
QGi - QDi - Z VIV] (Gl] sin 81] + Bl] Cos 81]) =0 (10)
jEbus
ViZhis < Viebus < Vidhus (1
SiEbranch = Sinéla))lfanch (12)

G day,

t - mét chu ky danh gia (nam).

¢; (t) - chi phi nguén dién tha i & chu ky t, USS.

Pei, Qgi» Poir Qpi - €Ong sudt nguodn dién va phu tai, MW
va MVAr.

SIX nch - €ONg suat dinh muc cia nhanh thi i, MVA.

8; - goc léch dién ap nat.

min VImax _ dién ap t6i thiéu va cuc dai cia nat, kV.
(i) Phuong phdp lai hai budc (MCGA)

Bai todn t6i uu (7) vai nhiéu phuong phap giai da dugc
nghién clu trudc day bang nhiéu phuong phap trong dé
c6 thuat toan heuristic, meta-heuristic hay toan hoc [14].
Cac lgi thé va bat Igi clia tling phuang phap khéng giéng
nhau, nhung tat ca nhiing van dé ma cac nha khoa hoc va
quy hoach quan tdm nhat déu lién quan dén viéc tim cuc tri
toan cuc cta bai toan nhanh nhat, dac biét doi véi cac hé
thong dién lon.

Trong sé cac thuat toan dugc st dung gan day, GA la
mét trong cac phudng phéap tiéu chuin dugc st dung
trong lap trinh quy hoach TEP &€ gidi bai toan t&i vi n6é daon
gian. Tuy nhién, dic diém cta né 1a khéi lugng tinh toan
qua I8n trong mét s6 trudng hgp tuang tu nhu hau hét cac
phuong phap meta-heuristic khac va déi khi két qua cua
bai toan c6 thé bi méc ket & cac cuc tri cuc bo.

Vi vay, phuang phép lai dugc dé xuat trong bai bao nay
nham giai quyét van dé cuc tri toan cuc cda bai toan quy
hoach TEP. Su két hgp hai giai doan d6 13, thi nhat dung
gidi thuat PMC d€ gi6i han khéng tim kiém nham gidm s6
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luong thao tac, va thit hai 1a si dung thuat toan GA dé tim
cuc tri cho bai toan t6i uu trong khéng gian da dugc thu
nho & budc dau.

So dé trong hinh 3 mé ta van dé lai nhu da dé cap & trén
theo trinh tu ndm budc:

1) M6 hinh dit liéu hé théng dién.

2) Phan b6 céng suat téi uu ctia hé théng dién dang van
hanh.

3) Tim tadp mat cat nho nhat bang giai thuat PMC.

4) Gidi han khong gian tim kiém cén cr vao mat cat nho
nhat dugc xac dinh trong budc 2.

5) Gidi bai toan téi uu (7) biang thuat toan GA trong
khong gian khéng gian thu nhé & budc 3.

6) Cubi cung la danh gia vi tri va céng suat cla cac
nguén ESS.
3. MO PHONG TREN LUGI DIEN MAU 24 NUT (IEEE)

(i) D@ liéu thu nghiém

Hé théng dién IEEE RTS 24-bus tiéu chuin dugc st dung
dé kiém tra tinh kha thi cla phuong phap dugc dé xuat
trong bai bdo nay. Théng sé ky thuat thong lé hé théng nay
¢ 36 nhanh va 10 nguon dién, dir liéu ctia hé thong dién
nay c6 thé dugc tim thdy trong céc tai liéu [27, 28], dugc
thé hién bang 1, 2 va trong hinh 4.

Bang 1. Cong suat nguon dién

Generator Bus P, (MW) Q,(MVar)
G1 1 192 62.375
G2 2 192 62.375
@3 7 300 75
G4 13 591 207
G5 15 215 66.313
G6 16 155 54.313
G7 18 400 100
G8 21 400 100
@9 22 300 60
G10 23 660 248.563
Bang 2. Cong suat phu tai cuc dai
Load Bus P4 (MW) Qq4(MVar)
L1 1 108 22
12 2 97 20
13 3 180 37
L4 6 136 28
L5 7 125 25
L6 8 171 35
L7 10 195 40
L8 13 265 54
L9 14 194 39
L10 18 333 68
L11 19 181 37
L12 20 128 26
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Dé tao vi tri tdc nghén trong hé théng dé thir nghiém,
bai bao gia thiét cac kich ban céng suat phu tai va nguén
phat cing tang nhu nhau tai tat ca cac nut. Sau khi phan bé
cdng suat t6i uu bang cong cu Matpower dugc xay dung
san trén nén tang Matlab, két qua cac diém mang tai cao
trong hé théng 24 bus dugc thé hién & bang 3. Theo dé, vdi
ty 1é nay tang |én tur 1,1 dén 1,5 thi phan b céng suét cling
tang dan Ién va noi c6 cdng suat cao tap trung vao vi tri cac
nhanh 6-10, 7-8, va 14-16. Va ty lé tang tai lén dén 1,6
(tuang Uing 160%) thi hé théng bat dau xay ra nghén mach
tai cdc nhanh 6-10 va 7-8.

Bang 3. Tac nghén hé thdng theo ty Ié phu tai va ngudn dién

1.1 | Nhanh mang tdi cao nhat 6-10
hodc qua tai
Ty & mang tai (%) 97%
1.2 | Nhdnh mang tai cao nhat 6-10
hodc qua tai
Ty & mang tai (%) 99%
1.3 | Nhdnh mang tai cao nhat 6-10
B hodc qua tai
2
§ Ty & mang tai (%) 100%
§ 1.4 | Nhénh mang ti cao nhét 6-10 | 14-16
e hodc qua tai
£ Ty 16 mang tai (%) 100% | 100%
S y Ié mang
8 | 1.5 |Nhdnhmangtdicaonhat | 6-10 | 7-8 |14-16
<. hodc qua tai
=
Ty 1& mang tai (%) 100% | 100% | 100%
1.6 | Nhanh mang tai cao nhat 6-10 | 7-8
hodc qua tai
Ty 1é mang tai (%) 133% | 104%
1.7 | Nhanh mang tai cao nhat 6-10 | 7-8 | 89 |8-10
hodc qua tai
Ty 1é mang tai (%) 120% | 116% | 111% |108%

Vé nguodn ESS, chon loai trir nang bang cong nghé
Compressed Air thuan Igi dé xay dung cho moi khu vuc, vi
tri, ciing nhu c6ng suat yéu cau I6n dap ung dugc nhu cau
can thiét, dic biét c6 thé 1dp ghép tur cdc modul dé nang
céng suat theo tung thai ky véi kinh phi dau tu tuang doi
hgp ly [9, 26]. M6t trong nhing dic diém dang chi y cda
c6ng nghé trit ndng 1a ¢ thé san bang phu tai gitia thai
gian thdp diém va cao diém trong hé théng dién nhu thé
hién trong [9, 10].

Phuang phap quy hoach & day, thay vi phai c6 cac bién
phap TEP dé dadm bdo cung cdp dién cho nhu cu tat ca cac
phu tai trong thdi gian dinh tai, nguén trit ning c6 thé
cung cap nang lugng trong thai gian qua tai do dinh tai
gay ra dé dam bao hé théng dién hoat dong én dinh ma
khong can TEP.
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Bure (i) Thuc thi
Ba kich ban sé dugc xem xét dé so sanh va danh gia.
Kich ban thd nhat st dung giai thuat BMC két hgp vai GA

M@ hinh hé théng dién

(1)

thinh di ligu MC

1 Chay phin b6 OPF (BMC-QA), né la kich ban dqn gidn dé gidi quyét mot sé bai
::::r;;;;%ui‘m @ toan tac nghé trong hé, thong dién. Kich ban thu hai la lai
PMC véi GA nhu dé xuat trong bai bao nay (PMC-GA). Kich

4*““\ Ping & ban nay sé dugc xem xét danh gia hiéu qua sau khi thur
nghiém. Kich ban thi ba dung phuong phap phan tich

déanh gia s& nguyén sau khi phan bé céng suat t8i uu AC dé

tim ra vi tri I3p d&t ESS (AC+). Kich ban nay da dugc thé hién

Cit hurimg nguon Cat huéng tai tai [11].

vl e Hai kich ban dau tién tuong Ung sau budc theo quy
T mi“hé‘.j‘m?g e R e nhé“: o trinh cai tién va dé xuat tai hinh 3, dugc thuc thi trén ngon
Rt s s o1 v o a6k bt | ng{r matlab trong d6 c6 (ng dung mot s6 cong cu trong
B e i ) ars i mit b i E’ o Matpower 6.0 dugc bién soan san. Phan I6n cac ndi dung
jip L gidi thuat PMC va GA dugc lap trinh dé thuc thi theo noi

é{u dung da dugc trinh bay trong phan 2.
[ Dai véi thuat toan GA, phuong phép giai bai toan t6i uu

tham khdo theo [29] va d( liéu dap dung trong truong hop
lugi dién IEEE 24 bus tham khdo [29, 30]. Tém tat mét sé

Xic lap khéng gian tim kiém theo @
tap hg MIN-CUT

v ¢ n . .
Thge th GA trang Kbing g bi © th’éng s6 dau vao chg vi fh-‘ nay gém: khéi tao vé{ 20 b’ién
b s6 ngau nhién ban dau; t6i da 50 bién s trong quan thé; ty
[ ownes ‘h ] - [é lai tao la 0,8; phuong phap lua chon lai tao la “Roulette
— Wheel”; ty & dot bién 0,2.
Két qua dugc thé hién trong cac bang 4, 5.
Hinh 3. Luu d6 gidi thudt lai PMC va GA Bang 4. Két qua Mincut thyc thi trén hé thong IEEE 24-bus
Trudng hop MIN-CUT
-z Branchs
Bus 17
Bus 21 Bus 22 BMC 8'9, 8_10
] PMC 6-2; 6-10; 8-7; 8-9; 8-10
B“;S o Béng 5. Phan bé cong suat trén cac nhanh thudc min-cut
@—\_ 14 RN i . .
Bus 18 + Bus 19 Bus 20| Nhanh Ty 1é (%)
6-2 51
6-10 104
SN Bus 13 87 133
S 89 25
8-10 14
Bang 6. Két qua ngudn ESSs theo cac kich ban
Senario Bus Power (MW)
1 Bus 10 1 BMC-GA Nul Nul
Pee’ 2 PMC-GA 6 10
30
3 AC+ 6 40
Bus 8
- (iii) Thdo ludn

Bang 4 cho thdy su khéc biét clia cdc mat cét téi thiéu

khi c6 su tham gia cla gia tri phat cong suat dién mang tai

sz  trén dudng day dién. S6 lugng nhanh dugc chon lya trong
mat cit t6i thiéu nhiéu hon khi xét dén yéu t6 phat trong

truong hop PMC, 5 nhanh so véi chi 2 nhanh trong trudng

Hinh 4. So d u6i dién chusn 24-bus IEEE hgp BMC. Diéu d6 dan dén giai thuat BMC ¢ gidi han
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khéng gian tim kiém thu hep hon, nhung viéc qua rat gon
nay dan dén doi khi loai bd cac két qua cé thé 1a nghiém
cUa bai toan can giai.

That vay, bang 5 cho thdy phan bé cong suat cla cac
nhanh trong cadc mat cit t8i thiéu da tim dugc. Theo dé, cac
nhanh qua tai 8-7 va 10-6 (véi hé s6 qua tai 1a 104% va
133%) da bi loai khoi mat cét téi thiéu trong gidi thuat BMC,
trong khi cac nhanh c6 phan bé cong suat trén dé rat thap,
chdng han nhu cac nhanh 9-8 hodc 10-8 chi hoat déng &
khodng 25% va 14% kha nang tdi tuong Ung, lai dugc bao
gbm trong mat cat téi thi€u cda gidi thuat BMC. Két qua la
céc ca hoi kha thi c6 thé dan dén la nghiém cda bai toan da
bi loai ra khoi khéng gian tim kiém, diéu dé dan dén trong
kich ban BMC-GA khéng tim ra nghiém nhu da thé hién
trén bang 6.

Ngugc lai, véi gidi thuat cai ti€én PMC nhd ¢ xem xét
dén hé s6 phat mang tai cong suat dién nén cac nhanh
mang tai cao, dac biét cadc nhanh qua tai 8-7 va 10-6 da bi
loai trong giadi that BMC néi trén, lai dugc gil lai trong
khéng gian tim ki€ém nhu trong bang 4. D& tur d6 két qua
gidi bai toan GA trong khéng gian gidi han nay da tim dugc
vi tri va cong sudt t6i uu cla cac ngudn ESSs nhu trong
bang 6, d6 1a cong suat 1T0MW tai nit 6 va 30MW tai nut 8.

So sanh vai kich ban AC+ trén bang 6 nhan thay c6 mét
su trung hop vé vi tri [ap dat nguén ESS tai bus 6. Vi kich
ban PMC-GA chi can cong suat 1T0MW trong khi AC+ la
40MW, 16n hon 30MW so véi kich ban PMC-GA. Tuy nhién,
thay vi phai dau tu thém 30MW tai bus 6 thi PMC-GA lai
chon dau tu lugng cong suat nay tai bus 8. Viéc dau tu hai
vi tri ¢6 thé dan dén gia tang vén dau tu ban dau ngudn
ESS, nhung xét géc dd van hanh hé théng dién thi phan tan
nguén ESS ¢ thé mang lai Igi ich nhiéu han nhd xac suat
cung cdp nang lugng nhiéu hon. Hon nira, khi phan tan
nguén ESS cling gidm cong suat tén hao cuc dai trén cac
dudng day truyén tai clia hé théng dién xuéng con 109MW
o0 V&i tén hao cao hon 114MW cla phuong an AC+. Cudi
cung, mac du kich ban PMC-GA ¢6 nhiéu vi tri dat ESS hon
nhung téng dung lugng céng suat clia cdc ngudn ESSs la
khéng déi so véi kich badn AC+ nén hoan toan phu hgp.

Trong khi d6, khi lai hai thuat toan PMC vai GA, khoi
lugng tinh toan giam di rat I6n nhd PMC lugc bd di phan
I6n cac nhéanh chac chan khéng phai la nghiém cta bai
toadn GA. Cu thé trong vi du trén hé théng 24 bus néu trén,
nh& PMC ma s6 nhanh dugc xem xét tinh toan chi con lai 5
nhanh, nhu trén bang 4, trong khi phai khdo sat cad 36
nhanh ddi véi kich ban khong gidi han khéng gian tim kiém
trudc dé. Trong khi d6, khoi lugng phép toan dugc tinh
theo ham ma cda s6 nhanh khdo sat, nén vdgi 7 1an s6
nhanh nhé hon lam gidm di dang ké lugng 16n phép tinh
trong qua trinh tinh toadn bai todn GA, dac biét la véi cac hé
théng dién c6 s6 luong nhanh cao.

4, KET LUAN

Xay dung nguén ESS dang la van dé dugc quan tam cua
toan xa hoi, dac biét la cac nha quan ly van hanh hé théng

Website: https://jst-haui.vn

dién va cac nha dau tu tai chinh, dé giadi quyét su khéng
chéc chan cling nhu cac hau qua trong van hanh hé théng
dién cla su phat trién ting cao ngudn ning lugng tai tao.
Vi vdy, quy hoach TEP va GEP ngay nay luon dat van dé tim
ki€ém vi tri va céng suét t6i uu cho ngudn ESS dé dam bao
cac diéu kién hoat dong va lgi ich nhat cho tat ca cac bén,
ké c3 |gi ich x& hoi.

K&t qua nghién ctru va dé xuat phuong phap lai trinh
bay cu thé trong bai bao nay mang lai hiéu qua la kha cao.
Viéc két hgp gilra thuat MC va thuat toan GA da cai thién
két qua tinh toan trong bai todn quy hoach TEP va GEP,
Nngoai ra viéc dé xuat dua thém yéu t6 phat truyén tai vao ty
trong mat cat téi thiu vao ham muc tiéu ciing lam gidm
thiéu dang ké khéng gian tim kiém cho cac giai doan sau
ma khong lam thay d&i két qua nghiém clia bai toan téi uu
trong bai todn quy hoach TEP va GEP.

Phuong phép dé xuat da thé nghiém trén hé théng
dién chudn IEEE 24-bus, mét trong cac hé théng dién ma
dir liéu thusng dung dé méd phong kiém tra trong cac
nghién cdu vé hé théng dién. K&t qua ching minh dugc
phuong phap lai dugc dé xuat co két qua tuang déng hodc
t6t hon so véi nghién ctu trudc day, nhung hiéu qua hon
nhiéu vé qua trinh va sé lugng phai thuc thi bai toan.

VGi hiéu qua clia phuong phap dé xuat nhu da néu, viéc
tim vi tri lap dat cho cac ngudn ESSs vaGi cOng suat toi uu cd
thé gitp cho cac nha quan ly xay dung quy hoach TEP va
GEP hiéu qua han, khai thac tot nhat nguén nang luong tai
tao. Mat khéac, phuong phap dé xuit c6 thé giup hoach
dinh thi truong dién hiéu qud hon khi dinh huéng duoc
nhing ngudn ESSs va ngudn nang lugng téi tao khi tham
gia vao thi truding. Xa hon nita, né con c6 thé giup nha dau
tu tai chinh yén tam hoach dinh va dau tu cac nguén ESSs.
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