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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

76 76

75.8

:
z [}
73_(!'."!§"
. .
s

Ll
. : . &
i RN
75.5 L

-e
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
T

€
. .
we e eee
.

~

5

(ST
-

~
)

o ees o
o

ess value (M$/year)

Fitn
[
.;_
>

Fitness value (M$/year)

74.5

74 74
1 2 3 45 6 7 8 9 1011 1213 14 1516 17 18 19 20 L 2 3 456 7 8 910111213 14 15 16 17 18 19 20

Generation Generation

(a) GA (b) LSTM-GA
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 111-114 MW, while other scenarios vary from 95 MW to 114 MW.
Thus, adopting wind power output from the LSTM-GA scenario enhances efficiency in the
electricity market, with bidding capacities around 64 MW for bus five and 51 MW 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 thong minh nhin tao véi bién doi gen
dé toi wu nguon dién gié trong thi trwong dién

Bai bdo nay dé xudt mét phwong phdp lai manh mé dé toi wu héa loi ich trong
diéu kién bat loi do sw bat dinh cia nguén dién gio khi chung tham gia vao thi truong
dién canh tranh. Thudt toan lai cong sinh boi mot thudt toan thong minh nhan tao
ae nang hiéu qua 16i wu héa cua thudt todn tién hda. Két qua thudt toan lai moi da
cdi thién dang ké téc do toi wu héa va virot qua duoc cac cuc tri dia phuong de mang
lai két qud 16i wu toan cuc thudn loi hon. Thuc nghiém trén hé thdng dién chudn
IEEE 30-bus va so sanh véi nghién citu truwde ddy ciing nhie thudt todn tién héa goc
cho thay loi nhudn dién gié cao hon ro rang o thudt todn dé xudt. Dya vao két qua
thir nghiém, mé hinh lién két nguon dién gié voi nguon nhi¢t dién cing dwoc minh
chitng mang lai it rii ro boi thuong do sw khong chdc chan béi toc do gio nén on
dinh thi trwong dién va ndng tam an ninh ning heong. Khuyén khich céng sudt dién
gi6 161 wu chdo ddu thau trén thi truong dién trong truong hop nay nén giam 15%
dén 18% so véi ky vong cua dv doadn dé dat duoc loi ich tot nhat.

Tir khéa: Thuat toan t&i wu; Tri thdng minh nhan tao; Long Short Term Memory; Thuét toan bién déi gen; Trang trai
dién gio6; Thi truong dién.

34 D. N. Sang, T. V. Anh, N. T. Linh, “A robust hybrid algorithm Al ... in electricity market.”



