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Abstract: - After the restructuring of the electricity market and turning it into a competitive market where the price of electricity is
determined by the forces governing the market, the cost and supply and demand, price fluctuations in this market have increased. Today,
issues related to predicting the cost of electricity are of great importance, and several methods have been proposed to predict it. Since the
electricity market price model usually has complex features such as instability, nonlinear conditions and high fluctuations, mathematical
and traditional methods are usually not suitable for solving these problems. As a result, artificial intelligence methods have higher accuracy
in predicting the full price. Are in power distribution networks. In this paper, by integrating the artificial bee colony optimization algorithm
and neural network, a new and efficient method for calculating and predicting the cost of electricity distribution network is proposed. In
the proposed method, first the initial weighting of the neural network weights is determined using the particle optimization algorithm and
then in the next step, based on the perceptron algorithm, the final weights of the neural network are updated to calculate the cost of electricity
distribution. After implementing the prediction model developed in this paper, its performance was evaluated and the accuracy of the
proposed method was compared with previous works, and the simulation results showed that the proposed method has a higher accuracy
than previous works.
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l. INTRODUCTION

Today, energy consumption management and distribution is of particular importance among all countries in the
world. Awareness of the energy consumption process is important for many managers and economic and political
planning. Due to the social and economic sensitivities of energy and the high use of fossil resources, countries are
looking for ways to reduce energy consumption and production costs and to manage and optimize consumption[1].

In the previous structure of the electricity industry in most countries of the world, the tasks of generating,
transmitting and distributing electricity were the responsibility of complex and mostly state-owned electricity
companies[2]. The increase in the demand for power in recent years in many countries has caused these companies
to not be able to effectively respond to this increase in demand, as a result of blackouts, power outages and
equipment malfunctions, etc. in many countries and consequently That cost of electricity went up sharply during
the peak period. At the same time, with the economic growth of the countries, which led to an increase in the
amount of energy they needed, the issue of quality of power and reliability became important. It was no longer
possible to provide all electricity services, including production, transmission and distribution by one company,
economically and competitively, and independent companies were formed in each sector of the electricity
industry, including production, transmission and distribution partners[3].

In many countries of the world, the production sector in the electricity market has been competitive, and its future
strategy in the retail sector is to become competitive. In the new structure of the electricity industry, electricity
distribution companies, which are currently in charge of operating the distribution and energy sales network, must
competitively purchase electricity from Regional Electricity and provide it to various customers, both domestic
and commercial. And sell industrial. Creating competition in buying and selling electricity will increase efficiency
in the distribution sector and help the country's electricity industry achieve its goals[4].
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In systems with integrated vertical structure, power generation, transmission and distribution units are exclusively
controlled by the government or an exclusive entity that is responsible for monitoring the monopoly market and
even determining the exclusive prices. In unstructured power systems, consumers bought energy from distribution
companies that were exclusive[5]. These consumers received their energy only at prices predetermined by the
system operator. Manufacturers also produced the energy required by the power grid only at prices specified by
the system operator and under traditional contracts and tariffs. In such power systems, network losses were very
high. With the restructuring of the electricity industry and the entry of electricity as a commodity into competitive
markets for electricity, consumers have direct access to the local distribution system and can choose their own
manufacturer[6].

The presence of scattered production units has provided an economic opportunity for the distribution company to
increase its profits by buying surplus electricity at a price lower than the purchase price of electricity in the
wholesale market. On the other hand, these companies can reduce energy losses and make a financial profit by
properly capaciting the distribution network in addition to improving the voltage profile and releasing the existing
equipment capacity[7].

With the advent of smart power distribution networks, the simultaneous prediction of load and price in the market
is a serious challenge[8]. In practice, price and demand forecasting in smart distribution networks is particularly
complex due to the influence of various non-linear factors such as weather conditions, daily and weekly changes,
and the dependence of price and demand on each other[9].

In competitive electricity markets, the price of electricity is a key factor in determining short-term operating plans
and tender strategies. So many data-driven methods have been proposed to model electricity market forecasting.
The results of these predictions have an error of about 5 to 36 percent, which is different due to the different
methods used for forecasting and the different analyzes that are done from the market. This error range is large
compared to the short-term load prediction error range, which is about 1 to 3 percent.

Various factors cause the accuracy of electric energy price prediction models to decrease. The unpredictable
forced exit of production units, variable and complex price models, the integration of energy production resources,
the implementation of load response programs to increase reliability all make it impossible to offer an accurate
model for fluctuations and changes in electricity prices[10].

Previous research has shown that existing models try to predict the price of electricity in the coming hours and
close to the formation of real (instantaneous) prices. However, not all market participants need to know the exact
price in the future in their decision-making processes. For example, after the introduction of smart grid technology
and new market designs, it is expected that with the interaction of the demand side, home, commercial and
industrial levels will have a wide presence in the market. Due to the inactive nature of many electrical loads,
especially at the residential level, when the price is higher than a certain level (threshold), participants in the
demand side market may react at first, but beyond if the price is higher. It is considered insignificant for the
consumer and the consumer still consumes electricity despite the fact that the price is very expensive. In addition,
many load response programs may have a specific price for certain hours. Another decision based on the minimum
price is when the facilities at the power plants buy energy from the network for domestic use, and the market price
is less than the cost of their production.

In this type of application, where the exact value of the price is not a priority, the price forecast can be reduced as
a sub-problem to determine the price. Some research is based on the premise that short-term price classification
methods can replace numerical price forecasting. In the classification, according to the initial data and price
targets, the price is classified into two categories above the threshold or below the threshold.

Data mining in developed and developing countries is one of the hottest and most used topics. Also, many
developing countries are using intelligence from developing countries to intelligentize their organizations with
data mining. New knowledge of data mining as the newest and best method of problem solving, using advanced
combined algorithms and through intelligent decision-making process in the evolution of the power industry and
water and electricity in developed countries has a special and vital place. The use of new data analysis methods
such as data mining is very important for the databases of this industry and therefore today the knowledge of data
mining plays an effective role in all small and large issues and planning of water and electricity industry.
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Numerous data mining methods have been proposed to predict the cost of a power distribution network. One
effective way to calculate the cost of electricity is to use neural network-based methods. Due to the fact that in
the MLP neural network learning method, the initial weighting is done randomly, it is possible that if the initial
weights are far from the optimal weights, or the convergence time is prolonged, or it is possible to achieve the
optimal weight at all. Do not provide a place. As a result, primary weights need to be produced non-randomly and
purposefully. Therefore, in this dissertation, it is suggested that instead of randomly generating primary weights,
artificial bee colony algorithm be used for this purpose.

The reminder of the paper is organized as follows: Section 2 gives a brief review of previous works. The proposed
method is presented in Section 3. The experimental results on well-known dataset are reported in section 4 and
finally, section 5 concludes the overall work.

1. RELATED WORKS

Electricity price forecasting is crucial for decision makers to arrange bidding strategies and develop appropriate
products, it has been one of the main efforts of energy market researchers and practitioners. However, electricity
price prediction has volatility, it can be affected by multiple factors, such as holidays, temperature, festival and
season. Moreover, due to fluctuations, unbalanced power resources may lead to increased power loads and higher
electricity prices [11, 12]. In recent years, many researchers have demonstrated that power-related predictions are
a daunting task because power demand depends to a large extent on many factors [13-15]. Weron [16] pointed
out that electricity price forecasting methods can be roughly classified into five categories: statistical approaches,
computational intelligence techniques multi-agent models, fundamental methods and reduced-form models,
among which statistical methods and computational intelligence techniques are most commonly used.

Previous statistical methods used in electricity price forecasting include exponential smoothing methods, AR-type
time series models just like the well-known AutoRegressive Moving Average (ARMA), AutoRegressive
Integrated Moving Average (ARIMA), and Generalized AutoRegressive Conditional Heteroskedastic (GARCH).
Tan et al. [17] proposed a method of electricity price prediction using WT combined with ARIMA and GARCH,
and verified in the PJIM and Spanish power markets. Dong et al. proposed a hybrid model based on Empirical
Mode Decomposition (EMD), Seasonal Adjustment (SA) and Autoregressive Integrated Moving Average
(ARIMA) and tested it on electricity price dataset from New South Wales in Australia [18]. However, many
statistical methods always focused on combining historical data with current data using a mathematical
combination approach and limited to handle complex or nonlinear time series problems.

Computational intelligence methods have elicited widely attention for its outstanding performance in handle
complex and nonlinear problems. In terms of electricity price forecasting, traditional machine learning has
achieved many impressive results, of which extreme learning machine (ELM), support vector machine (SVM)
and artificial neural network (ANN) are widely used. The author of [19] used artificial neural network (ANN) and
hybrid model of ANN combined with clustering algorithm for Day-ahead price forecasting. ELM coupled with
wavelet technique was used by Shrivastava et al. [20] to improve the forecasting accuracy as well as reliability
based on the dataset from Ontario, PJM, New York and Italian Electricity markets. A multiple support vector
machine (SVM) based mid-term electricity market clearing price forecasting model is proposed by Yan et al. [21]
and the PJM interconnection data are used to test the proposed model. With the rapid development of artificial
intelligence, deep learning has attracted considerable attention for its outstanding performance in language
modeling, speech recognition, and natural language inference. Compared to traditional machine learning methods,
deep neural networks can analyze deep and complex nonlinear relationships through hierarchical and distributed
feature representations. Recurrent neural network (RNN) is a powerful deep learning method for processing
sequential data such as sound and stock market, which differ from the traditional feedforward networks in the
sense that they don't only have neural connections on a single direction, in other words, neurons can pass data to
a previous or the same layer. However, due to the existence of “long-term dependencies”, the traditional RNNs
encountered obstacles to the study of time series analysis.

Long Short Term Memory networks e usually just called “LSTM” are a special kind of RNN, capable of learning
long-term dependencies. They were introduced by Hochreiter & Schmidhuber (1997), and were refined and
popularized by many people in many areas. They work tremendously well on a large variety of problems, and are
now widely used in sequence analysis, speech recognition and natural language processing. The author of [22]
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has forecasted the volatility of stock price index with hybrid model of LSTM and multiple GARCH, In Ref. [23]
, Liu et al. predicted the wind speed with the hybrid model of empirical wavelet transform (EWT), EIman neural
network and LSTM. Long Short Term Memory networks are explicitly designed to avoid the long-term
dependency problem. Remembering information for long periods of time is practically their default behavior, not
something they struggle to learn.

The actual electricity price data is nonlinear and non-stationary. Peng et al. [24] has adopted differential evolution
(DE) algorithm to identify parameters for LSTM while predicting electricity prices, and experimentally verified
that Long Short Term Memory networks have a clear advantage in accuracy of electricity price forecasting over
some statistical approaches and traditional computational intelligence methods, mainly because it can better
capture features and deal with the irregularities in electricity prices. The method based on stochastic gradient has
core practical importance in the field of deep learning optimization, which plays a key role in the accuracy of
prediction. Adam is one of efficient stochastic optimization that only requires first-order gradients with little
memory requirement it has combined the advantages of two popular methods: AdaGrad [25], which works well
with sparse gradients, and RMSProp [26], which has an excellent performance in non-line and non-stationary
settings. It's easy implementation, little memory requirements and appropriateness for non-stationary make Adam
an effective and efficient algorithm that has been used successfully in previous studies [27-29]. It can achieve the
goal of optimizing the deep learning model by finding a series of parameters to minimize the objective function.
Therefore, the Adam optimized LSTM neural network is considered as a powerful tool to predict electricity price.

The wavelet transform, denoted as WT, is a data processing method that provides very useful decomposition
information in the time domain and frequency domain, making it suitable for analyzing non-stationary signals
such as time series. It combines many other models to form a hybrid model to improve the performance of the
model, which is reflected in many previous literatures [30, 31]. Yang et al. [32] presented a hybrid model,
combining wavelet transform, ARMA and kernel-based extreme learning machine methods for electricity price
forecasting on the dataset from PJM, Australian and Spanish markets; The author of [33] suggested a hybrid
method that combined the WT, the Gravitational Search Algorithm and LSSVM and evaluated by using electricity
price data from Iran’s, Ontario's and Spain's price markets.

1. PROPOSED METHOD

In this section, a novel data mining method is proposed by integrating the Neural Network with Artificial Bee
colony (NNPSO) to predict and calculate the cost of electricity in a distribution network. In the reminder of this
section, the details of the proposed method are explained.

preprocessing

The importance of data processing is very important and vital in data mining processes, so that in many cases, a
good pre-processing can make it easier to continue data mining processes. In fact, since data is usually sourced
from sources that produce or store data regardless of the data mining process, the data needs to be prepared
according to the circumstances and the problem, to the appropriate data for injection into data mining algorithms.
To prepare data, we need to take it out of its original form and turn it into a form suitable for the algorithm. Also,
existing data usually has different redundancies that may cause the algorithm to fail.

Data preprocessing is a data mining technique involving the conversion of raw data into comprehensible data and
is in fact an important step in the process of solving machine learning problems. In the real world, data is often
incomplete, incompatible, and without certain behaviors or tendencies, and is likely to be accompanied by a large
number of errors. Data preprocessing is a proven way to solve these problems. Most machine learning datacenters
need to be processed and formatted so that machine learning algorithms can be taught by them. Data preprocessing
prepares raw data for subsequent processing.

In some of these data sets, different attributes have different values. In this case, features that have a larger range
of values may override features that have a smaller range of values and may be more likely to be selected. To
solve this problem, all different data sets are normalized before the feature selection process begins. In this
dissertation, nonlinear scaling technique is used to normalize data sets. Using this technique, all data values in the
dataset are normalized from zero to one. Normalization of features is done using the following formula:
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where, w;; is the j-th features of i-th data is dataset, and w and o show the mean and standard deviation for all
data in the dataset, respectively.

Generate neural network

Pattern recognition and classification is one of the most important applications of statistical methods in various
sciences. One of the main goals of modeling and classification in statistics is to predict based on existing facts
and variables and available information on a specific topic. In statistics, this task is mainly based on methods such
as regression, audit analysis, time series, classification, tree regression.

Statistical classical methods for modeling relationships between variables have a number of assumptions and
limitations. Consideration of a default distribution such as normal distribution for response variables, linearity of
the proposed relationship, uniformity of variance of errors, etc. are among the limitations of classical methods
that when using these methods, if real data, conditions Assuming they do not have the model, the use of these
methods is not possible or is accompanied by a significant error. In addition, none of these methods have the
ability to model complex nonlinear relationships and high-degree interactions. The greater sensitivity of these
models to missing observations and discarded data is another limitation of these methods.

Therefore, there is a need for methods that face fewer limitations in this area. Meanwhile, neural network models
can be one of the most suitable methods. Artificial neural networks, or more simply neural networks, are new
computational systems and methods for machine learning, demonstration of knowledge, and applied knowledge
to overstate the output responses of complex systems. The main idea of such networks is inspired by the way the
nervous system works, to process data, and information in order to learn and create knowledge. The key element
of this idea is to create new structures for the information processing system.

In this paper, a multi-layered neural network will be used to predict and calculate the cost of electricity in a
distribution network. Multilayer neural networks are one of the most widely used types of neural networks that
have a great ability to solve many problems. One of the most important and widely used of these networks is the
Multilayer perceptron neural network, which uses a post-release training algorithm to train the network. In the
following, we will briefly introduce the structure and training algorithm of this network. The general structure of
a post-diffusion multilayer network is shown in Figure 1.

Fig 1. The structure of a multi-layer neural network with a hidden layer

The neural network shown in Figure 1 shows an input layer (X neurons), a hidden layer containing hidden units
(Z neurons), and an output layer (Y neurons). As can be seen in this figure, the output units and the hidden units
can also have bias. The number of neurons in our input layer in this dissertation will be equal to the number of
input data in our problem. For example, if the number of input data in our problem is 5 attributes, the first layer
of the neural network will also have 5 neurons. Also in the middle layer we have hidden neurons. In most cases,
the prediction of 10 to 20 neurons will be appropriate. In this dissertation, the initial performance of the network
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was examined in a number of initial repetitions, and in the end, based on the initial answers, it was concluded that
10 neurons in the hidden layer will have the best performance. Also, in the output layer, we will have the number
of outputs of the neuron problem. Due to the structure of our problem and its output, the hidden layer will have a
neuron.

Learning a perceptron neural network involves three steps: feed forward training pattern, then back forward
related error, and adjusting the weights. In the forward step, each X; input unit receives an input signal and sends
this signal to each of the Z,..., Z, units. Each hidden unit then calculates its activation and sends its signal, Z;, to
all output units. Each Y output unit calculates its activation (equal to yk) to form the network response for the
input pattern provided.

The first step in learning the neural network is the initial weighting of the grids in the network. Due to the fact
that in the MLP neural network learning method, the initial weighting is done randomly, it is possible that if the
initial weights are far from the optimal weights, or the convergence time is prolonged, or it is possible to reach
the optimal weight at all. Do not provide a place. As a result, primary weights need to be produced non-randomly
and purposefully. Therefore, in this dissertation, it is suggested that instead of randomly generating primary
weights, an evolutionary optimization algorithms be used for this purpose.

Evolutionary algorithms have advantages over other optimization algorithms that have led to their widespread
use. These algorithms, for example, do not require a complete introduction to the problem and can only work with
a little information about the definition of the problem. They also have no restrictions on the competency function
and do not need to be derivative.

In addition, because evolutionary algorithms have a population of organisms and work in parallel on different
parts of the population, they are less likely to be in local optimizations. This feature of evolutionary algorithms
allows optimization work to be performed in parallel on multiple sections of the population.

The artificial Bee Colony algorithm (ABC) is an optimization algorithm based on swarm intelligence and
intelligent behavior of the bee population that simulates the food search behavior of bee groups. In the early
version of this algorithm, it performs a kind of local search that is combined with a random search and can be
used for hybrid optimization or functional optimization. This Sl-based algorithm has been utilized in many studies
to search for the optimization problem.

An important difference between the ABC algorithm and other algorithms based on collective intelligence is that
in the ABC algorithm the possible solutions represent the same food sources, whereas in algorithms such as the
PSO, each solution may represent an individual from a group.

The implementation of the ABC algorithm to predict and calculate the cost of electricity in a distribution network
mainly includes the particle encoding, initial population generation, fitness function calculation, particle position
and velocity updating, and stopping criterion. The additional details of these steps are described in the following
subsection.

Food Sources encoding:

In the proposed method, each food source in the population represents a candidate solution to the initialization of
neural network weights problem. In representing the problem of the initial value of the weights in the neural
network, each food sources in the ABC algorithm must specify all the initial weights. As a result, the dimensions
of each food sources will be the same as the initial weights of the network.

Initialization:

At this step, F food sources should be generated as the initial population. The initial population generation is
essential for the convergence speed and the quality of the solution of the ABC algorithm. During the initialization
of ABC, as no prior knowledge is available, the initial food sources are generally determined by random
initialization.

Fitness function calculation:

At this stage, the feedforward error in the neural network will be used as the measurement fit of each particle.
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Food source updating:

At each step, the position and velocity of each particle are updated. Two criteria are used to do this. The first is
the best position the particle has ever reached, known as the pbest, and the second is the best position ever obtained
by the particle population. This position is displayed with gbest. In the particle optimization algorithm, each
particle is displayed in the search space with the x; vector. It also has a velocity of v, which is indicated by the
vector v;. In each repeated iteration, the velocity and location of each particle are measured using the following
equations.

Xj; = Xj5 + 05 (Xi5 — Xi) )2(

Here, @;; is a random number in the interval [1,1-] that controls the production of the position of neighboring food
sources around x;;. In this equation, the variable K is also generated randomly and must be different from i.

According to this equation, as the difference between x;; and x,; decreases, the deviation from the position x;; will
also decrease. In fact, in this regard, we try to select one of the dimensions of one of the positions and move
towards it or in the opposite direction according to the value of @;;.

Stopping criterion

At this step, the termination condition is checked. If the number of iterations is not more than the maximum
allowed iteration, fitness function calculation, food source updating will be repeated. Otherwise, these steps will
be stopped, and the global best position reported as the final feature set.

V. EXPERIMENTAL RESULTS

In this section, four cases are enumerated to verify the performance of the proposed hybrid model. In case 3, we
use the latest price data to verify the superiority of the proposed model, and the other two cases are compared with
the recently published publication using proposed method. As shown in Table 1.

Table 1. Case study

Data Sources Date of price
Case 1 New South Wales January 2014-December 2014
Case 2 New South Wales January 2014-December 2014
Case 3 France, New South Wales September 2017-September 2018

Case 1:

After determining the parameters of the LSTM model, it is crucial to choose a suitable optimizer for it. There are
many optimizers available to optimize the LSTM neural network for better performance. Among them, SGD,
RMSprop and Adam are more commonly used for time series prediction. To find the optimizer that is most
suitable for the LSTM neural network, three optimizers SGD, RMSprop and Adam are used for comparison, and
electricity price data for New South Wales from January 2014 to December 2014 is used to demonstrate the fitness
of different optimizers for the LSTM model. During the 12 months, the last day of each month data is used as a
test set to verify the quality of the model, all data containing 30 days or 29 days or 27 days before the test set is
used as the training set. Three loss functions, RMSE, MAE and MAPE, are used to evaluate the accuracy of the
LSTM model under different optimizer optimizations for electricity price prediction. The average results are
shown in Table 2. As a kind of stochastic gradient-based optimizer, Adam shows better fitness with LSTM than
other optimizers.

Table 2. Comparison of different optimizers for LSTM neural network models.

RMSE MAE MAPE
SGD-LSTM 2.87 2.10 2.34
RMSProp-LSTM 2.94 2.16 241
ABC Neural Network 2.63 1.86 2.21
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Case 2:

In this case, electricity price data from New South Wales for 12 months in 2014 is adopted, which is exactly the
same as the data used in Ref. [32], in which, a hybrid model, combining wavelet transform, statistical method
ARMA and kernel-based extreme learning machine is considered to predict the electricity price on the last day of
each month in NewSouthWales 2014. During the 12- month period, the last day of each month data is used as a
test set quality of the model, and all data containing 30 days, 29 days or 27 days prior to the test set is used as the
training set. Just like what [32] did, MAPE, U1 and U2 is used to enable a fair comparison. As the Case 1 did, the
training set is smoothed and standardized before all data is used, and the Adam optimizer is used to optimize the
performance of the proposed model in terms of electricity price forecasting. As shown in Table 3, the proposed
model is compared to Yang's model [32].

From the results in Table 3, we can see that the 12-month MAPE averages from Yang's model [32] and the
proposed model are 3.74, and 2.26, respectively. Compared with Yang's method, the error is reduced by 1.48%.
In addition, Table 3 also shows two statistical measures U1 and U2 calculated from the proposed method and the
comparison methods. U1 values by proposed methods are close to zero, denoting good prediction accuracy of
proposed model, moreover, in all the comparison methods, the proposed model has the smallest average value of
U1. In addition, the value of U2 of the proposed model is much smaller than 1. All results show that the proposed
method has the best predictive performance.

Table 3. Comparison of different optimizers for LSTM neural network models.

Proposed method Yang's model [32]
Ave (MAPE) 2.26 3.74
Ave (U1) 0.0145 0.0225
Ave (U2) 0.1845 0.2908

Case 3:

To fully illustrate the outstanding performance of the proposed model in electricity price forecasting, we have
compared the proposed model with the recently published publication [34], which used differential evolution (DE)
to optimize LSTM models, denoted as DE-LSTM, to predict electricity prices and validate them in the Australian
and French electricity markets. Just as what the author of [34] did, the first 100 points of electricity price in France
in September 2017 and electricity price of New South Wales in May 2013 are obtained to verify the performance
of proposed model.

To enable a fair comparison, as the dataset appeared in Ref. [34], the first 100 points of electricity price in France
in September 2017 are divided two subsets: training set (first 80 points) and test set (20 points). Then the dataset
is normalized and Adam is selected as the optimizer for LSTM (The training set is not smoothed because there
are no outliers in the training set) three loss functions, RMSE, MAE and MAPE, are used to evaluate the accuracy
of proposed model and DE-LSTM [34]. The comparison between the proposed method, DE-LSTM [34] and
Adam-optimized LSTM is shown in Table 4, and the actual value and predicted price are shown in Fig. 5. As can
be seen in Table 4, the author [34] lists different cases based on this dataset for electricity price forecasting, the
minimum error of these cases are 3.65% (MAPE), 1.76 (RMSE) and 1.43 (MAE), which is higher than the
proposed model by 1.56 (MAPE), 0.68 (RMSE), 0.69 (MAE) respectively.

Table 4. Methods comparison of MAPE (%), RMSE and MAE in France, September 2017.

Proposed method DE-LSTM [46] Adam-optimized
LSTM
Ave (MAPE) 2.09 3.65 3.64
Ave (RMSE) 1.08 1.76 1.67
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Ave (MAE) 0.74 1.43 1.38
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Fig 2. Actual electricity price and predicted price of NSW in May 2013 (24-step-ahead (1 day ahead)).
V. CONCLUSION

In recent decades, the world's electricity industry has undergone many changes. The performance of this industry
in different countries is gradually giving way from a monopolistic structure to a competitive one. In some
countries, this restructuring has begun with the competitiveness of the manufacturing sector, and in others, such
as India, with the competitiveness of the distribution sector, and gradually other sectors of the electricity industry
have become competitive. In competitive electricity markets, the price of electricity is a key factor in determining
short-term operating plans and tender strategies. So many data-driven methods have been proposed to model
electricity market forecasting. Numerous data mining methods have been proposed to predict the cost of an
electricity distribution network. One effective way to calculate the cost of electricity is to use neural network-
based methods. Due to the fact that in the MLP neural network learning method, the initial weight gain is done
randomly, it may be that if the early initial weight is far from the optimal weights, or the convergence time is
prolonged, or the optimal weight gain is not at all spatial. As a result, primary weights must be produced non-
randomly and purposefully. Therefore, in this dissertation, it is suggested that an artificial bee colony algorithm
be used for this purpose instead of randomly generating primary weights. Implementing the proposed method and
comparing its performance on three different data sets showed that the accuracy of calculating and predicting the
proposed method was superior to other methods and has less error.
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