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the precise prediction of electrical load in local networks, which consist of a diverse
mix of residential, commercial, and industrial consumers. This paper proposes a
hybrid approach combining neural networks and wavelet transform to accurately
forecast the load of distribution networks. The model utilizes electrical load data
from the Qom province distribution network to train and evaluate the prediction
system. The wavelet transform is employed for multi-resolution analysis, enabling
the model to capture both short-term and long-term patterns in the load data. The
neural network's parameters, including the filter type, window length (the number
of past data points used for forecasting), and the number of hidden layers, are
optimized using the E. coli bacterial foraging algorithm. This optimization

technique helps minimize forecasting errors by identifying the most effective
configuration for the neural network model. The proposed hybrid model aims to
improve forecasting accuracy compared to traditional methods by effectively
addressing the complexities of load prediction in distribution networks. The results
demonstrate the potential of this integrated approach for enhancing load forecasting
and supporting more efficient consumption management in local electrical grids.

Term Forecasting, Neural Network.

1. INTRODUCTION

Load forecasting is a crucial issue in the operation and design of electric power generation units. Electric power
generation units utilize load forecasting to control the number of active units in order to reduce operational costs.
Short-term load forecasting (STLF) is typically used for hour-by-hour predictions and is important for the daily
maintenance of power plants. Additionally, load forecasting can lead to more effective performance in setting prices
for the electricity market [1-14]. Various methods exist for forecasting, which can be broadly categorized into three
main groups: time series, artificial intelligence-based methods, and hybrid methods.
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In the time series-based method, regression is initially used to estimate the parameters of the time series and
obtain the residuals. Subsequently, various processes are employed to optimize the regression and minimize the
error. Increasing the accuracy of forecasting with the time series method requires increasing the order of the series
to ensure forecasting accuracy in cases where there are significant changes in the input signal, which leads to
increased computational complexity [4, 5].

The use of artificial intelligence is also one of the methods explored for load forecasting. In [2], dynamic neural
networks are employed for daily consumption forecasting. The proposed model is implemented on the French
transmission network system, and the efficiency of the proposed algorithm is evaluated. Selecting appropriate data
for training neural networks is one of the challenges of this forecasting method, particularly when there are
significant variations in the input signal. To mitigate this issue, the number of hidden layers in the network can be
increased or the neural network can be combined with fuzzy logic, both of which increase computational complexity
[9-11].

In reference [6], methods for net load forecasting and its importance for power network operation and
management with a high penetration rate of renewable energy sources are discussed. Load forecasting enables the
integration of microgrids and macrogirds. Net load specifies the exact amount of loads transferred within the
network, which is crucial for the connection of connectable networks. In this paper, two different approaches are
examined: first, the integrated load forecasting model, and second, the incremental load forecasting model. The
proposed method is tested in a microgrid with a 33% penetration rate for solar energy. In reference [14], a hybrid
method utilizing an improved neural network based on a nonlinear structure for training and learning, and the
combination of a bee colony algorithm for finding the best weights to minimize the mean squared error of the forecast
is used.

In this research, the objective is to achieve a combination of wavelet transform and neural networks capable of
accurately forecasting the load of distribution networks. The data used in this model is electrical load, and the wavelet
technique is employed. The model consists of two stages: data preprocessing and data forecasting. The reason for
using wavelet transform is to perform multi-resolution forecasting; data is divided into two parts with high variations
(details) and low variations (approximation), and two different neural networks with varying computational
complexities forecast these two signals, thus improving the accuracy of the details signal prediction. The neural
network is utilized for data forecasting. To achieve an optimal response, the number of neural networks required for
forecasting is determined by the number of wavelet transform stages, the type of high-pass and low-pass filters in
the wavelet transform, using the bacterial foraging optimization (BFO) algorithm. To ensure the practical application
of the research, load data from the Qom distribution network is used for this purpose.

2. FORECASTING METHODS

In this section, linear forecasting methods are examined as time series-based forecasting methods, and neural
network methods are explored as artificial intelligence-based forecasting methods. The governing equations for these
methods are derived, followed by the presentation of the proposed hybrid method.

2.1. Linear Forecasting

The linear forecasting method is a powerful technique for predicting time series in a time-varying environment.
A time-varying process is one in which the function estimating its measured parameters changes over time. This
means that the measured parameter of such a process cannot be represented by a single mathematical function over
the entire period; instead, the equation must be updated over specific time intervals. Electricity price data are
typically time-varying processes. The linear forecasting model represents the time series of signal samples over a
specified time interval:

y(t+T)=a1.y(t)+a2.y( —T)+ et —(m—l).T) (1)
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The coefficients aj,a,,...,am are the linear prediction coefficients, m is the order of the model, T is the sampling
time, y(t+T) is the future sample, and y(t), y(t-T), ..., y(t-mT) are the current and past observations. In Equation
(1), the output function is a linear combination of the current and past samples; therefore, this function is called a
linear prediction function. This equation is also referred to as a difference equation. Considering the error,
Equation (1) can be expressed in matrix form as Equation (2).

(1) we-1)  ye-21) - He-mT) a elr) )
y(f_—T) _ y(ffZT) y(f—(”_l“)f) NN e(f_—T)
k)| |- (1)) o T | | | ele—sr)

The above equation can be represented in the following matrix form:

3)
Y=pxA+E.
The elements of matrix A are coefficients that can be determined using the method of least squares error.
1 4
A :((pT.(p) oY, @)

In the above equation, q)T is the transpose of matrix ¢, and (¢T.@)™! is the inverse matrix.

2.2. Neural Network Prediction

Artificial neural networks are models for information processing that are designed to mimic biological neural
networks, such as the human brain. To train a neural network, it is sufficient to optimally calculate the values of
weights and biases. Typically, the goal of training is to enable the network to produce the desired output for a given
input. These networks are capable of curve fitting and pattern recognition. It is proven that a simple neural network
can accurately model almost any arbitrary nonlinear function with a finite number of discontinuities.

Load
History

Calendar
Information

Forecasted
Load

Weather
Information

Fig. 1. Structure of the neural network for short-term prediction [5]

The selection of appropriate data for training the neural network is itself a challenge in the prediction method.
The data must be chosen to ensure the optimal performance of the predictor. Other factors influencing the
performance of this predictor include the number of hidden layers and the number of inputs (the number of previous
data points used to predict the next step). Therefore, to ensure adequate accuracy when the input data changes
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significantly, it is necessary to consider a larger number of layers and inputs. However, this computational burden
is not required when the changes are minimal. Consequently, this paper proposes a multi-resolution prediction
method based on wavelet transform.

2.3. Neural Network Prediction

The proposed algorithm consists of two main parts: data preprocessing and data prediction. In the data
preprocessing phase, the consumption load data of the distribution network is decomposed into approximate and
detailed components using wavelet transform along with low-pass and high-pass filters. The approximate
components contain the distribution network consumption data with less variation, while the detailed components
capture the data with significant variations. During the data prediction phase, these different components are
independently predicted using the neural network prediction algorithm. Finally, the predicted distribution network
consumption load is obtained by summing these individually predicted data components. Figure 2 illustrates the
structure of this proposed algorithm.

Wavelet transform is a variable-sized windowing technique. Wavelet analysis enables us to achieve high accuracy
for low-frequency information over long time intervals and to meet the need for high-frequency data over shorter
intervals. Multi-resolution analysis refers to the examination of a signal at different frequencies with varying
resolutions. Unlike the short-time Fourier transform, multi-resolution analysis does not treat each frequency
component uniformly. The objective of multi-resolution analysis is to provide suitable temporal resolution and
coarse frequency resolution at high frequencies, and conversely, good frequency resolution and poor temporal
resolution at low frequencies. The application of wavelet transform yields two versions of the initial signal, one
high-pass and the other low-pass, each with a reduced (halved) length, obtained as follows:

Y uan k1= x[n].g[2k —n]

5
Vi [K1= x[n1.h[2k —n] )

The output coefficients of the low-pass filter follow the initial shape of the signal; hence, these coefficients are
referred to as approximations. Additionally, the output coefficients of the high-pass filter capture the high-frequency
details of the signal, which is why these coefficients are called details. As the number of transformation stages
increases, the amount of detail decreases.

The predicted data consists of two parts: the first part approximately predicts the consumption load of the
distribution network for the next step, and the second part predicts the consumption load of the distribution network
in detail. The wavelet transform filtering can be multi-staged. The type of wavelet transform filter is particularly
important as it can affect the prediction system's performance.

The type of wavelet transform filter significantly impacts the separation of frequency components and can
influence the accuracy of short-term predictions. Considering the existence of various filters in wavelet transform,
both low-pass and high-pass, with common filters numbering around 50 types, and given the wavelet transform's
decomposability up to several stages, there are many options for selection. Thus, it is necessary to use an intelligent
search algorithm to determine the type of wavelet filter and its degree.
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Fig. 2. The structure of the proposed algorithm (short-term prediction using wavelet transform and neural network).
3. OPTIMIZATION BY E. COLI BACTERIAL FORAGING ALGORITHM

The Bacterial Foraging Optimization (BFO) algorithm is a type of dynamic simulation of the optimization
behavior of E. coli bacteria within the human body, discovered by Kevin Passino. This has enabled scientists to
model biological activity as an optimization process. The optimization strategy can be explained through four
processes: chemotaxis, swarming, reproduction, and elimination/dispersal. Compared to other optimization methods
such as Genetic Algorithm (GA) and Particle Swarm Optimization (PSO), the E. coli Bacterial Foraging Algorithm
has lower computational complexity and faster convergence speed, making it a suitable option for this purpose [5].

In this paper, the objective is to optimize the type of low-pass and high-pass filters and the decomposition level
of the wavelet transform using the Bacterial Foraging Algorithm to achieve minimum prediction error in the
consumption load of the distribution network. The selectable filters include 50 different types, which are referenced
in Chapter Four. Additionally, for better analysis, the types of low-pass and high-pass filters are considered
independently and are selected based on the Bacterial Foraging Algorithm. Figure 3 illustrates the overall
optimization system algorithm.

4. SIMULATION

To evaluate and compare the performance of the proposed predictor, the following methods have been simulated:
1) linear predictor, 2) neural network predictor, 3) neural network-wavelet transform predictor. These predictors
have been used for short-term prediction of the consumption load of the distribution network. The data used for the
prediction is the daily consumption load data of the Qom province distribution network, sampled at an hourly rate.
Figure 4 shows the chart of these data.
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Fig. 3. The structure of the optimization algorithm for the proposed wavelet-neural system.
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Fig. 4. Average daily consumption load data of the Qom distribution network over 15 months.
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To evaluate the performance of the prediction methods, the following four metrics are assessed:
1. Maximum Error (ME).

2. Maximum Percentage Error (MPE).

3. Mean Absolute Percentage Error (MAPE).

4. Mean Squared Error (MSE).
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The Maximum Error is the largest prediction error for the test dataset, defined as follows in Equation (6):

ME =max(Load ,,,, —Load predicted ) ©

The Maximum Percentage Error (MPE) is defined as follows:

adactual —Load

Load

_ Lo predicted
MPE = max( )x100 @)

actual

The Mean Absolute Percentage Error (MAPE) is defined as follows in Equation (8):

‘Loadm'mul _Load
N Sy Load

predicted ‘ x 100 ( 8)

actual

Additionally, the Mean Squared Error (MSE) is defined as follows:

MSE = \/]\1/ > |road,,, —Load

k=1,...N

2

©)

predicted

The results of the optimization are presented in Table (1). Based on these optimization results, it can be seen that
the number of signal decomposition stages is determined to be a single stage. This implies that further decomposition
of the signal into more details does not increase prediction accuracy. Additionally, considering the number of hidden
layers and the previous data obtained from optimization for the two neural networks—one for predicting the
approximate signal (ANN1) and the other for predicting the detailed signal (ANN2)—it is evident that the neural
network for the detailed signal has a higher computational load due to accommodating more variations in the input
signal.

The results of linear prediction, neural network prediction, and optimized neural network-wavelet prediction are
shown in Figure (5). Based on these results, it can be seen that the proposed method has the least error and the
highest similarity to the distribution network load as the input signal. The prediction errors are shown in Figure (6),
and the error values based on the four tests are presented in Table (2). According to the results in Table (2), it can
be concluded that the proposed method provides a more desirable response compared to the other two methods.

Table 1. Configurations and Optimization Results for the Proposed Wavelet-Neural System.

Number of Bacteria Nb 50

Number of Repetitions Iteration 150

Probability of Population Elimination Mutaion 5%
Number of Signal Decomposition Stages nLevel 1
Number of Prior ANN Data for Detailed Signal nlnp for ANN2 7
Number of Prior ANN Data for Approximate Signal nlnp for ANN1 4
Number of Hidden Layers in ANN for Detailed Signal nH for ANN2 18
Number of Hidden Layers in ANN for Detailed Signal nH for ANN1 11

High-pass and Low-pass Wavelet Transform Filter High & Low filter = Dubanchi
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Fig. 5. Distribution network load prediction results by: (a) Linear prediction, (b) Neural network prediction, (c) Wavelet-neural
network prediction.
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Fig. 6. Prediction error of the distribution network load by: (a) Linear prediction, (b) Neural network prediction, (¢c) Wavelet-
neural network prediction.

Table 2. Comparison of the Error Resulting from Load Forecasting in the Distribution Network Using the Three Examined
Methods.

MAPE MSE Maximum Error Maximum Error Percentage

Linear Prediction 4423  0.199 3.120 22.04%
Neural Network Prediction 4203 | 0.210 2.951 22.00%
Optimized Neural Network-Wavelet Prediction = 2.188 = 0.096 1.443 13.43%

5. CONCLUSION

In this paper, linear forecasting methods and neural networks were presented as various short-term forecasting
approaches. These methods were employed to forecast the load data of the distribution network, which served as
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input data. Subsequently, wavelet transform was utilized as a method for multiresolution analysis of the distribution
network load signal. To enhance performance, the neural network was combined with the wavelet transform. To
achieve minimal forecasting error, the bacterial foraging algorithm was used for optimal filter selection and neural
network adjustments. By analyzing the results obtained for forecasting the distribution network load in Qom

province, it is evident that employing the wavelet-neural forecasting method combined with the bacterial foraging
algorithm leads to improved performance compared to using the neural network forecasting method alone.
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