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The main task of forecasting power consumption is to analyze objective
factors affecting load changes and compute expected schedules of
consumption to support energy companies organize the purchase and
production of the necessary electricity in the proper volume. However,
modern practical requirements for the accuracy of predictive calculations lead
to the fact that previously developed methods do not always provide the
necessary accuracy of computations. This is because several factors affect the
level of power consumption and the accuracy of forecasting, including
meteorological, where the growing use of both wind and photovoltaic energy
worldwide leads the power systems to become highly dependent on the
weather conditions. This study presents the influence of meteorological
factors on the medium-term forecast of electricity consumption based on the
power system of the Gorno-Badakhshan Autonomous Oblast in the Republic
of Tajikistan, where in winter, due to an increase in demand for electricity and

a drop in the water level in rivers, to ensure balance, requires additional
commissioning of diesel power plants. Thus, it leads to an increase in the costs
of electricity production in the region and environmental degradation. To
increase the forecasting effectiveness, the authors propose an approach based
on the clustering of meteorological conditions, where each cluster has its
regression model. The Principal Component Analysis was proposed for
aggregating meteorological factors.
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1. INTRODUCTION

In general, the development of the energy sector and the electric power industry largely determines
the pace of economic growth of the country. It is expressed not only in increasing the volume of consumed
energy but also in diversifying its sources and increasing production efficiency. Compared to other types of
energy carriers, electricity is used in all spheres of human activity and is a key driving force for the growth of
global energy [1].

Currently, one of the basic principles of operational dispatch management in the electric power
industry is to ensure energy balancing for different periods. The medium-term forecasts of electricity
consumption volumes are used to form the annual consolidated balances of electricity generation and
consumption. Due to the penalties imposed by suppliers when the actual consumption deviates from the
previously stated, the large energy consumers are interested in drawing up accurate applications for the planned
amount of energy consumption. Therefore, it is important to consider the issues of mathematical modeling of
electricity consumption volumes under the conditions of the modern development of the wholesale electricity
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and capacity market [2]. In turn, electricity producers are interested in forecasts of energy consumption to
promptly respond to fluctuations in demand and optimal infrastructure development [3].

The reliability of the constructed forecasts of electricity consumption largely depends on the
effectiveness of energy management solutions, the possibility of saving energy resources, and the efficiency of
operating modes of the entire power system. Therefore, efficient grid management plays an important role in
reducing energy production costs and increasing capacity to meet the growing electricity demand [4].

Most methods of forecasting power consumption are devoted to short-term forecasting (from a few
minutes to 24 hours), rather than medium-term forecasting (from several days to several months). As a rule,
methods of forecasting power consumption can be divided into two broad categories [5]: statistical methods
and machine learning-based methods, although the boundary between them is becoming more and more
blurred.

Traditional statistical methods include time series analysis methods [6], Kalman filter method [7],
exponential smoothing method [8] and so on. However, the accuracy of traditional forecasting methods may
not be high enough in the medium term due to the nonlinear characteristics of power consumption to forecast
processes with a high degree of volatility. The latter is especially characteristic of the isolated power systems
due to their small size relative to large regional and combined power systems. Forecasting methods based on
machine learning include fuzzy logic, classical artificial neural networks (ANN) [9], the support vector
machine (SVM) method [10], neural networks with memory [11] and ensemble methods [12]. They can be
considered as an unconventional or modern methodology in the tasks of forecasting power consumption. In
comparison with traditional methods, the forecasting accuracy of machine learning methods is in many cases
significantly higher, but optimization of the parameters of each model is difficult, which affects the
effectiveness of forecasting.

Medium-term forecasting of electricity consumption is an important category of electrical load
forecasting that covers a period up to one year in advance. It is suitable for downtime and maintenance
planning, and load switching [13], and has been reflected in a large number of scientific publications that used
based on machine learning techniques. Due to the serious impact of climate change on electricity consumption,
as well as new trends in smart grids (the use of renewable energy resources, the emergence of consumers, and
the general use of energy), medium- and long-term forecasting of the electricity consumption has become an
urgent need. Such forecasts are necessary to support plans and decisions in terms of capacity assessment of
centralized and decentralized power generation systems, demand response strategies, and operation control
[14].

2. STATEMENT OF THE PROBLEM

The forecast of electricity consumption is the core module for making management decisions in
electric power systems [15]. The accuracy of forecasts directly affects the effectiveness of management.
Medium-term forecasting of electricity consumption is extremely important for energy suppliers and other
participants in the production, transmission, distribution, and electricity markets. This helps to make decisions,
including those on the purchase and production of utilities of the electric power system. The main role of
electric load forecasting in the electric power system is to support energy companies to organize the purchase
and production of the required amount of electricity.

One of the approaches to improving the accuracy of forecasts is the use of additional stages of filtering
and data preprocessing, including clustering. It allows us to build several individual models instead of a single
model for all operating conditions, where each separate model is better adapted to certain meteorological
conditions.

Most often, the clustering of meteorological conditions in the tasks of the electric power industry is
associated with forecasting the generation of renewable energy sources. For instance, statistical models for
predicting solar insolation combined with the k-means clustering algorithm are presented in [16]; clustering of
meteorological parameters used to predict the generation of wind power plants is given in [17]. At the same
time, for the current conditions, a sample (subset) of the most similar records is formed among all the
retrospective data, then a model is trained based on this data.

Clustering can also be used for data filtration. For example, the application of clustering of
meteorological parameters to detect outliers is described in [18]. Clustering is also used in the analysis of power
consumption, for instance, separating consumers by power consumption profiles [19, 20].

In this paper, clustering is used to divide a dataset of retrospective data into several categories that
differ in meteorological conditions. For each cluster, the load forecasting model is developed. Another
contribution is the algorithm for choosing the optimal number of previous days, and the meteorological data
which are used for clustering. The Principal Component Analysis (PCA) data dimensionality reduction
algorithm is applied, which allows us to visually assess how clusters are distributed in the feature space [21].
The PCA algorithm also allows simplifying forecast models by aggregating meteorological data.
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3. METHODOLOGY

The proposed approach consists of three main modules such as data selection and their processing,
clustering of the meteorological conditions, and forecasting of power consumption. Let us consider each of
them.

3.1. Description of the data selection

The isolated power system of the Gorno-Badakhshan Autonomous Oblast (GBAO) of the Republic
of Tajikistan is managed by Pamir Energy. It includes eleven hydropower plants (HPPs) with a total capacity
of 43.5 MW on its balance sheet and several diesel power plants (DPP) of low capacity. Currently, the isolated
GBAO power system is experiencing serious difficulties associated with a steady shortage of electricity in the
winter period from November to March, where the main reasons are the following [22-26].

Since the shortage of electricity generated by the HPP is observed during the cold period from
November to March inclusive, only data for these five months are considered.

The main hypothesis of this study is the possibility to increase the accuracy of medium-term
forecasting of electricity consumption through the use of meteorological data and their clustering.

In addition, the load changes on weekends in the examined power system, thus the number of days of
the week is added to the dataset. The numbers of the year, month, and day are also considered features. A
complete list of features in the original dataset is the following: year, month, day, day of the week, air
temperature, relative humidity, wind speed, and cloud cover. For instance, profiles of consumption changes
are given below in Fig.1 and Fig.2.

Power consumption (average daily load capacity) is the target variable.

The dataset contains records for six years (2015-2020) in one-day increments. Thus, the dataset
contains 908 rows and 9 columns.
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Figure 1. Consumption graph for the period January-March 2019

The correlation coefficients between features and power consumption are shown in Table 1. It can be
seen that the greatest dependence is observed between power consumption and the year (0.7) and the day of
the week (0.51), for the feature in terms of meteorological conditions — between power consumption and wind

speed (0.37). The dependence on meteorological factors such as temperature, humidity, and cloud cover also
affects power consumption.
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Figure 2. Consumption graph for the period November-December 2019

Table 1. The correlation coefficient between features and power consumption

Feature Correlation coefficient
Year 0.70
Month -0.09
Day 0.01
Day of the week -0.51
Temperature -0.33
Humidity 0.20
Wind speed -0.37
Cloud cover 0.01

3.2. Statement of the forecasting problem

A model of medium-term (for a week ahead) forecasting of power consumption of the power system
is given as follows:

Pi* = f(Wi—7' VV[—Bl --'IVVi—ﬁ—d) (l)

where

P"i — predicted power consumption on the i-th day;

f — model; d —number of previous days that used for prediction;

Wi; — the vector of values of the used features on the i-th day including P;.

Forecasts of meteorological factors are not used in this work since the system will depend on the
accuracy of medium-term forecasts of a weather provider. For forecasting, the data from the previous day is
used considering the planning horizon of a week.

The accuracy of the forecast is estimated on a test dataset using mean absolute error (MAE), mean
absolute percentage error (MAPE) and root mean squared error (RMSE) as follows:

1 *
MAE = L3P - Pi| @)

l

1
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RMSE = /% (P — P})? )

P — the true value of power consumption;
P” — predicted value of power consumption;
n — the size of the test set in days.

where

3.3. Clustering of meteorological conditions

When developing the machine learning models, a choice has to be done: either create a single model
that will solve the whole problem or split the task into stages leading to creating separate models for each of
them.

Creating a single model allows you to train it to achieve the final goal, while when dividing the task
into stages, each model is built to achieve a sub-goal. Then the results of combining such models may not be
as high-quality as when training a single model focused on the final result. On the other hand, in planning and
management tasks in the electric power industry, the interpretability of machine learning models, the guarantee
of their robustness, and the reduction of the risk of unexpected behavior are very important.

In addition, it is necessary to consider the limitations of the dataset, the smaller the dataset, the less
reliable the conclusions obtained using complex models are. Splitting the task into parts allows you to apply
simpler models at each stage and control them better. Limiting the size of the model can make it more resistant
to retraining, more robust, and increase its generalizing ability [27].

The proposed architecture of the forecasting system based on machine learning used in this work is
the following:

1) Data preprocessing level;

2) Data clustering level;

3) Prediction level, consisting of m independent neural networks, according to the number of clusters.

3.4. Forecasting of power consumption

The essence of the proposed approach is to divide meteorological conditions into m clusters using
unsupervised machine learning (k-means algorithm [30]. Each cluster builds its neural network model. When
the system is running, the input data refers to one of the clusters and then the model that was built for this
cluster is used to obtain the forecast.

This approach has the following advantages:

- The clustering stage is performed as unsupervised learning, meaning that the risk of fitting to the
desired result is excluded,;

- The consistency of the clustering result can be checked visually by applying the PCA after clustering
and visualizing the resulting clusters using a scatter plot;

- The construction of different models for individual meteorological factors allows for an increase in
the accuracy of the forecast since each model is focused on certain operating conditions;

- Individual models may be more compact than a single one, therefore, fewer data can be used for
their training and testing, and their work will be more predictable.

4. RESULT AND DISCUSSION

4.1. Data preprocessing
The initial dataset can be written as follows:

{w,P)}i=1..n (5)

At the preprocessing stage, it is converted into the following form corresponding to the expression:

{Wio7, Wisg, .. Wi_6_q, P; )} (6)

The number d determines the number of previous days that will be used to build the forecast. With d
equal to one, the resulting dataset will have 10 columns (9 features and a target variable), with d equal to 2—
19, etc.

In addition, at the data preprocessing stage, Min-Max normalization is performed so that all feature
values are in the range from 0 to 1.
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4.2. Clustering

The k-means algorithm is used for clustering since it is a general-purpose algorithm. To check the
correctness of clustering and select the most appropriate number of clusters, PCA was used. Clustering is
performed by attributes (Wi-7, Wi-8, ..., Wi-6-d). Then PCA is applied to the data with the translation of the
dimension of the features into a two-dimensional plane. The points on the plane are then marked with colors
according to the cluster labels. The clarity of the boundaries between the resulting clusters shows how well

clustering was performed.
The results obtained are shown in Fig.3-7.

Initially, four clusters were used, this number was chosen based on a visual analysis of the PCA
results. But then, at the stage of building regression models, it was founded that three clusters give the best
result. It can be seen that when the number of days used is less than five, the boundaries between clusters are

less clear.
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Figure 7. Visualization of four clusters when
using data for seven days
Using more than seven days may lead to the retraining of regression models since there will be too
many input features regarding the number of days in the dataset. Thus, in the following stages, daily data for a
week and three or four clusters are used.

4.3. Forecasting

Since many heterogeneous factors are used, an artificial neural network (ANN) is chosen as the basic
method for constructing a regression model [28-29]. The dataset is not large enough to use more complex
architectures such as convolutional or recurrent neural networks. Therefore, a multilayer perceptron of the
following type is used:

1) Input layer;

2) Hidden layer of 32 neurons with ReLU activation function;

3) Hidden layer of 16 neurons with ReLU activation function;

4) Hidden layer of 8 neurons with ReLU activation function;

5) Output neuron with a sigmoidal activation function.

The training is performed using the Adam algorithm [31]. The model is implemented using the Python
libraries such as Keras and TensorFlow.

The proposed approach is compared with a single ANN model (excluding clusters), an autoregressive
(AR) model that does not use meteorological data, and linear regression (LR) that uses meteorological data.
The results presented in Table 2 provide the test part of the dataset, where 10% of the newer data and 90% of
the older ones were used for training. Let us discuss the conclusions drawn from the obtained results of the
model comparison.

The use of clustering by meteorological conditions increases the accuracy for both LR and ANNS.
The error reduction was for ANN from 1.023 MW to 0.846 MW (17%), and for LR from 0.774 to 0.586 (24
%). But at the same time, if the number of clusters is more than optimal, there may be a reverse effect since
there will be not enough data in each of the clusters to train the model.

The use of meteorological conditions reduces the forecast error, the error difference between the AR
model that does not use meteorological parameters and the best model using them such as LR was 0.217 MW
(27 %). A significant advantage of LR over ANN models turned out to be somewhat unexpected. This output
could be explained by two factors:

1) The use of features obtained using PCA as additional input features made it possible to aggregate
meteorological factors in many ways even before the use of regression models;

2) The amount of data is not large enough for the effective use of neural networks, their more efficient
operation probably requires data for 10-20 years.

Table 2. Results of forecast models using meteorological data (test set)

Model Number Cluster of clusters number MAE, MW MAE, MW RMSE, MW
ANN - - 1.023 7.48 1.27
ANN 4 1 0.653 4.73 0.81
ANN 4 2 0.779 8.16 0.97
ANN 4 3 1.495 9.60 1.68
ANN 4 4 0.905 8.81 1.34
ANN 4 Weighted average 0.939 7.70 1.19
ANN 1 1.067 7.15 1.40
ANN 3 2 0.734 6.13 0.92
ANN 3 3 0.776 6.90 1.00
ANN 3 Weighted average 0.846 6.67 1.09
LR - - 0.774 5.82 0.99
LR 3 1 0.604 5.03 1.04
LR 3 2 0.751 4.86 0.73
LR 3 3 0.397 3.52 0.56
LR 3 Weighted average 0.586 4.53 0.77
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AR - - 0.803 6.11 0.96

The average forecast error (MAE) on the test part of the dataset was 0.59 MW, the RMSE was 0.77
MW, and the average percentage error (MAPE) was 4.5%. Compared with the autoregression model without
clustering and taking into account meteorological factors (MAE 0.80 MW, RMSE 0.96 MW, MAPE 6.11%),
it can, according to preliminary estimates, lead to an average decrease in the generation capacity of DPP by 0.2
MW or 5 MWh per day.

It should be emphasized that the result obtained makes it possible to create a reliable and very simple
model based on machine learning, and, at the same time, with minimal use of complex and poorly controlled
machine learning methods.

The final model is presented as follows:

1. At the stage of creating a forecast system, the following is performed:

1.1. Clustering data by the k-means algorithm into three clusters;

1.2. Applying the PCA for the formation of the two most significant features aggregating
meteorological parameters;

1.3. Creating a linear regression model for each cluster.

2. At the stage of operation, the following is performed:

2.1. Determining which cluster holding the current meteorological observations during the previous

week;
2.2. Using PCA to obtain aggregated features;
2.3. Using the trained linear regression model to obtain a forecast of electricity consumption.
Figure 8 shows a comparison between the true and the forecast load plot for one fragment of the test
set.
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Figure 8. Comparison of true and forecast consumption schedules of the electrical energy

5. CONCLUSION

The investigation of the problem of medium-term forecasting of electricity consumption of the Gorno-
Badakhshan Autonomous Oblast of the Republic of Tajikistan was performed for the cold season when there
is a shortage of electricity generated by HPPs.

The study uses daily data for the 2015-2020 years (November-March). To increase the accuracy of
forecasting power consumption, meteorological factors and clustering of conditions were used in this work.
Only retrospective data were used to exclude dependence on meteorological forecasts. At the stage of data
preprocessing, the PCA was applied, which allows for checking the correctness of clustering and aggregating
meteorological parameters. Further clustering allows to make several simpler and more accurate models instead
of one model that considers all possible operating conditions of the power system. Due to clustering and the
PCA, it was possible to obtain higher accuracy using linear models than using a single neural network model.
The decrease in MAE due to clustering was 0.19 MW (MAE decreased by 24%). The use of meteorological
conditions allowed to reduce the forecast error by 0.22 MW (27%).

In the future, it is planned to develop a model for a more accurate assessment of the reduction in fossil
fuel consumption by increasing the accuracy of load forecasting. And to explore the possibility of using energy
storage devices to increase the flexibility of managing the electric power system.
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