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Abstract – Power system load forecasting plays a vital role in
all aspects of power system planning, operation and control. It is
a basic function for reliable and economical operation of power
systems. This paper analyses the power system load forecast
performed by applying k-nearest neighbour machine learning
model, which is for the first time applied on real data of North
Macedonia power system. The results are compared with
polynomial and sinuses regressions.
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I. INTRODUCTION
Electricity load forecasting is a process of projecting future
electric energy demand in order to meet the increasing
demand. Electric load forecasting will control which power
plants should increase their output and which generators
should be dispatched. In terms of the period of load
forecasting, it can be divided into three categories: short-term
load forecasting, medium-term load forecasting and long-term
load forecasting [1].
Short-term load forecasting refers to forecasting electricity
demand several days in advance every hour. An
underestimation of the power load can result in lack of
electricity production. On the other hand, in the case of
overestimation of the load sub-optimal dispatch of power
plants could be scheduled.
The factors that play a key role in forecasting energy
consumption are temperature, type of the day (weekday,
weekend, holiday), geographic differences, people standard,
demographics, etc. The number of scientific articles about
power forecasting is very large. Some of the used techniques
include regression methods [2-4], discrete wavelet transform
[5, 6], neural networks [7-11], fuzzy logic [12]. This paper
studies the forecast of power load consumption by applying knearest neighbour (KNN) machine learning model, which is
for the first time applied on real data of North Macedonia
power system and the results are compared with polynomial
and sinuses regressions. The implementation of the k-nearest
neighbor machine-learning model is performed by using two
independent variables: air temperature and date. It means the
algorithm searches for/calculates suitable power load
candidates around a certain period and temperature. The
hourly data (8760 per year) for the temperatures and load are
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Fig. 1. Load duration curve for years 2014-2018 for power system of
Republic of N.Macedonia

used for the years 2014-2018 as a training dataset, while 2019
(temperatures and load) data are used as a test dataset. The
effectiveness of the model is evaluated and confirmed by
cross-validation.
The remainder of this paper is structured as follows.
Section II briefly describes the basic statistical analysis of
power system load data and air temperature. The methodology
used in the paper is introduced in Section III. Section IV
elaborates the experimental results and the conclusions are
given in Section V.

II. BASIC ANALYSIS
In this paper, dataset consists of power system load data for
Republic of North Macedonia for the calendar years 2014-2019
on hourly basis (8760 per year) (Fig. 1) [13, 14] and the
matching meteorological data about minimal, average and
maximal air temperatures for the city of Skopje,
North Macedonia [15].
Fig. 2 shows the normalized daily average power load
diagram and normalized daily air temperature diagram from
2014 to 2019, both of which were normalized in the interval
[0 1]. An average load is average of all 24-hourly loads on a
daily diagram. The analysis of the power load data shows that
there is a high variation between hourly loads in the power
system on a year basis. Fig. 2 confirms the strong negative
correlation between the power load and the air temperature
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Fig. 3. Phases of the defined machine learning model

performance, overfitting can be avoided. If the model
performs well on the training data, but poorly on the test data,
then it is overfitted. Besides with the correlation coefficient R
and determination coefficient R2, the performance can be
measured in other ways; two of those ways are through the
root-mean-squared error RMSE and mean-absolute error
MAE:

Fig. 2. Normalized average daily loads and air temperatures for the
years 2014-2019

which is typical for this region: 1) the electric energy
consumption is large in winter; 2) the positive air temperature
peaks correspond to negative power load peaks and vice
versa.
The regression analyses over power load and temperature
datasets in 2014 and 2015 performed in [16] and [17] examined
the approximations parameters, determination coefficients (R2)
and correlation coefficients [18]. According to [16] and [17], the
determination coefficients for polynomial regression and sinuses
regression of the maximal, average and minimal daily load due
to the average temperature are very high, which means that the
regression analysis shows high prediction degree of the daily
typical loads from the air temperature. The correlation
coefficients for polynomial regression and sinuses regressions
have values in a range between −0.90 to −0.95 what implies very
close negative relation between all the combinations of typical
daily loads and air temperatures.

III. METHODOLOGY
K-nearest neighbour machine learning model [19] is
considered for power system load forecast. The power load as
a dependent variable depends on two independent variables –
average air temperature and date. This means the algorithm
will search for suitable k power load candidates around a
certain period and temperature. After defining the training
dataset (temperatures, dates and power load for the years
2014-2018), the model is tuned by setting an appropriate
parameter for the number of neighbours k, and then it is
trained on the training dataset.
The effectiveness of the model is evaluated by 10-fold and
Leave-one-out cross-validations. Cross-validation is a method
for obtaining reliable estimates of model performance using
only training data. To predict the performance of a model on a
new dataset, it is needed to assess its performance on a dataset
that plays no part in the formation of the model – the test
dataset. By comparing the test performance and training
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where pi and ai are the predicted and actual values,
respectively, while n is the total number of the test instances.
All the phases of the machine learning model are illustrated
in Fig. 3.

IV. CASE STUDY
This section presents the results obtained by using the
presented methodology. The temperatures, dates and power
load for the years 2014-2018 are used as a training dataset, while
corresponding data for 2019 as a testing dataset. Figure 4
illustrates distributions of the average air temperatures and the
average power loads for the years 2014-2018 through 365 days,
respectively. The blue circles in Figures 4 denotes the
temperatures and power loads in the period 2014-2018,
respectively, while the red stars denote the temperatures and
power loads in the forecast period 2019. Figure 5 illustrates
distribution of the real average power load in the period Mar. 121 2014-2019.
According to the above methodology the average power
system load for the year of 2019 is forecasted on the basis of the
defined training dataset. KNN machine learning model is used
over the two independent variables, average air temperature and
date, and the distance between neighbours is measured by
Euclidean distance function as a commonly used distance
metric. The experiments for this case study show that a suitable
number of neighbours in the model is 30. The minimum and the
maximum of the variable average air temperature data are −15
and +30(C), respectively, while the minimum and maximum of
the variable date are 1 and 365 (the first and the last day in a
year), respectively. Variables measured on different scales
contribute differently to the analysis, which may eventually lead
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Fig. 5. Distribution of average power load for the period Mar. 01-21,
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(a)

TABLE I
PERFORMANCE OF THE MODEL MEASURED ON THE TRAINING DATASET
[MW]
Cross-validation
10-fold
Leave-one-out

normalized variables
62.2467
65.8212

non-normalized variables
66.4218
62.2133

for power load forecast with different models. Fig. 6 graphically
illustrates the deviation between forecasted and real power load
data. These results show that for power load forecasts, knearest neighbour regression outperforms polynomial and
sinuses regressions.

V. SUMMARY
(b)
Fig. 4. Distribution of average air temperatures and average power
loads for the years 2014-2019

to bias. The variable date (due to the larger range) will outweigh
the variable air temperature, i.e. the variable date will have a
bigger weight in an analysis compared to the variable air
temperature. This means the date will have higher influence on
the calculated distance than the air temperature will do.
Transforming the data to a comparable scale can avoid this
problem. Normalization is a way of standardizing a set of
numbers so each one is between 0 and 1. Hence, both the
variables in this model are normalized in the range [0−1].
The model is evaluated by 10-fold and Leave-one-out
cross-validations through the root-mean-squared error and the
mean-absolute error (30 neighbours used over the 2014−2018
dataset). Results given in Table 1 show that the errors are
smaller when the variables are normalized.
Results of applying the model over the testing dataset (2019,
30 neighbours used) and forecasting the corresponding power
load are given in Table 2 and Figure 6. Table 2 gives an
overview of MAE and RMSE errors and correlation coefficient

This paper is the first one using k-nearest neighbour
machine-learning model for investigation the forecast of
power system load in correlation with air temperature and date
on real data of power system of Republic of North Macedonia.
On the basis of statistical analysis, it can be noticed that there
is a close time matching in appearance of power system
maximum load and minimum air temperature. The same time
matching is noticed between power system summer maximum
load and registered maximum temperature in analysed years.
The presented results show that for power load forecasts the
proposed algorithm outperforms polynomial and sinuses
regressions. The effectiveness of the model is evaluated by 10fold and Leave-one-out cross-validations. Methodology works
with all types of days and simulation results are given in a
large time frame.
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TABLE II
COMPARISON OF MAE, RMSE ERRORS AND CORRELATION COEFFICIENT
R OF DIFFERENT MODELS FOR POWER LOAD FORECAST FOR 2019 DATA
Algorithm

MAE

RMSE

R

k-nearest neighbour
(normalized variables)

38.4046

50.6231

0.9614

k-nearest neighbour
(non-normalized var.)

39.1885

51.7435

0.9564

polynomial (order 4)

41.3541

56.4752

0.9488

sinuses (order 4)

40.7253

55.3602

0.9523

sinuses (order 4) + wavelet
transform

41.1788

54.2211

0.9584

Fig. 6. Comparison of power load KNN forecast with normalized
variables and real average power load for the year 2019

Commission are responsible for any use that may be made of
the information contained therein.
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