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The focus of this thesis is the forecasting of the energy balance. Energy balance can be
decomposed to the energy consumption forecasting and energy production forecasting,
both of which can help users in making decisions related to the energy storage. It is dif-
ficult to store electricity so using forecasting the users can decide if they should plug in
more devices or purchase additional electricity.

Time-series data analysis is a well-investigated field, so there are several methods that
can be used to implement a predictor of electricity production and consumption. The
most commonly used methods of forecasting have been reviewed in this work. Analysis
and preprocessing of the input data provided has been developed. Linear Regression and
Seasonal Autoregressive Integrated Moving Average and adjusting of settings have been
used for the forecasting of electricity consumption and production. The accuracy mea-
surement scores of the forecast have been evaluated.

According to the experiments, different methods are suitable for production and consump-

tion data. This is likely to occur because of the differences in seasonality.
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1 INTRODUCTION

1.1 Background

Production and consumption has to balanced at every moment. The consumption and
production of electricity is worth forecasting [1]. This is necessary, because inaccurate
estimation of the production and consumption can cause purchasing excessive energy, that
causes additional outcomes. Inaccurate production may also cause the lack of electricity
if the forecast is much higher than the real production value [2].

49% of 35 investigated case studies consider the forecast for one hour. In 19% forecasting

goes for 1 day [3].

If there is more demand than supply, frequency of the power system decrease. This cause
generators to be disconnected from grid (to avoid their failures), which makes situation
worse, and eventually, this will cause large black-out, if there are not any corrective ac-
tions. Hence, it is utmost important that power balance in whole power system is main-
tained. In small sub-system, as in the campus area, energy balance is more important
from the economic reason. By better forecast, it is possible to use more own generation,

and save money.

This thesis is related to the Green Campus project of LUT. The production of energy is
worth forecasting also because campus not only consumes electricity but also produces
it. Electricity production is based on innovative, unconventional methods: in the campus
area there are 835 solar panels [4] which are united into six sets. Unfortunately, accurate
forecasting is difficult because there are numerous factors involved, such as the weather
condition and residence building types. The relationships of these factors between the

electricity usage and weather factors can be highly nonlinear.

The production depends on a number of factors, so it is necessary to study them. This in-
cludes finding the correlation values between them and the produced electricity to include
the relevant factors into the forecasting model. So one of the important tasks is to investi-
gate influential and non-influential factors and take them into account while designing the
forecasting model. Another main step is to study possible forecasting methods and find

the best performing ones.



1.2 Objectives and Delimitations

The objective of this work is to develop an approach which gives the estimated value of
consumed and produced electricity per hour for several hours ahead (at least one). Elec-
tricity consumption is considered as a time series with certain periodicity (for instance,

seasonal, monthly, weekly).The following sub-objectives can be defined:

Review the existing forecasting methods for the purpose and select suitable ones

for further study.

Investigate measurement data, seasonality and other factors, affecting the forecast.

Design and implement model(s) for energy production and consumption forecasting

for at least one hour ahead.

Evaluate the prediction accuracy of each model.

1.3 Structure of the Thesis

This Master’s Thesis consists of 7 chapters. Chapter 2 is an overview of common ap-
proaches which can be applied to forecasting. Chapter 3 describes methods with which
the following work will be done and gives instructions related to the implementing of
these forecasting models. Chapter 4 is related to the preprocessing of input data and how
to evaluate the accuracy of forecasting. Chapter 5 is related to the complete solution of the
approach based on the Linear Regression, it also describes the experiments and achieved
results. Chapter 5 reflects the solution of the SARIMA model, it also describes the exper-
iments and achieved results. Chapter 6 is related to discussions about research which has

been made. Chapter 7 consists of the conclusions given with evaluation of the goals set.
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2 METHODS FOR TIME-SERIES FORECASTING

There is a large variety of time-series prediction methods available for electricity con-
sumption forecasting, all of these methods are built on different algorithms. Methods can
be divided in different ways, for instance, into Machine Learning (ML) based methods
and regression-based methods. However, performances of different methods can vary

significantly and are often heavily case-dependent [3].

It is not necessary to rely on a single method - there is a way to implement several method
and unite them into an ensemble. One of the methods has the primary role and others are
supporting for instance main forecasting model is Neural Network (NN) and Gaussian

Process (GP) is supporting it.

For most of the approaches, the workflow with the time-series prediction method can be
divided into obtaining a data structure and model fitting [5]. Mathematical or statistical

dependencies are determined between the value of load and input factors which affect it.

2.1 Machine Learning Based Methods

2.1.1 Neural Networks

Neural networks are often used in various applications [5]. The main steps in the neural
network development are to choose the input data, features, select the architecture of the
network, divide the input data and train the neural network. Accuracy in the considered
cases of forecasting [2] is quite high - in one case the R squared measure ([?2) value is
equal to 0.81, in another case the Mean Absolute Percentage Error (MAPE) is 2.88%, in
one more case, it is 7% for one day-ahead forecasting. The main advantage of Artificial
Neural Network (ANNSs) is their prominent performance for both data classification and
approximation of the function [6]. An ANN is also able to detect dependencies in the

given (training) data without additional factors (i.e., how it is done in regression models).

2.1.2 Support Vector Machine

In a common case, to ensure the forecasting accuracy different Support Vector Machine

(SVMs) and parameters can be applied. SVM can perform a nonlinear classification with



11

the kernel trick, implicitly mapping the inputs into high-dimensional feature spaces. For
every type of load pattern, the corresponding dataset is selected to train the SVM model.
For the training it is necessary to determine relevant values. So for each electricity con-
sumer, a set of SVM models is developed. After the determination of the consumption
pattern (for instance, with a decision tree) the SVM forecasting model with suitable pa-
rameters is used to ensure the forecasting accuracy [7]. The training dataset must cover
a wide range of input patterns sufficient enough to train the model to recognize and pre-
dict the relationship between the input variables and target output. One of the methods
of data selection is to calculate the distance between the forecasted input variable and its
desired outcome. Then data which does not satisfy this condition is discarded [8], for
instance, with the Kalman filter. SVMs which solve classification problems are named
Support Vector Classification (SVC) methods [9] and SVM’s suitable for modeling and

prediction are named Support Vector Regression (SVR) methods.

2.2 Regression-Based Methods

2.2.1 Autoregressive Integrated Moving Average

Autoregressive Integrated Moving Average (ARIMA) models are based on transforming
the time series to be stationary by the differencing process. The input consists of lags of
the dependent variable along with lags of the forecast error.

A couple of cases with the ARIMA usage have been considered [10-12]. MAPE varies
from 0.0384% [5] to 3.78% for monthly prediction.

Seasonal Autoregressive Integrated Moving Average (SARIMA) method contains the sea-
sonal component(s), for instance, season length, [13] which is defined by the user and
can be obtained by observing the time-series plot or empirically. SARIMA can be applied
together with fuzzy methods [14], Support Vector Machines [13, 15] and Markov Pro-
cesses [10].

It is possible to add exogenous components to the SARIMA model during the model
building [12] to achieve better forecasting results. This model is called Seasonal Autore-

gressive Integrated Moving Average with eXogenous Regressors (SARIMAX).
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2.2.2 Linear Regression Methods

The common linear regression algorithm can be used for forecasting. When the values of
features is a new value (i.e., not part of the data that were used to estimate the model),
the resulting value is a genuine forecast [5]. In a case related to forecasting of electricity

consumption in New Zealand [16], the following model is given:
Y:a+b1*X1—|—b2*X2—i—u (1)

where Y is the predicted electricity consumption, X is the country Gross Domestic Prod-
uct(GDP), X is the cost of electricity, a is the bias, b; and b, are the regression parameters
and w is the error [16]. This model has been thoroughly tested with statistical tests. An-
other way to calculate is the linear logarithmic form. Models from another case-study

[17], take the form of a standart dynamic constant elasticity function:
log(Yaom,1) = ao + a1 1og(Xs,) + aslog(PR;) + aglog(PR—3) + a4log(Yaom,i—3) (2)

where the Yj,,,+ 1s the indoors electricity consumption, PR, is the electricity price for
domestic users, X3, is the GDP per capita, ay, a;, ag, as, a4 are the coefficients of regres-
sion, and ¢ — ¢ as subscript indicates the lag term (i.e. ¢ — 1 indicates lag 1).

The outdoors model formula is:

log(Yodom.t) = bo+ b1 log(X1+) +be log(PRN Dy) + b3 log(IN D;_3) 4 by log(Yndom.t—3)

(3)
where the Y, 4om.+ 15 the outdoor electricity consumption, P RN D, is the electricity price
for outdoor users, X ; is the GDP, IN D, is a time trend, b0, b1, b2, b3, b4 are the coeffi-
cients of regression [17].

2.2.3 Fuzzy Linear Regression Methods

A function with fuzzy parameters is applied in various fields [5]. In a fuzzy linear func-
tion parameters are given by fuzzy sets and the prediction model might be introduced as
a fuzzy system equation. Fuzziness should be taken into account in a case where human
estimation influences the system [18]. The regression has two important questions which

are required to be answered [19] :
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1. What is the most appropriate mathematical model?

2. How to determine the best fitting model for the data?

A fuzzy linear regression model designed for load data of the previous three years as
well, as the model coefficients, can be found after solving the mixed linear programming
problem [18]. The MAPE can be equal to 2-3 % as it was during the prediction of the

electricity consumption of households of the Bahia state, Brazil [20].

2.2.4 Additive Regression Prophet Model

The Prophet Model is a tool designed especially for time-series forecasting. This model
is optimized for cases with seasonality and trend changes. It is built on the additive

regression model with four components [21]:

Curve trend

Yearly seasonal component

Weekly seasonal component

List of deviations (for instance, holidays), which is given by the user

The Prophet Model has been built using its Python special library, it caughts seasonality
pretty well. The disadvantage is that this model is specified for daily production only (not
for hourly) [21]. This disadvantage conflicts with the objectives of the work (the hourly
forecast is expected) so this method will not be used in this Thesis.

2.2.5 Random Forest

A Random Forest model is a method of generating and combining of Classification and
Regression Trees (CART) with a subsequent aggregation [5,22]. Every CART is made
of a bootstrap sample which consists of a learning sample and a set of features which are
chosen randomly at each node. Every tree in the forest is built on a set of learning points

features considered at each node to split on.
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Random Forest contains several parameters: number of trees (can be determined experi-

mentally), number of input variables and depth of trees.

Trees are fitted separately with the bootstrap samples and then they are aggregating over
the ensemble to obtain the final decision. This process is called "bagging" and it is neces-
sary to improve the accuracy. The advantage of the Random Forest Classifier is that the
fitting process could be performed in one sequence (with the cross-validation included)
[22].

One of case study has been considered, related to the short-term forecasting of the electric-
ity consumption. According to its results, Random Forest model can show better results
than ARIMA or naive models, but they are not so accurate as the ANN based model [22].

2.3 Summary

Almost every method (expecting the Prophet model) from considered below is suitable
for the forecasting of electricity production and consumption. Linear Regression will
be chosen because of its simplicity and SARIMA because it is suitable for the initial
data according to its seasonality. On plots of input data for prediction and consumption,
different seasonal patterns are viewable so there could be a good decision to use SARIMA

with different component values for the thesis work.
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3 SELECTED METHODS USED FOR ELECTRICITY
PRODUCTION AND CONSUMPTION FORECAST-
ING

3.1 Autoregressive Integrated Moving Average

The term "integrated" in Autoregressive Integrated Moving Average means that it is nec-
essary to ensure the time-series stationarity before the building of the model. The station-
arity means that the time-series values vary around an unchanging mean, and the variance
over time is constant, which is the requirement for the ARIMA model [12]. Examples of
stationary and non-stationary time-series rows are presented in Fig. 1-3. Stationarity is
important to ensure, that forecasted statistical values will be the same as values for his-
torical data [23]. To check if the time-series is stationary or not, the Dickey-Fuller test is
applied [24]. The term "Autoregressive" means that the forecasted values can be received
from known data of the target value. "Moving Average" term means that the forecasted

values are also predicted from the value of the error term [12].

(5]
—+
L
m
m
15}

Mon-Stationary series

mw
]
w

Figure 1. Non-stationary time-series when covariance is not constant [25]

ARIMA models are built by transforming the time series to its stationary form. The output
contains a constant, the weighted sum of previous outputs and the weighted sum of error.
The lags in terms of the stationary time series are referred to as "autoregressive", whereas
the lags of the forecasted error terms are referred as "moving average". A time series

which requires being differenced for the purpose of making it stationary is said to be an
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Stationary series Mon-5tationary series

Figure 2. Non-stationary time-series when mean increases over time [25]

Stationary series Mon-Stationary series

Figure 3. Non-stationary time-series with problems with dispersion [25]

"integrated" version of a stationary series. These models are denoted as:
ARIMA(p,d, q) @)

where p is showing the value of the Autoregressive part (AR), d denotes the degree of first
differencing involved and q is for the Moving Average (MA) part [11]. In other words,
the current value of the target value can be explained as a function of p past values, where
p determines the number of steps back to the past needed to make a forecast about the
current value. The MA of ¢ assumes the white noise up to lags ¢ are combined linearly to
form the observed data [26].
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To find the required parameters, two approaches can be applied. The first one is just to
perform a model selection from a large number of models with different values of p, d,
and ¢ parameters and then choose a model with the minimal error or maximal Akaike
Information Criterion (AIC). Obviously, this approach can take a lot of time so it can be
unsuitable in practice. Another way is the visual inspection of the Partial Autocorrelation
Function (PACF) and Autocorrelation Function (ACF) plots [26], which can be much
quicker.

In SARIMA, the term "Seasonal" is related to the seasonality of initial data. SARIMA
coefficients P, D, and () reflect the same coefficients as p, d and g but for the seasonal-
ity [27]. The seasonal component indicates the seasonality length (for instance, for daily
seasonality component length is equal to 24) and can be defined visually by observing the

initial data plots.

A way to improve forecasting results relies on SARIMAX model. Additional features
can be used as exogenous inputs, for instance temperature [12]. There have been a lot
of case-studies [11-13,15] based on the ARIMA models to forecast energy consumption
and production. Some of them are based on pure ARIMA, some of them combine this ap-
proach with ANNs, SVMs, some of them use SARIMA or Multiplicative Autoregressive
Integrated Moving Average (MSARIMA) [5,20]. The results of the forecasting which
have been achieved in these case studies are relatively good (MAPE no more than 9% for
all of these cases) so it is worth to try to build the SARIMA-build model in this thesis

work.

3.2 Linear Regression Method

Any X values can be taken as features, the question is how to find and choose them. Any
time-series dataset consists of the date, time and the target value for the whole period
of time. Date and time can be decomposed into various features, i.e., hour, the day of
the week, the number of the week and others depending on the seasonality of the initial
data. It is also possible to gather features from the train data by transforming the whole
target variable dataset into lags vectors which contain information about the value for the
previous hour [28]. The first, the last lag and their amount can be chosen according to the

length of the initial data and its seasonality.
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Different input factors can be important in different time periods [29]. It is important to
identify factors with critical influence. The same factor (i.e., temperature or day type) for
electricity consumption from different places can have a large impact or no have impact at

all. To determine the necessary factors, the grey correlation analysis can be applied [29].

The Level of correlation is determined by analyzing the correlation between the target
variable series and several influential factors. The less the two series differ, the more
correlations they have [30]. Influential factors can be found with the grey association
analysis. If the coefficient is high corresponding factors have a strong correlation. Also,
the effect of a calendar day, such as day of the week, a month of the year, type of the
day and type of the hour, [31] has proven to have an impact on a daily peak load [29].
It is also possible to choose suitable features based on their correlation. If some features
correlate strongly between themselves then presumably these features contain the same
information and there is no need to keep all of them [32].

Models built on the linear regression methods will be built with different combinations of
features. Consumption and production forecasting results, achieved with models which

do not use features related to the weather dataset are considered as baselines.
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4 DATA PREPROCESSING AND MODEL PARAME-
TERS

4.1 Target Variable Dataset

4.1.1 Electricity Consumption

120 u
T T
o 200

0 100 150

Figure 4. One year electricity consumption data for the 2nd building.

0 100 150

Figure 5. One year electricity consumption data for the 3rd building.
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—— Fourth Building Yearly Seasonality (daily average)
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Figure 7. One Month Electricity Consumption Data for 4th Building.

Data provided by the LUT School of Energy Systems contains information about the
electricity consumption and electricity production. 5 buildings of the University are con-
sidered. Dataset related to the consumption contains hourly information about 4 years
(2014-2017) of electricity consumption in kWh and separately - of district heating energy

consumption in MWh. As well as in example cases considered below, data have been
measured each hour.

The following presumptions related to the seasonal patterns of the energy consumption
data have been made:
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—— Sixth Building Yearly Seasonality {daily average)
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Figure 8. One year electricity consumption data for the 6th building.

e Although university buildings consume different amounts of electricity (for in-
stance, the second building contains laboratories which consume a vast amount

of power), they should have the same seasonality patterns.

e During the night-time, the university consumes less electricity compared to the day-

time. There is no teaching in spite of the university is accessible day and night.

e During the weekend, the university consumes less electricity than during the work-
ing days because there is no teaching. The same can be said about national holidays

and gaps between teaching periods.

e Seasons of the year do not influence electricity consumption because of the univer-

sity staff is at work throughout the year.

All these assumptions can be confirmed (or denied) by using the data visualization. Yearly
plots of the electricity consumption have been prepared for all buildings of the university
(Fig. 4,5, 6,7, 8). Weekly averages have been calculated beforehand. The second and
fourth buildings consume less energy during July. The sixth building shows a recession
during spring. The seventh building shows a load peak in June and August. Third building
consumes the same amount of electricity during the year. So it seems that the monthly
seasonality does not have any common behaviour, presumably it is related to the aims of

equipment which is placed in different buildings.

The monthly plot (March of the 2014th) is shown for the third building in Fig. 9. It indi-

cates hourly and daily seasonality, which should be taken into account during forecasting.
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—— Geventh Building Yearly Seascnality (daily average)
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Figure 9. One year electricity consumption data for the 7th building.

4.1.2 Electricity Production
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Figure 10. Production of the wall west PV group for 2 years.

Part of the data related to the production describes the last three (2015-2017) years. The
data from year 2015 was not taken into account because it contains a lot of Not a Number
(NaN) values (presumably there was no measurement). It contains information about the
electricity gathered from the sets of PhotoVoltaic (PV) plants. Data has been merged by
years and divided by panel groups - Fixed Installation (FI), Carport, SP, Tracker, Wall
South and Wall West. Remained data also contains NAN values, which are appearing

randomly. These NaN values have been replaced with the mean values of previous and
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—— Wall Scuth Data (daily average)
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Figure 11. Production of the wall south PV group for 2 years.
—— Tracker Data (daily average)

2000 -
1500 |
:
1000 4 NN |l
500 - | |‘i
700

100 200 300 400 500 600
Day of the Year

4000 1
3500 1

3000

2500 1

4
2000

2
1500 {
1000 {
500

100 200 300 400
Day of the Year

o

o

Figure 12. Production of the tracker PV group for 2 years.

next values.

For the experiments it will be necessary to study seasonalities. The following assumptions

can be made:

e There is no seasonal trend related to the day of the week. The working schedule

does not affect the electricity production.

e There is seasonal trend related to month and it is expressed for every solar panel in

a similar way.
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—— Single Panel Data (daily average)
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Figure 13. Production of the Single Panel (SP) group for 2 years.

e There is seasonal trend related to an hour (obviously sun shines less during night

hours).

e There are dependencies between the weather data related to the solar information.

Plots related to production in different time periods are shown (see Fig. 10, 11, 12, 13,

14, 15). The following conclusions can be made:

e Seasonal trend related to an hour does not always exist because of the different day

length.

e There is no seasonal trend related to the day of the week but month seasonality is

present.

e There is a large period of missing data in June related to the Wall West data (see

Fig. 12). Probably this fact will influence the make the forecasting a bit worse.
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—— Fixed Installation Data (daily average)
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Figure 14. Production of the FI PV group for 2 years.

= Carport Production Data (daily average)

100

=

200

h
:

300 00 s00 800
Day of the Year

Figure 15. Production of the carport PV group for 2 years.

Outlier Detection

During the data preparation, it is necessary to process the outliers. An outlier is a data

point which has a large distance from the vast majority of other observations mostly they

appear because of different errors, for instance, a temporary hardware failure or a human
mistake [33].

There are various ways for the outlier detection, for instance, by viewing a plot or a

boxplot diagram but unfortunately, it is not suitable for the considered case because the

dataset is too large. Computational methods include the extreme value analysis [34],

iterative methods (during every iteration the group of suspicious objects gets deleted),
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local outlier factor (the idea is that outliers usually do not have a lot of neighbors in

contradistinction to non-outliers), and the quartile method [35].

Matlab built-in function "isoutlier" offers the following ways for the outlier detection
[36]:

e Median: elements which are more than three scaled Median Absolute Deviation

(MAD) from the median are considered as outliers.

e Mean: elements which are more than three standard deviations from the mean are

considered as outliers.

e Quartiles: elements more than 1.5 interquartile range above the upper quartile or

below the lower quartile. Useful in case of the non-normal distribution.

e Grubbs: applies Grubbs test for outliers, which iteratively removes one outlier per

iteration based on hypothesis testing. Useful in case of normal distribution.

e Gesd: applies the generalized extreme Studentized deviate test for outliers.

As seen from the list, one of the steps to select the outlier detection method is to check
if the distribution is normal. For instance, the Anderson-Darling method can be applied
[37]. By using this method, it seems, that the energy production and consumption data
are not normally distributed. So the quartile method can be used for the outliers detection.
Results of the outlier percentage for the electricity consumption dataset are presented in
Table 1.

Table 1. Percentage of outliers for the electricity consumption data.

Type 2nd 3rd 4th 6th 7th
Electricity | 1.87% | 4.6% | 4.2% | 0.65% | 0.29%
Heating 1.21% | 1.89% | 1.8% | 1.3% | 2%

And the electricity production percentage of outliers is presented in the Table 2.

The energy production dataset contains a lot of values which are considered as outliers.
Probably some of them are just real rare values. The visual data analysis of Fig. 12-15
helps to understand that the majority of the, for instance, zero values reflect real zero

values related to the darkness. Several possible solutions can be proposed:
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Table 2. Outliers measurement for the electricity production data.

Panel Set | Carport | FI Flatroof | Tracker | Wall South | Wall West
Percentage | 16.9% | 17% | 16.3% | 16% 13.6% 13.5%

e Select the k value. If £ (or more) values in a row are equal to zero, do consider

them as real values.

e Take the date and time features (season, hour, month, weather) into account. If zero
values have been registered during a dark hour or cloudy season, do not consider

them as outliers.

e Check data about all production panels. If every of them produces nearly the same

amount of electricity, do not consider production values as outliers.

4.3 Outlier Processing

The next step after the outlier detection is the outlier processing. It can be done with the
linear interpolation obased on the neighbourings [38]. After the outlier replacement, it is
worth to check the amount of outliers again. It was made for the electricity consumption
(see Table 3) and production (see Table 4):

Table 3. Outliers measurement for the electricity consumption data after the outlier processing.

Type 2nd | 3rd 4th 6th | 7th
Electricity | 0% | 0.2% | 0.02% | 0% | 0%
Heating 0% | 0% 0% 0% | 0%

Table 4. Outliers measurement for the electricity production data after the outlier processing.

Panel Set | Carport | FI Flatroof | Tracker | Wall South | Wall West
Percentage | 2.8% 7.4% | 0.8% 7.3% 3.5% 8.2%
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4.4 Weather Data

Data about the weather and solar radiation for last 4 years (from 2014 until 2017) can be
gathered from the Finnish Meteorological Institute (FMI) website. Lepola weather station
and Airport weather station have been used to get the most complete information because
they are the closest to LUT. The datasets contain the following features related to weather
and solar values. Another preprocessing step is the search of the NaN values. NAN values

percentage for each feature has been calculated for two weather stations (see Table 5).

Table 5. Amount of NaN values for the weather features.

Station Lepola | Airport
Temperature 41.6% | 0.00047%
Wind Speed 45% 0.35%
Wind Gusts 45% 0.34%
Wind Direction 45% 0.35%
Humidity 41.6% | 0.006%
Dew Point 41.6% | 0.006%
Rain 94 % 84% %
Rain10min 42% 0.26%
Snow 53% 30.6%
Pressure Sea Level | 52.7% | 0.006%
Visibility 41% 1.16%
Cloud Amount 41% 0.007%

According to the Table 5, Snow and Rain consist of NaN values for more than 40%, so
these values can be removed because of the uselessness. Another conclusion is that it is
better to take the Airport station because a huge (for 20 months) part of the data from the

Lepola station is absent from the beginning.

The correlation matrix has been plotted for the features from the FMI station and the
heatmap has been plotted for visualization (see Fig. 16). Correlation heatmap helps to

make conclusions about the dependency and independency between the features.

According to the heatmap (see Fig. 16), it seems that Visibility and Wind Direction are the
unique values which do not influence other values and Temperature, Wind Speed, Wind
Gusts, Humidity, Dew point, Rain10min strongly correlate between themselves. Probably

it is not necessary to include all of them to the model.
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Figure 16. Heatmap of the correlation of the weather features.
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Similar correlation matrice heatmaps with the target variables, related to consumption and

production also have been built (Fig. 17-20).
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Figure 17. Correlation heatmap between the production and values from the weather stations.
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Figure 19. Correlation matrix heatmap between the consumption and values from the local
weather and FMI stations.
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Their results are quite logical and expected: it shows that solar data and weather does not
influence to electricity consumption at all. It also shows that for the electricity production
ultraviolet irradiance and solar irradiation are the most correlated for each panel group
excepted the Wall West.

Initial data requires preprocessing because it has different time resolution: from 3 to 6
times per hour. The mean values have been taken to calculate feature values per one hour.
Another way to get the information related to the weather and solar data is to use the local
weather station which is located at the LUT. It is located on the lawn, works wirelessly
and is served by solar panels of the university [39]. Assumingly, weather features values
make more precise results for the electricity production forecast.

Access to the local weather station values was gained by using the Grafana system (Fig.
21). Grafana keeps and shows information related to consumption, production, and
weather in real time as well as archived. The advantage of Grafana is the ability to choose
necessary time step and fill the NaN values with various methods (with zeros, previous
values or by linear method). The only disadvantage is that the service provides recorded

weather information values about only for the 1.5 years.

Temperature wind speed solar irradiation

5.3°C 1 .4 m/s 47 W/m?2

e

0Omis
== Wind

Solar irradiance
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Figure 21. Grafana Dashboard.

Correlation matrice heatmap for the features from the local weather station also has been

plotted (see Fig. 22). The following conclusions are made:
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e Solar UV and Solar Irradiation strongly correlate amongst themselves.
e Humidity value has a negative correlation with almost each value.

e The majority of parameters do not have a high correlation amongst each other.
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Figure 22. Local weather station features correlation heatmap.

Grafana also makes possible to access data from FMI (unfortunately from the Lepola sta-
tion only) and provides great visualization abilities. For instance, it is allowed to compare
the same features from different stations (Fig. 23-25). Comparing of different sources
says that for the common, i.e., temperature or pressure, characteristic values are exactly
equal. But for the non-common characteristics, for instance, wind speed values are differ-
ent. It can be explained by particular qualities of the landscape, for instance, difference
between the wind speed values presumably takes place because the local weather station

is surrounded by forest tracks stronger.
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4.5 Forecasting Length

The suitable length of historical data needs to be estimated, it can be done with, for in-
stance, PACF analysis [29]. It is considered that the hourly values of parameters related
to the weather capture the most conservative conditions which can occur in this hour. It is
a common approach [8,40] which is considered in many articles. Forecasting can be di-
vided into short-term (up to 24 hours), medium-term (up to one week) and long-term (up
to one year data) forecasting [41]. 49% of investigated case studies consider the forecast
for one hour. In 19% forecasting goes for 1 day [3].

The length of prediction can be 48 hours ahead of information issuing every 12 hours
[3]. The majority of the conventional ANN-based load forecasting methods work with
24-hour-ahead load forecasting with the forecasted temperature. The drawback of this
method is that when rapid changes in temperature of the forecasted day occur, the power
of the load changes significantly, which leads to the higher forecast error [42]. In this

work, the short-term forecasting is used to achieve better accuracy.

4.6 Measurement of the Accuracy of the Prediction

4.6.1 Cross-Validation

Cross-Validation is a method which applies to measure accuracy. Firstly the initial dataset
is randomly split into K folds of the target variable, then the model is trained and tested /'
times using different fold as the testing subset [43]. Cross-Validation is an important step

[44] for a wide range of the machine learning tasks to estimate the prediction accuracy.

Unfortunately, the cross-validation in its pure form is not suitable for the time-series fore-
casting [45], because during the forecasting data from the future will be caught. The
reason is ignoring of the temporal components and assumption that there is no relation-

ship between the observation [45].

So the modification of the cross-validation intended for the time-series forecasting can
be named "cross-validation on a rolling basis". The training set consists of a set of ob-

servations which occur before the observation which contains the test set. Efficiency is
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calculated by averaging the results of all sets [46]. The approximate algorithm is pre-
sented in Fig. 26, where the blue dots represent the training set and the red dots represent
the test sets. So the training set becomes larger and larger, the Mean Average Error (MAE)

is calculated as the mean value of errors for each fold.
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Figure 26. Example of the evaluation on a rolling forecasting origin (red dots represent the test
sets and blue dots represent the training set).

4.6.2 Measurement Scores

Evaluation of results is always an important step. To measure the efficiency of forecasting,
there are several ways. It is worth to mention that the method of measuring does not
influence the method of forecasting, the same measuring method can be applied to the
neural network model as well as to the model based on, for instance, linear regression [8].
On the other hand, the best way of choosing the measurement way depends on specific
conditions [47]. In practical case-studies, the following characteristics have been used as

measurement Scores :

MAE [48-50].

MAPE [49,50].

Root Mean Square Error (RMSE) [41,51].

Maximum Absolute Error (MaxAE) [8].

R? (R-squared) value [48] .
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e Coefficient of Variation (CV) [41,51].

e [east Squares Approach [52].

MAPE is being recommended for the common use [53]. But it has some disadvantages.
Firstly data should be suitable for the considered case of energy balance. Secondly MAPE
puts heavier penalty on forecasts which are more than the actual values [47], because
according to the formula the division by the actual value occurs. One more disadvantage
of MAPE is that it is not included to the scikit-learn library, which will be used during the
model building. Another problem is related to the formula of MAPE.

1 N Y - Y
MAPE = — -
L=+

i=1

&)

If the real value Y; is equal to zero then this formula is unusable. The way to avoid it is
to add some value (for instance 1) to all forecasted and real values. So MAE, MAPE and
R? value will be used. Typical R? value is between 0 and 1, but it can also be negative.

For the absolutely equal values R, is equal to 1.
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5 EXPERIMENTS AND RESULTS

5.1 Linear Regression Model

Designing of the model, learning, fitting and evaluating of the results can be considered
for the electricity consumption and production separately because of the differences re-

lated to seasonality and influential features.

5.1.1 Electricity Consumption Modeling and Results

For the first baseline data the following features (gathered from the date and time infor-

mation) have been taken into account:

e Time of the day (hour)
e Week of the year

e Number of the weekday

Training data is divided into the time lags, which are using as features. 168 lags (one
week) have been taken according to the seasonality, Moving window has been realized
(one fold per every month). Results can be considered as a baseline which should be im-

prove, for instance, by using weather or other features. Results can be obtained in Table 6.

The obvious way to improve the forecasting result for the model based on a linear regres-
sion is to add useful features. The features have been taken from the weather datasets
provided by FMI and Local Weather Stations. The forecast has been built for 1-year data.
Presumably and empirically it was discovered that the only helpful feature for this case is
the cloud amount, adding of this feature reduces the MAPE for each University building.
MAPE has been reduced (see Table 6). Example of the consumption prediction is shown

in a plot (see Fig. 27).



Table 6. Electricity Consumption Forecast Improved Result.
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Building 2nd 3rd 4th 6th 7th

MAE, no weather | 4.379 kWh | 4.581 kWh | 0.33 kWh | 4.04 kWh | 4.239 kWh
MAPE, no weather | 2.399% 5.835% 8.4% 10.15% 3.113%
R?, no weather 0.97566 0.9394 -2 0.893 0.96

MAE, weather 4.373 kWh | 4.5784 kWh | 0.33 kWh | 4.01 kWh | 4.238 kWh
MAPE, weather 2.395% 5.83% 8.17% 10.14% 3.11%

R?, weather 0.97 0.9389 0.966 0.94 0.937

Linear regression

Mean absolute error 2.99 kilowatt\hour
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Figure 27. Electricity consumption forecast for the 2nd building.

5.1.2 Electricity Production Modeling and Results

700

The following features (gathered from the date and time information) have been taken

into account:

e Time of the day (hour)

e Week of the year

Unfortunately, the local weather station provides information only about 18 past months.

As was discovered before, production data has a yearly seasonality, so it is better to take

1 year. Results can be obtained in Table 7. The plot of the production is shown for better

understanding (see Fig. 28).
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Table 7. Electricity production forecast based on 1 year data.

Panel | Carport | FI SP Tracker | Wall West | Wall South
MAE | 22kWh | 0.1 kWh | 0.007 kWh | 0.2 kWh | 0.353 kWh | 5.3 kWh
Ry 0.9 0.88 0.4 0.85 0.78 0.83
MAPE | 131828% | 3954% | 91.49% 6346% | 6176% 6942%

The problem of MAPE is that for instance, if forecast equal to 0.011 Kilowatt-hour and
real value equal to 0.002 Kilowatt-hour, Percentage Error is 450% in spite of this error
is small. It causes to fabulous prediction forecasting values up to 500000% and makes

MAPE inconvenient. So the R, is also included.

Linear regression
Mean absolute error 2659 4 watts
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Figure 28. Electricity production forecast for the carport plot.

Another step is to get useful features empirically. The following conclusions have been

made:

e Including the Temperature, Dew Point, Rain10min, Pressure Sea Level, Visibility,
Cloud Amount, Wind Speed, Sunshine Duration, Humidity features spoils the pre-

diction result for all solar panels. So these features will not be included at all.

e Adding any features to the Wall West solar reduces the prediction result accuracy.

Maybe this panel does not have any dependencies.

e Including the Pressure and Diffuse Radiation features reduces the prediction result

accuracy or does not change it.
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e Including the Wind Direction (from the Local Weather Station), UV Irradiance
(from the Airport) improves the forecasting result for all weather stations as well as

the combination of this features.

e Including the Cloud Height (Local), Global Radiation, Relative Humidity improves

forecasting result for Carport and Tracker. There should be a logical connection.

e Including the Solar Irradiation (Local) vastly improves forecasting result for Car-

port, FI and Tracker.

A lot of combinations have been tested to find optimal combination of features. According
to the Table 8, it seems that in spite of common patterns and improvements each solar

panel has its unique best set of features.



Table 8. Electricity consumption results based on different feature sets.
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Feature Set

Carport

FI

SP

Tracker

Wall West

‘Wall South

uv
+ Wind Direction

3416.3

183.78W

89w

27742 W

376.4 W

458.8 W

uv

+ Wind Direction
+ Cloud Height

+ Solar Irradiation

3118 W

176 W

92W

25TW

428 W

496 W

uv

+ Wind Direction
+ Solar Irradiation
+ Global Radiation

3125 W

176.9 W

9w

260 W

363 W

482 W

uv

+ Wind Direction
+ Cloud Height

+ Solar Irradiation
+ Global Radiation
+ Relative
Humidity

3135 W

1793 W

9.16 W

254.28 W

381.6 W

492.4 W

Cloud Height

3408 W

186.1 W

92W

271 W

33775 W

487 W

Cloud Height
+ Solar Irradiation

3126 W

1753 W

94W

263.3 W

3438 W

SISW

Solar Irradiation

3115W

176 W

9.34 W

2655 W

2804 W

506 W

Global Radiation

3431 W

186.2 W

oW

27715 W

381.2 W

4629 W

Solar Irradiation
+ Global Radiation

3132 W

177.8 W

9.36 W

266.78 W

393.6 W

501.7W

Humidity
+ Solar Irradiation

3121 W

1752 W

932 W

2625 W

308 W

507 W

uv
+ Wind Direction
+ Solar Irradiation

3115 W

177.8 W

9.17W

261.7W

410.1 W

486.2 W

Diffuse Radiation

3447 W

185.8 W

89w

278.8 W

2433 W

463.1 W

Diffuse Radiation
+ UV
+ Wind Direction

3394 W

1822 W

8.87TW

274.85 W

290 W

5156 W




To sum up, there should be the following feature adding (see Table 9).

sets of features for other models is worth trying in the following work.

Table 9. Features influence to the prediction forecast.
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Using the same

Panel Best Weather Features MAE MAPE R?
Carport UV + Wind Direction + Solar Irradiation | 3.115 kWh | 36797 % | 0.88
FI Humidity + Solar Irradiation 0.175 kWh | 1054% 0.85
SP UV + Wind Direction + Diffuse Radiation | 0.008 kWh | 212.3% | 0.84
Tracker UV + Wind Direction + Cloud Height 0.254 kWh | 2581% 0.82
+ Solar Irradiation + Global Radiation
+ Relative Humidity
Wall West | - 0.221 kWh | 496% 0.65
Wall South | UV + Wind Direction 0.458 kWh | 1324% 0.81
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5.2 Seasonal Autoregressive Integrated Moving Average

To build a model based on the ARIMA, it is necessary to commit the following steps:

1. Preprocess the data
2. Estimate the parameters (p, d, q, P, D, Q).
3. Perform tests to measure the goodness of fit.

4. Perform a forecasting.

As was mentioned before, the autoregressive component consists of p, ¢ and d compo-
nents. To fit a data to the model, it is necessary to determine values related to these

components.

5.2.1 Consumption Forecasting Modeling

The Dickey-Fuller test was made to estimate the stationarity of time-series. Augmented
Dickey-Fuller value is close to 0, so time-series data is stationary, so there is no need to
implement additional operations and d and D parameters are equal to 0. Otherwise these
parameters would be equal to the amount of operations which was made to turn the time-
series into the stationary view.

There can be 2 ways of parameters determination, as was said before. Unfortunately,
building of several models with each combination of parameters requires a lot of re-
sources, so the remained possible way is to find parameters with PACF and ACF plots.
So PACF and ACF for each separate building have been drawn. For instance, for the 2nd
building, plots are displayed in Fig. 29.

To get the p and P values, it is necessary to estimate the number of lags on the PACF plot
which strongly differs from 0. There are 3 values which are > |0.5] so it seems that p and
P values are equal to 3. To get the ¢ and () values, it is necessary to find the lag from
the ACF plot which has the largest difference with the next lag. According to the Fig. 30,
values are equal to 2. The last parameter is seasonality and it is equal to 24. In a similar
way, parameters for each building to forecast the consumption have been found, they are
presented on Table 10.
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Figure 29. PACF and ACF plot for the 2nd building consumption data.

Table 10. Parameters of SARIMA for the electricity consumption prediction.

Building | Parameters (p, d, q); (P, D, Q)
2nd 3,0,2);3,0,2,24)
3rd (2,0,1);(2,0,1,24)
4th (2,0,1);(2,0,1,24)
6th 4,0,2);4,0,2,24)
7th 3,0,2);(3,0,2,24)

According to the parameters, models for each building have been built, results are re-
ceived (see Table 11). Prediction accuracy is approximately the same as the accuracy of
the model built on the linear regression. Plot related to the consumption of the seventh

building is shown in Fig. 30.



Table 11. Forecast result for the consumption.

Building | 2nd 3rd 4th 6th 7th
MAE 4.19 kWh | 49714 kWh | 2.392 kWh | 4.282 kWh | 4.9 kWh
MAPE | 291% 7.65% 6.59% 16.5% 52%

R? 0.97 0.939 0.966 0.94 0.937

49
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Figure 30. Plot of the electricity consumption of the 7th building.

5.2.2 Production Forecasting Modeling

Parameters for the 1 year data have been found in the similar way as before (Table 12),

model has been built for 1 year production, results received (see Table 13).

Table 12. Parameters of SARIMA for the electricity production forecasting.

Building | Parameters (p, d, q); (P, D, Q)
WallWest | (2,0, 2); (2,0, 2,24)
WallSouth | (3,0, 3); (3, 0, 3, 24)

Tracker 2,0,2);(2,0,2,24)

SP (3,0, 3);(3,0,3,24)

FI (2,0,3); (2,0, 3,24)

Carport 4,0,2);4,0,2)

The same has been done for 1 year to build the SARIMAX model. One more problem is
that it is allowed only to choose one feature, so Solar Irradiation for Carport, Tracker and
FI, Diffuse Radiation for SP and Global Radiation for Wall South has been chosen (see
Table 13).

For the carport, SP and wall south panel sets SARIMAX model shows the highest accu-
racy than SARIMA. For the FI, tracker and wall west panel sets SARIMAX shows a bit



Table 13. The forecasting result for the production.
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Panel Carport FI SP Tracker Wall West | Wall South
MAE

(no ftrs) | 1.85kWh | 0.1 kWh | 0.005 kWh | 0.015 kWh | 0.05 kWh | 0.32 kWh
MAPE

(no ftrs) | 7295% 306.1% | 59% 461% 142.7% 628%

R2

(no ftrs) | 0.91 0.88 0.88 0.87 0.86 0.83
MAE

(ftrs) 1.87kWh | 0.1 kWh | 0.004 kWh | 0.161 kWh | - 0.3 kWh
MAPE

(ftrs) 6226% 362.9% | 58% 537% - 586%

R2

(ftrs) 0.9 0.89 0.88 0.87 - 0.84

lower accuracy than SARIMA. But for all the panel sets anyway SARIMA model shows

better results for the production than the linear regression based model (see Table 8). Plots

related to the Carport electricity production are shown in Fig. 31 and Fig. 32 for intuition

understanding. One of them shows the production prediction during August (see Fig. 31)

and the second one - during November (see Fig. 32).
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Figure 31. Plot of the electricity production forecasting based on the SARIMAX model in summer
time by the Carport panel.
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Mean absolute error 371.3watts
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Figure 32. Plot of the electricity production forecasting based on the SARIMAX model in winter
time by the carport panel.
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6 DISCUSSION

In this work, several prediction methods have been discussed based on scientific articles
and case studies. Linear Regression, SARIMAX, and SARIMA models were selected
during the literature review and built by performing the parameters adjustment and fea-

ture selection.

According to the forecasting results, both of these approaches deserve attention. For the
electricity consumption of some LUT buildings, Linear Regression-based model with the
weather features shows a bit better result than SARIMA-based model. For some buildings
it shows a bit worse result. Anyway this deviation is too tiny to deserve attention (mean

value between the accuracy result is equal to 0.7 kWh or 0.02 for R? measurement).

For the electricity production SARIMA-based model shows better result than the Linear-
Regression based model with weather features. SARIMA improves the accuracy for every
production panel set. Mean value of the improvement is equal to 0.29 kWh or 0.06 for 2

measurement. Presumably it is because of the seasonal differences.

During this Thesis, a couple of problems have been faced. Encountered problems are re-
lated to the differences in seasonality between the electricity production and consumption
data (this problem has been solved with using of different models) and missing a large
part of the Local Weather Station dataset (this problem has been solved by the adjusting
of the target variable data length).

Forecasting results can be considered quite satisfying but could be better. It is worth to
try other models suitable for time-series or maybe do more experiments with features, for
instance, the random forest method. Another possible way to improve is to build a model
using extended data, for instance, gather more relevant features or get a dataset with in-

formation for much more than couple of years.

Another presumable step is to implement the real-time forecasting system based on mod-

els described in this Thesis. For instance, it can be developed as the web-application.



54

7 CONCLUSION

Review of the methods has been done using case-studies articles and review papers. Input
datasets have been analyzed and preprocessed with all necessary steps. Linear Regres-
sion, SARIMA, and SARIMAX models have been built. Forecasting models are built for

the prediction and consumption purposes.

Results related to the production forecasting can be estimated with the R», because unfor-
tunately the structure of the data spoils the MAPE estimation result. Plots analysis show
that they are more accurate then the MAPE error can tell. It is caused by the wide spread

of production results during different seasons.

It has been discovered based on the experiment that the linear regression model and
SARIMA model show approximately the same results for the prediction of the electricity
consumption (mean R? value for each building is equal to 0.95). It has been also dis-
covered that SARIMA model shows better results for the electricity production that the
Linear Regression. For the model based on SARIMA, mean 1?2 value is equal to 0.86.

The reason of differences between a suitable model can be a seasonality of the production
data and a difference amongst the data structure. Local Weather Station provided such a

small amount of data, otherwise, predictions would be more accurate.

Accuracy of the forecasting is quite high. It can be compared with the results achieved
in investigated case studies and is considered as good by the representative of the Energy
Systems department. So objectives set before the beginning of the work are impleme nted

but of course, there is much to grow.
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