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Abstract– This project concerns the development of multivariate statistical techniques for the
prediction of energy use, based on the main factors that influence energy consumption. Several
strategies were studied to elaborate models that are capable to forecast dependent variable (energy
use) using various independent variables. The proposed prediction models are relatively simple and
uncomplicated to implement, therefore, can play an important role in the maintenance of facilities’
energy consumption and be applied as an universal method for industrial world. A primary concern
of the work is that the raw data was time series data and contained huge amount of independent
variables, as a result, Principal Component Analysis (PCA) was used to reduce the number of
parameters to make the model more simple. Then, implementation of two types of linear regression
models was performed: Multiple Linear Regression model (MLR) and Generalized Linear Model
(GLM). In order to determine the parameters located in these two models, the Ordinary Least
Squares (OLS) and Maximum likelihood estimation (MLE) were utilized and their differences were
studied. In addition, a machine-learning algorithm named Random Forest (RF) was also investigated
to make an comparison between classical methods and machine-learning model. The proposed
models present the following characteristics: simplicity, large applicability, good match with obtained
data and easy deployment.

Keywords– Regression analysis, forecast method, ordinary least squares, maximum likelihood,
GLM, MLR, RF, energy consumption, buildings, appliance.

✦

1 INTRODUCTION

THE EU has been progressing well in the field of cli-
mate and energy, the EU greenhouse gas emissions
were reduced by 24% between 1990 and 2019,

while the economy grew by around 60% over the same pe-
riod. A considerable positive change can be seen, however,
emissions not covered by the EU Emissions Trading System
(ETS), such as emissions from non-ETS industry and build-
ings remained unchanged between 2018 and 2019, emis-
sions from these sectors have been stable for several years
[7].

As part of the European Green Deal, the Commission
proposed in September 2020 to raise the 2030 greenhouse
gas emission reduction target to at least 55% compared to
1990 [6]. To achieve such target, the European Commis-
sion established potential policies, and one of these mea-
sures is to reduce emission from buildings in order to im-
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prove the energy performance. It also mention that energy
demand management in facilities is an important compo-
nent in the climate system and researches of energy use pat-
terns in buildings could, consequently, play a positive role
in emission reductions.

As a result, energy demand management of buildings are
expected to be of great importance in infrastructures and has
considerable potential to reduce power demand. Recently,
researchers have shown interests in forecasting energy use
in buildings [3] although it is a challenging work due to the
large amount of related factors and difficulties in acquiring
appropriate data. By applying prediction methods in facil-
ities, the whole energy utilization could be easily forecast
and controlled, and it provides insights about the energy
performance of the building. The regression models have
the ability that helps to analyse the relationships between
variables and to understand their influence, probably even
identify the root causes of some abnormal behaviors. These
mentioned functions give reasonable stimulation for putting
modeling techniques into practice for energy efficiency im-
provement.

Furthermore, predictive models of building energy con-
sumption can be applied for numerous applications: chang-
ing size of Photovoltaic (PV) to control electricity bills
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[17], improving energy efficiency and reducing energy costs
using semi-centralized decision-making methodology [22],
proposing energy system to manage the storage and to allow
the user to know their electrical power and energy balances
[4].

Regarding the development of the work, an Principal
Components Analysis (PCA) was used firstly to reduc-
ing the dimensionality of the datasets while preserving as
much of the variation as possible. After that, relevant vari-
ables were selected to build the Multiple Linear Regres-
sion (MLR) and Generalized Linear Model (GLM) predic-
tion models. When we determine the unknown parame-
ters located in the model, a comparison between Maximum
Ordinary Least Squares (OLS) and Likelihood Estimation
(MLE) model was performed. It is worthy to mention that
the validation of measured data is also an important part of
this article, where the prediction made by the model were
tested with the measured data. Moreover, a Random For-
est (RF) model was developed and discussed. Finally, all
the models were evaluated with different numeric metrics
including MSE (mean squared error) and R-squared (coef-
ficient of determination). A detailed analysis showed that
the Random Forest model presents a satisfactory accuracy
(correlation coefficient of 0.56) and has better performance
among all models.

The objective of this work is to get an adequate under-
standing of the relation between appliances energy con-
sumption and different variables (for example, the corre-
lation between the energy use and temperature and relative
humidity), then mploy and train different methods for en-
ergy use prediction as a result of several independent vari-
ables and compare the performance of these algorithms in
testing process, finally obtain a ranking of the influence of
predictors in these models and get superior knowledge re-
lated to this topic.

2 PREPARATION

2.1 Literature Review
In the recent years, a number of researchers have sought to
model energy loads prediction, different genres include en-
gineering/physical methods, numerical algorithms and arti-
ficial neural network approach. For instance, [13] employed
a physical model for energy use prediction introducing dy-
namic approach which is simple but accurate (the valida-
tion stage shows satisfactory result of 0.9 R2). [20] devel-
oped a engineering hour-based method for estimation heat-
ing demand, showed that temperature and relative humidity
have strong influence in heating demand forecasting and the
model gave satisfactory results as well.

A numerical model based on multiple linear regression
[10] had the objective of making statistical tool to cal-
culate energy usage and then be adopted to benchmark
swimming pools, the authors concluded that, for bench-
marking purposes, the energy use of facilities, should be
normalised with the number of visitors. Besides, the study
of [16] presents a statistical model for predicting the time-
aggregated power consumption of an indoor building which
could be employed for supervision of the facility’s energy
performance that can quickly detect possible irregularities
and thus minimize overall energy use.

Numerous attempts have been made to build AI-based
models about this topic. [21] presented ANN (Artificial
neural network) algorithm to elicit relationship among vari-
ables and project energy usage and thermal level of an
indoor swimming pool, the method formed the basis of
optimization-based control system for swimming facilities.
A study in [1] benchmark state-of-the-art methods for fore-
casting electricity demand, applied neural networks, expo-
nential smoothing and ARIMA algorithms. Energy con-
sumption was considered and modeled as a stochastic pro-
cess in [2], the historical data was clustered using k-means
algorithm to improve the precision of the prediction, and
this study also suggests that a significant part of electricity
demands of the buildings comes from consumption of ap-
pliances, in fact, the increasing number of family devices
makes it more and more important to detect the main con-
tributor to the energy bill, which is also one of the compo-
nents of this work.

The aforementioned models has the capacity of model-
ing energy usage for buildings and endeavor to study im-
portance/influence of concerned dependent variables, with
expectation of estimating future energy demands. After re-
view those published papers and other posts from differ-
ent sources, the following interesting points could be high-
lighted.

• There exist some obstacle to build a universal and ef-
ficient model since there exist significant differences
between different devices, the performance and pat-
tern of distinct appliance can vary largely from on to
another.

• Factors like season and time have been proven to make
a relevant influence to the pattern of energy use. Fur-
thermore, the weather parameters also have certain im-
pact on the consumption of energy [5].

• While selecting the algorithm to employ, it is a wise
idea to trade off between simplicity and precision ac-
cording to the applied scenario. When the priority is
accuracy, it is beneficial to apply complex model al-
though the implementation could be a taxing work,
while the simplicity and transferability are more im-
portant aspects to pursue, it is advisable to use simple
model like linear regression.

• When we develop the model, it is essential to take a
series of assumption in to consideration such as the
acquired information are representative enough to the
building, in order to determine whether the variables
are able to contribute to the improvement of the quality
of prediction.

2.2 Methodology

This study investigated the effect of a series of independent
variables on energy use. In order to develop a reliable en-
ergy prediction model, several multivariate methods have
been applied for the analysis. Figure 1 illustrates the re-
search workflow that was followed to reach the main goal
of this study, the main steps are identified in the graph.
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Fig. 1: Diagram of the workflow of this study

3 DATA DESCRIPTION AND VARIABLES

This part of the document describes some characteristics of
the investigated building and a gives details of the wireless
sensor network that was build to capture the data. The fol-
lowing subsections illustrate profiles for all the incorporated
variables and an in-depth exploratory data analysis.

3.1 Data acquisition
The investigated house where the data was measured is
located in Stambruges, approximately 24 km from Mons
(capital of Hainaut province in Belgium). It is located at
50.3 N, 3.43 E, 135 feet above the average sea level, with
barometric pressure of 101KPa. The building was con-
structed and commissioned at 2016, it has a total usable
area of 278 m2, with 220 m2 of heated area. The Fig.2
shows a photograph of the south-oriented (+10◦ Southwest
from due South) façade for the building. The building has
a large list of appliances in each zone/room (living room,
laundry, kitchen, bathroom, etc.) of the house which rep-
resent a significant part of the overall energy usage, for ex-
ample, fridge, oven, computers, TV, dishwasher, etc. The
building was addressed and designed in accordance with

the standard of Passive House Planning Package [8], which
supports the development in the field of highly efficient en-
ergy use in order to increase energy efficiency in residential
buildings.

Fig. 2: Building Image

Household appliance energy consumption was registered
with energy counters that is called M-BUS, which is a new
European standard for reading of instruments and different
types of sensors.The use of M-bus allows fully electronic
reading of data. There is no need of maintenance and clean-
ing and it guarantee 10 years of reliable work, in our case it
serves as energy count meter, with original resolution of 10
minutes time steps.

The measurement of the temperature and humidity in-
formation was realized through a wireless sensor network
(WSN), a internet-connected energy monitoring system of
small embedded devices (sensors) that communicate wire-
lessly following an ad hoc configuration. Specifically, the
WSN used for environmental monitoring is called ZigBee,
which consists of a coordinator that collect temperature and
humidity data from several nodes that are responsible to
provide those data. Each sensor node is developed from
an Arduino based microcontroller Atemega-328P [11], ra-
dio Xbee [14] and basic digital temperature and humidity
sensor DHT22 [15]. The Atemega-328p is a, high per-
formance yet low power consumption (powered by batter-
ies), 8-bit microcontroller used in Arduino board. Xbee re-
fer to modules that provide wireless end-point connectivity
to devices, with 2.4 GHz frequency. The DHT22 sensor
has relatively good specification compared with other sim-
ilar sensor, its temperature measuring ranges from -40°C
to +125°C with ±0.5 degrees accuracy, humidity measur-
ing ranges, from 0 to 100% with 2-5% accuracy. The pro-
grammed Atemega-328p microcontroller read the DHT22
sensor data and deliever it to XBee radio and then transmit-
ted to another XBee that serves as coordinator since it is
necessary to guarantee high-quality communication inside
the large building.

3.2 Exploratory analysis
The raw data of energy use for the appliances (measured in
Wh) were registered with a 10-minutes resolution, this vari-
able is the focus of this analysis, also the response variable
that will be predicted by the model. The reporting interval
of 10 minutes was an adequate resolution to be able to de-
tect any abnormal performance during the whole period. All
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Fig. 3: Image of wireless sensor with three components:
microcontroller Atmega-328P, temperature and humidity
sensor DHT22, radio XBee

related operations (data cleaning, visualization, implemen-
tation and validation of the models, etc.)was done in RStu-
dio [12]. The total time period of the data set has a duration
of 137 days (from January to March). The Fig. 4 depicts
the appliance energy use of a fraction the studied period (in
fact, the data of the second week), it can be seen in the line
chart that our dependent variable (energy usage) is wildly
fluctuating (ranges from 10 to 1080 watt-hour), although
there exist some flat time following the spikes, the curve
represents a very variable tendency and lots of peaks are
shown, these could be explained by that few equipment like
refrigerators that continuously consume energy have stable
energy pattern while other appliances like dishwashers and
TV have significant temporal variation.

Fig. 4: Energy consumption

A box-plot (Fig.5) is made in order to understand bet-
ter the distribution of the energy consumption, where the
median was located in the bottom side on the box-plot(the
median was indicated using the black line inside the orange
rectangle), the higher whisker has a value of 170 watt-hour,
a number of 10 watt-hour can be seen as the lower hinge
of the box-plot. Further, it can be deduced from the box-
plot that the distribution of data is quiet disperse and does
not follow a Gaussian distribution as a large amount of data
were situated above the median, ranged from 200 watt-hour
to 900 watt-hour, which were marked with round circles
above the upper edge, being interpreted as outliers.

To make the model representative, it is crucial to work
with high-quality data, hence, the dataset was cleaned
manually by detecting abnormal registered data (probably
caused by operational disruption, mechanical flaws, soft-
ware errors, etc [16]).

As mentioned beforehand in the literature review section,
time could be an useful pattern to forecast the energy use for

Fig. 5: Box-plot

the reason that it can reflect the human activity habits (the
energy use is likely to be high when there are occupancy
acting in the building), therefore, it can be useful to gen-
erate extra factors based on the time such as TOD (time of
the daym, expressed by number of seconds from the 0 a.m)
and the DOW (day of the week, Monday, Tuesday, Wednes-
day...).

To summarize, the considered variables of these study
can be categorized in the following groups:

• Response/dependent variable, which is the variable
that will be predicted using different models, which
names: Appliance.

• Variable that reflects occupancy information of the
building: Lights.

• Temperature data measured from different room of the
building: Temperature in kitchen (T1), living (T2),
laundry (T3), office (T4), bathroom (T5), outside (T6),
ironing (T7), teenager (T8), parents room (T9).

• Relative humidity measured from different room of the
building: Humidity in kitchen (RH1), living (RH2),
laundry (RH3), office (RH4), bathroom (RH5), outside
(RH6), ironing (RH7), teenager (RH8), parents room
(RH9).

• Meteorological data obtained by a weather station in
the vicinity of the building, including: outside tem-
perature (To), atmospheric pressure (Pressure), outside
humidity (H0), wind speed, visibility, dew point tem-
perature (Tdewpoint).

• Data derived from the data time: time of the day (TOD,
expressed in seconds), day of the week (DOW, refers
to Monday, Tuesday, Wednesday...)
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The raw data was based on time series at the beginning,
and owing to the fact that the order of the autoregressive
process were not known, it was critical to investigate au-
toregressive properties using PACF (partial autocorrelation
function) to guarantee that the collected data are indepen-
dent and to not violate the usual assumption of independent
errors made in regression models, so that each observation
in the dataset was then treated as independent [18].

An interesting step to take during the process the anal-
ysis is calculating the cor-relationship between parame-
ters/variables, correlation coefficients are indicators of the
linear relationship between two different variables. A lin-
ear correlation coefficient greater than zero suggests a pos-
itive relationship, a correlation of 1 is total positive corre-
lation. A value less than zero signifies a negative relation-
ship, -1 is total negative correlation. Finally, zero correla-
tion means that the two variables are independent. Two cor-
relation matrices (Fig.6 and Fig.7) were made to depict the
relationships between all pairs of variables with the energy
consumption of appliances. These figures show ones along
the diagonal since the correlation coefficient respect to the
variable itself always equals to one, the grids has scaled col-
oration where blue color indicates positive correlations and
red color represent negative relationship. Besides, the dark
the color imply a strong positive/negative correlation while
a light color indicates a weak correlation.

Taking a careful look at the first correlation matrix, some
interesting finding can be explored, first of all, it illustrates
that energy consumption of appliances and lights (0.2) are
positively correlated and it is the largest positive values be-
tween energy use and other variables in the first plot. The
second highest value is with T2 and T6 which are both equal
to 0.12. As we expected, the temperature variables have
high correlations among them, for instance, T1 have a pos-
itive high correlation coefficient 0.89 with both T3 and T5,
this finding may indicate that various rooms in the building
are heated at the same time or share a same heating/cooling
system.

Continue looking at the first correlation matrix and fo-
cusing on the relative humidity information, RH2 (living
room) and RH6 (outside) are negatively correlated with the
appliance energy use with values of coefficient -0.06 and
-0.08 respectively, which implies that energy consumption
in these areas is lower compared to another zones, so when
people stay in these places, the humidity increase (due to
human presence) but the appliance energy usage tends to
decrease. While for another rooms, distinct behaviours
were found, for example, there exist a positive correlation
between appliance energy consumption and RH1 (relative
humidity in the kitchen), maybe the reason for such rela-
tionship is related to the equipment in the kitchen area such
as oven, dishwasher and microwave have high energy con-
sumption, therefore, once occupants operates these appli-
ances, the energy use begin to increase. There exist, as well,
some slight positive correlation of 0.01 and 0.02 between
appliances energy use with respect to RH5 (bathroom) and
RH4 (office).

When it comes to the second correlation matrix, a
attention-catching value can be seen when look at the first
row (the first row or the first column is of greatest inter-
est since one of the purpose of this work is to quantify the
impact that different variables have upon the target vari-

able: energy consumption), the highest correlation is the
one respect to time of the day (TOD), it make sense as the
behavior of occupants shows temporal pattern, more en-
ergy would be used when residents were home during the
evening and large number of appliances were turned on.
Therefore, it can be useful to take the time variable TOD
into consideration while implementing the model, this find-
ing can also be shown in the Fig.8 where a heat map was
made to show the time component.

Outdoor temperature (Tout) is positively correlated with
appliances’ consumption with a value of 0.10, which means
the higher the outdoor temperature is, the more energy is
consumed, it is possible that cooling system works more
when outdoor temperature is high. Some negligible corre-
lation with energy use were found for T7 (ironing room,
0.03), T8 (teenager room, 0.04 ) and T9 (parents room,
0.01), which may inference that energy consumption in this
area is irrelevant in relation to the other rooms.

Regarding the humidity data in the second matrix, it
shows negative correlation between energy consumption
and RH7, RH8 and RH9 being -0.06, -0.09 and -0.05 re-
spectively. It is possible that when the relative humidity
increase (normally because of human presence), due to the
low energy (compared with other devices) consumption of
appliances located in these bedrooms, the power demands
tend to decrease.

It is worthy to discuss some interesting finding in the ex-
ploratory data analysis considering the two correlations ma-
trix as a whole. One thing that catch attention is that tem-
peratures are highly correlated (0.84 for T1 and T2, 0.89
for T1 and T3, 0.88 for T1 and T4, 0.89 for T1 and T5,
0.94 for T7 and T9, etc.), this may indicate that the rooms
share a same heating/cooling system in the design level, and
one universal thermal method may be suitable for thermal
modeling, where further investigation could be conducted.

4 MODELS IMPLEMENTATION

In this section of elaborating the prediction model, there
first step was Principal Component Analysis (PCA), it is im-
portant since it helps to diminish the dimentionality, which
refers to reducing the number of input variables so that we
can consider only a small portion of variables and make the
model as concise as possible. After selecting relevant vari-
ables, different models (MLR,GLM and RF) are trained,
two types of linear regression models (MLR and GLM)
are determined using two different parameter optimization
techniques (OLS VS MLE). Then, the trained models (in-
cluding RF) are shown and a comparison of performance of
different models will be realized.

4.1 Reduction of dimension using PCA
Principal component analysis (PCA), is a statistical proce-
dure that helps summarizing the information content of a
large volume of variables by means of a smaller set of prin-
cipal components, it helps us to identify patterns in data
based on the correlation between features.The goal of PCA
is to identify the directions where the data varies the most,
the PCA method is especially useful when the variables are
highly correlated, which suites well our situation since the
temperature/humidity data of different rooms are correlated
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Fig. 6: Correlation matrix showing relationships between the energy consumption of appliances with some variables

Fig. 7: Correlation matrix showing relationships between the energy consumption of appliances with other variables
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Fig. 8: Hourly energy consumption of appliances of the first
week, a time pattern can be observed.

as shown in the part of exploratory analysis. Specifically, in
this context, it contributes to the feature selection and gets
an initial approximation of the most statistically significant
variables [19].

Fig. 9: Proportion of variance explained by each eigenvalue

Fig. 10: Scree plot

The proportion of variance explained by each eigenvalue
is shown in the second column of Fig.9, in which we can
see that 33.37% of variance can be explained by principal
component 1, 25.3% of variance can be explained by prin-
cipal component 2, 7.2% of the variance can be explained
by principal component 3. Accumulating the first 3 com-
ponents, 65.96% of the variance can be explained, which is
not a relatively bad result considering all the 28 variables
that we take in to account, the aforementioned information
is also reflected in the scree plot, which reveals how much
variation each PC captures from the data. The y axis refers
to the eigenvalue, which essentially stand for the amount
of variation. The purpose of using a scree plot is to select
which principal components to keep, an ideal curve should
be steep, then bends at an “elbow” (cutting-off point), and
after that begins to maintain stable. In our case (Fig.10), PC
3 could be an adequate ”elbow” that we look for, as a con-

sequence, the first, second and third principal components
are sufficient to describe the data.

In order to get better understanding of the constitution of
these most important principal components, further steps of
PCA analysis were performed. The Fig.12 (in Appendix)
shows the quality of representation for variables on the fac-
tor map. It is calculated as the squared coordinates (coordi-
nates of variables along each dimension). A high value indi-
cates a good representation of the variable on the principal
component meanwhile a low value give an indication that
the variable is not perfectly represented by the PCs. We can
deduce that variables of temperature can be well explained
by the first principal component while the humidity data can
be explained mainly by the second PC.

Finally, the factor map (see Fig.13 in Appendix), which
control colors according to variable contributions, shows
the relationships between all variables, where positively
correlated variables are grouped together. Since all vari-
ables related to temperature are closed to each other, being
orthogonal to the axis of dim1, variables related to humidity
are grouped in another cluster and tend to be perpendicular
to dim2, it can be concluded that temperature and humidity
are relevant in this analysis.

All those graphs regarding PCA analysis described above
are information-telling as they suggest that variables regard-
ing temperature and humidity are of good quality and con-
tribute great proportion to the most relevant principal com-
ponent such as the first and the second PC. This helpful clue
can guide us to select adequate variables to implement our
prediction models in the next section.

To build our models, the filtered data was split into two
subsets: training and test, where three quarter of the data
(14803 rows) was used for the training of the models and
the rest 25% accounted for testing set.

4.2 Implementation of MLR models
The first implemented model was the Multiple linear Re-
gression. Multiple linear regression (MLR) is a statisti-
cal technique that uses a series of explanatory/independent
variables to predict the response/dependent variable. MLR
has the potential to be an adequate model in the matter of
implementation complexity, it is easy to follow and it is
adaptable to the different cases within a acceptable mar-
gin of error [9]. The equation that relates y-variable to x-
variables is commonly expressed by:

yi = β0 + β1x1 + β2x2 + . . .+ βixi + ϵi.

where yi represents the response variable, βi refers to
the slope coefficient in the predictors, xi is the independent
variables and ϵi stands for error term.

It is essential to diagnose several fundamental assump-
tions for linear regression model, for example, examine
spread-location plot to check the homogeneity of variance,
visualize the QQ plot of residuals to estimate the normality
assumption.

In this part, MLR model based on Ordinary Least
Squares(OLS) was trained, OLS is a technique used for
modelling of linear relationships between a response vari-
able and one or more predictor variables, the MLR model
is trained in a manner that the sum of squares of differences
of prediction and observed values will be minimized.
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MLR models based on different subset of variables were
trained and validated using the previously separated data
sets, the comparison of results for training and testing sets
among these models (built with different sets of variables)
is displayed in the table 1.

TABLE 1: MLR MODELS WITH OLS

Variables MSE Tr R2 Tr MSE Te R2 Te
Temperature 99.52 0.08 95.71 0.09

Humidity 98.33 0.094 94.53 0.11
All 94.35 0.16 90.39 0.18

The tabla contains 4 columns, where the first two
columns refer to the training set and the last two columns
show the testing set. The first row imply training the model
with all the variables related to temperature (T1, T2, ... ,
T9), while the second row means training the model with
all the variables concerning humidity (RH1, RH2, ... ,
RH9). The last row refers to the model that trained with
all the independent variables. It can be seen that the last
model, as the more complete one, has the best performance
than the first two MLR models based on only a subset of
the variables. However, that does not necessarily conclude
that models based on only temperature/humidity variables
have inferior performance, since they employed less num-
ber number independent variables and were trained more
rapidly, these models are worthwhile in cases where preci-
sion is not the first priority.

4.3 Fit Generalized Linear Regression mod-
els using MLE

Apart from determine the parameters only using the default
method (OLS) integrated in R, we also fit our linear model
using MLE technique to make a comparison, in this case,
a Generalized Liner Model (GLM) is discussed. As men-
tioned before, a common method to estimate coefficient lo-
cated in MLR model is Ordinary least squares, however,
OLS makes assumptions about the elements of the error
term follows Gaussian distribution, which is not always ap-
propriate for every problem, it is possible that they are inde-
pendent to each other. Generalized linear model is a flexible
generalization of ordinary linear regression and can be used
as a method to ”relax” the assumption of errors term.

The technique that the generalized linear model uses to
estimate parameters (i.e.intercept and slopes) is called max-
imum likelihood estimation (MLE). This technique is dif-
ferent than the technique used for OLS regression model
which sought to minimize the sum of squared residuals,
although it turns out that OLS regression technique is the
maximum likelihood estimate for a simple linear model.
Actually, if we suppose the error distribution as a Gaus-
sian error distribution with an identity link function, we are
estimating a traditional linear model (MLR).

It seems that they are identical methods, but in fact, Gen-
eralized linear models (GLM) extends the basic idea of
MLR model to incorporate more diverse outcomes and to
specify more directly the data generating process behind our
data. The reason why set up this more complex framework

is that by changing the error distribution and link function,
it is possible to accommodate a broad set of models that
are cannot be estimated well by OLS regression techniques.
It can be seen that in our model, there are categorical type
variables (for example, DOW which represents the day of
the week), which is why, to make such prediction, a gener-
alized linear model can be used, taking into account that the
distribution family in this case is Poisson.

To make a proper comparison, we establish the three
GLM models using the same subset of variables (variables
related to temperature, variables related to humidity and all
registered variables) as the three MLR models developed
before.

TABLE 2: GLM MODELS WITH MLE

Variables MSE Tr R2 Tr MSE Te R2 Te
Temperature 98.3 0.095 95.72 0.08

Humidity 98.5 0.0927 94.52 0.11
All 94.4 0.165 96.10 0.18

GLM models based on different subset of variables were
trained and the difference between these models is dis-
played in the table 2. Similarly to MLR, the model with
highest number of variables tends to be more precise. Com-
paring with the table 2 of the MLR model, a small im-
provement can be seen as the MSE tend to be lower and
R-squared tend to be slightly higher, which correspond to
our theoretical expectation that GLM models are more suit-
able for this data set.

4.4 Machine Learning Algorithm – Random
Forest

This part of the work discuss a machine learning algorithm,
the random forest (RF) models were implemented for pre-
diction of energy consumption using different set of pre-
dictors and were compared to investigate the importance of
these variables and identify the most influential features.

Random Forest Regression is a popular machine learn-
ing algorithm that belongs to the supervised learning tech-
niques, it uses ensemble learning method for regression,
can perform both classification and regression tasks for
Machine Learning by constructing a multitude of decision
trees.

Fig. 11: Training process for Random Forest

The Fig.11 shows the relationship between the error and
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number of decision trees that form the forest, the error de-
crease rapidly until when number of trees approximates 80,
suggesting that optimal number of tress is around 80 which
corresponds to the ’elbow point’.

Analogy to the prediction model established before, three
RF models using three sets of variables was developed and
the results are shown in the table 3, we arrive the same
situation as before, in which the model deployed with all
variables had lowest MSE and highest R-squared compared
with other two models that used less predictors.

TABLE 3: RF MODEL

Variables MSE Tr R2 Tr MSE Te R2 Te
Temperature 33.14 0.92 66.02 0.57

Humidity 33.34 0.93 68.73 0.54
All 30.28 0.94 65.95 0.57

The relative importance of variables for the random for-
est model was also studied, being quantified by the residual
sum of squares (RSS that mesures the level of variance in
the error term). According to the RF algorithm, the most
important parameters are: TOD, RH5, lights and atmo-
spheric pressure. The random forest model represent a MSE
of 60.46 and has ability to explain 57.55% the variance (ac-
cording to the R-squared value), which shows a significant
improvement than all the models of linear regression class
(MLR and GLM).

4.5 Performance and comparison of models
The experimental data shows that the RF models present
notable advantages in energy consumption prediction and
is the optimal prediction model compared to other designed
models (MLR and GLM). The best model of type RF was
trained with all dependent variables, it is capable of explain-
ing 94% of the variance in the training split and is able to
explain 57% of the variance in the testing split (while MLR
and GML had merely less than 20% R-squared value), de-
spite the difficulties related to prediction modeling of en-
ergy consumption.

5 CONCLUSION

It can be concluded that for this specific dataset the ideal
model was based on the random forest method, while the
GLM model also provide considerably good result. MLR
methods is able to explain the building energy consumption
using an linear combination of the influencing variables in
a simple way although the precision in considerably low
compared with other models. Random forest algorithm was
proven to be reliable and effective, outperform linear regres-
sion in this case, the explanation could be the RF has more
larger number of parameters and can therefore fit more eas-
ily than regression models that has few number of parame-
ters.

It is worth to point out the TOD was the most influen-
tial predictor that dominate the forecasting task, which can
possibly explained by that the energy use is mostly deter-
mined by human activities since the occupants have their

own daily routine and repeat on daily basis.
The study of data has shown intriguing findings in both

the exploratory data analysis and model implementation.
The correlation matrices demonstrate the different rela-
tionships between parameters. PCA analysis can be es-
pecially useful when we process a huge amount of col-
lected variables and find the relevant parameters.The MLR
and GLM models have similar performance when evaluat-
ing the model with MSE and R-squre, RF models improve
the precision considerably compared with these two linear
based model. The implemented models could be practical
for energy prediction and energy building simulation stud-
ies thanks to their precision and simplicity, additionally, it
could have potential capability to serve as a great support
tool for industry as it can be customized within a short time
to find energetic solutions.

The results from the analysis of the dataset stressed the
significant importance of studying the data before training
the model. It is indispensable to filter and clean the dataset
after an in-depth investigation, in fact, a big part of data
engineer’s job consist of data cleaning. It is necessary to
guarantee the quality of data before employ the prediction
model.

Employing analysis based on data regarding only one
house is one of the limitation of this work, it would be
beneficial if more scenarios were investigated. Moreover,
the study could have been robuster if more data were given,
since short period of data may not be able to detect seasonal
pattern or tendency of consecutive years. The prediction
of energy use could possibly more precise if more sensors
were installed to collect more variety of data.

Future work could be done in order to improve the model,
for example, considering more meteorological information
such as raining, more human activity information such as
occupant’s behaviours, even design factors like morphol-
ogy of the building and thermal inertia could be helpful to
identify relationship with other parameters, provide better
understanding and hence improve the accuracy. More ad-
vanced study could be addressed to improve robustness of
the model and transfer to other similar buildings.
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Fig. 12: Quality of variables
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Fig. 13: Variables Factor Map


