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ABSTRACT
Various methods and algorithms are used in predicting electric-
ity consumption. Data-based methods can produce mathemati-
cal models with efficiency and good accuracy and do not require
professional knowledge. In this research, electricity consumption
prediction will be performed based on training a Monte Carlo (MC)
simulation on each leaf generated by the regression tree (RT) algo-
rithm. The prediction no longer relies on the average of the samples
contained in the leaf, but now relies on the sample probabilities.
Often the regression tree algorithm gives overfitting results, so
training each leaf will eliminate this. The dataset from Trapeznikov
Institute of Control Sciences (TICS), Russia will be used to train
and test the proposed method were obtained from because they
were adequately recorded. The proposed Monte Carlo Regression
Tree (MCRT) algoritm is used to train monthly data and tested on
different months’ data. The results are used to make predictions
of daily trend usage to determine if there is any irregularity in
electricity consumption.
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1 INTRODUCTION
Population growth and the effects of global climate change have
caused the use of electrical energy to increase day by day. Coupled
with so many inventions of electronic equipment which certainly
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requires electrical energy to drive it. Also, the establishment of
office buildings, including campus buildings that require electrical
energy for the activities of its occupants [1]. According to a report
from the International Energy Agency [2], buildings energy demand
increased by around 4 per cent from 2020 to 135 EJ – the largest
increase in the last 10 years and CO2 emissions from buildings
operations have reached an all-time high of around 10 GtCO2,
around a 5 per cent increase from 2020. (IEA, 2022).

Some recent studies show that office buildings including univer-
sities account for about 40% of the electrical energy demand and
greenhouse gas emissions worldwide, due to increasing popula-
tion and affluence. To improve building energy efficiency solutions
such as smart control, wastage detection, and demand management
strategies have been developed to address this increasing challenge
[3–5].

One of the best ways to save electricity consumption in buildings
is through efficiency measures. The development of optimal control
strategies is attracting increasing attention and is becoming one of
the main solutions to achieve building energy efficiency. To execute
an optimal control strategy, forecasting building energy consump-
tion is generally an important component to enable the control
system to determine the optimal control settings to achieve energy
or cost savings. Precise prediction of building energy consump-
tion is essential for the development of effective building energy
management strategies to allow building energy consumption to be
determined in advance so that the system can detect unreasonable
load changes over time and thus avoid energy wastage [6, 7].

The accuracy of energy consumption prediction will directly
affect the overall control performance and energy savings. The
research results [8, 9] show that significant control performance
improvement and more efficient operation can be achieved by pro-
viding more accurate predictions and using predictive controller
model formulation. Data-driven approaches are machine learning
techniques that focus on learning mathematical models to repre-
sent the dynamics of a data set, efficiently generating mathematical
models [10, 11]. It is easier to use than model-based approaches
that rely on highly specialized knowledge and significant time and
effort. Furthermore, this approach is not generalized, so the derived
model can be different for each different building structure [12–14].

2 RELATEDWORK
Research conducted by [15] offers an improvement in the building
consumption profile to show a better profile of the electricity load
using statistical methods, Monte Carlo and probability distributions.
It is to identify weaknesses and possible improvements in building
energy management with the best scenario to optimize demand
using Monte Carlo.
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This research implemented Decision Tree (DT), Random Forest
(RF), and Gradient Boosted Regression Tree (GBRT) methods on
residential buildings as the second largest electricity consumers
in Turkey. The goal is to detect the factors that determine house-
hold electricity consumption in Turkey. Since the GBRT method
provides the lowest Root Mean Squared Error (RMSE), the impact
of each variable on electricity consumption is analyzed by this
method. With the help of Partial Dependence Plots (PDP) provided
by the GBRTmethod, the impact of each categorical and continuous
variable is presented [16].

The prediction specifying quantile regression models based on
Gradient Boosted Regression Trees proved to improve accuracy over
multiple linear regression models at the cost of more complexity.
However, it still has simpler specification and tuning compared to
other machine learning approaches [17]. The next research [18]
states Boosted regression tree (BRT) is a combination of a boosting
method and a decision tree algorithm that is repeated to evaluate
and correct inaccuracies at each step. As a result, BRT is robust to
missing values and outliers, and performs well with large datasets
and many observations. The approach evolves the regression tree
(RT) incrementally, using an encoded descent function to evaluate
and improve the accuracy at each step. Machine learning techniques
are used to solve this regression problem. Boosting Regression tree
creates an incremental succession of trees in a regression situation,
then selects the best tree by using a randomly differentiable loss
function. The number of trees required for optimal prediction is
determined by a combination of these two factors [19].

The proposed Monte-Carlo simulation [20] has the main advan-
tage of better distributional results. The results are more robust
compared to previous studies, as a wide range of system configu-
rations are explored, and the results can be used for grid planning
and enable an integrated view of the energy system coupled with
other sectors. In this study, synthetic time series based on demo-
graphic data, and scenarios are used, and the proposed simulation
methodology is based on individual behavior, so there is no need
to use multidimensional factors as often used to determine grid
dimensioning. Furthermore, the research utilizes Markov Chain
Monte Carlo approach and the Seasonal Autoregressive Integrated
Moving Average (SARIMA) model to estimate short- and long-term
wind power. The framework draws Markov Chain time series data
on wind energy to maintain stochasticity and realize the probability
transition matrix [21]. To improve the power system resilience eval-
uation framework and analyze the impact of multiple micro-grid
availability on power system resilience. The proposed quantitative
resilience measure can be used in decision-making by power system
operators and planners for future planning and capacity enhance-
ment schemes. To accommodate the impact of multiple microgrids,
a discrete multi-time transition model of the power system in re-
sponse to extreme events. The system state probabilities (normal,
microgrid, and emergency) are determined using time-independent
transition matrices and correspond to homogeneous Markov chains
[22].

3 PROPOSED METHOD
In this section, an electrical energy consumption prediction algo-
rithm based on the Monte Carlo (MC) algorithm combined with

Regression Tree (RT) will be discussed. Specifically, for each leaf
of the binary tree formed using the RT algorithm, an MC model
will be inserted into it, with the aim of producing more accurate
predictions. Furthermore, a case study used to validate the accuracy
of the predictive model of the proposed algorithm will be discussed.
In this case, the accuracy of the predictive model will be tested on
a common dataset from a Russian university.

3.1 Model Regression Tree Definition
Suppose that X∈R<×= is a data set containing information of mea-
sured electrical parameters of a building, with m and n denoting
the number of samples and parameters contained in the data set,
respectively. In particular, the proposed algorithm aims to generate
a prediction of energy consumption per unit time, based on the in-
formation of p = [? (1) ? (2) · · · ? (<)]ᵀ ∈ R< which are the active
power parameters of a building using the MC and RT algorithms.
This prediction algorithm will be divided into 3 main parts: (1)
definition of RT model, (2) insertion of MC model in each RT leaf
and (3) prediction of electricity consumption data in this study.

Suppose from the data set - state that - = [-4 -C ] where -4 =

[e1 e2 . . . en1 ];-4 ∈ R<×=1 is a set of electrical parameter data
with ei = [48 (1) 48 (2) . . . 48 (<)]ᵀ ; ei ∈ R< ; 8 = 1, 2, 3, . . . , = are the
electrical parameters 8 − Cℎ. Furthermore, -C = [~ m d h mi] ∈
Z<×5 is a data set that states the time information of the data set of
- , where~,m, d,h, andmi sequentially expresses year, month, day
names (Monday, Tuesday, so on), hour and minute information. By
definition, therefore p ∈ -4 as, p is the active power information
that is part of the electrical parameters.

In this case, the information of the active power will be affected
by the current and voltage. The voltage derived from an electrical
substation should be a constant value in the range of 220 + ± 11 +
which is a standardized value of state-owned power plants (PLN)
so it does not need to be modeled. Thus, modeling is sufficient for
the electric current. For example � = [O1 O2 O3] ∈ R<×3 is the set
of current data from phase 1 to 3. For each phase electric current
available, a RT model can be derived dependent -C to estimate the
electric current consumption at each time, following the equation
1):

�̂ 9 (:) = 5')9
(xt (:)) (1)

with �̂ 9 (:) prediction from the phase electric current 9 − Cℎ,
xt (:) = [~ (:) <(:) 3 (:) ℎ(:) <8 (:)]; xt (:) ∈ -C is the time infor-
mation vector measured at the time : and 5')9

: R5 → R represents
an RT function to predict the phase electric current 9 − Cℎ. In this
case, the RT model for predicting the electric power consumption
of a building can be expressed as equation 2):

?̂ (: + 1) = 5')?

(
xt (:) , �̂1 (:) , �̂2 (:) , �̂3 (:)

)
(2)

where ?̂ (: + 1) is a prediction of electric power consumption at
the time of : + 1 and 5')? : R

8 → R is an RT function to predict
active power based on 3-phase current and time information.

3.2 Monte Carlo on the Regression Tree Model
In order to improve the accuracy of the model formed in step 1.1,
then for each leaf of the 5')? will be inserted an MC model to
estimate the active power. Suppose that -? = [-C � ] is a data set
related to the active powermeasurement of a building. Furthermore,
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Table 1: Model Predictive Accuracy for classical and MC-based RT algorithm

8th October 2021

Algorithm RMSE NRMSE
Classical RT 125.39 93.54

MCRT 124.56 93.87

10th November 2021

Algorithm RMSE NRMSE
Classical RT 243.47 91.85

MCRT 243.14 91.86

assume that Z is a binary tree model generated by the function 5')?
using the data -? . Thus, for each leaf ; = 1, 2, . . . , ! there will be L
small datasets, '; as such that* ;=1

!
'; = -? . The main purpose of

this stage is to insert an MC model in each of the following '; ∈ Z .
Suppose that the ; (x̄t (:)) = {; : x̄t (:) ∈ '; } is a function to

determine which leaf is occupied by the data x̄t (:) at tree Z
with xt (:) = [ xt (:) �̂1 (:) �̂2 (:) �̂3 (:)], then ∀'; ∈ Z , ∃pl =

{p : x̄t (:) ∈ '; };pl ∈ p. In this case, it is possible to create MC
simulations for pl . Suppose that p̃l is pl which has been sorted
from the smallest to the largest. Hence in this case, it is possible to
group the values of the p̃l based on its quartile values, for example,
a random variable can be defined as �; in equation 3):

�; =


1 98:0 ?; ≤ &;1 ; % (�; = 1) = ?;1
2 98:0 &;1 < ?; ≤ &;2; % (�; = 2) = ?;2
3 98:0 &;2 < ?; ≤ &;3; % (�; = 3) = ?;3
4 98:0 ?; ≥ &;3 ; % (�; = 4) = ?;4

(3)

with&8 states the quartile 8 − Cℎ from p̃l . Further, a new parameter
can be defined, bl = [1; (1) 1; (2) 1; (3) 1; (4)]ᵀ ∈ R4 as a vector
with information of the average for the data contained in each data
segment. For example 1; (1) is the average of all values ?; ∈ p̃l
associated with �; = 1, or, with slight abuse of notation, 1; (1) =
āl (1); al (1) = {?; ∈ p̃l |?; ≤ &;1, }, dengan ā; (1) declare average
from al (1).

3.3 Electricity Power Consumption Prediction
As shown above, it is possible to predict the value of the active
power at a certain time. For a random number set x ∈ [0, 1]nt with
=C denotes the sum of random numbers, let’s say xpl as an index
vector equation 4), thus ∀G ∈ x :

G?; =


1 8 5 G < ?;1

2 8 5 ?;1 ≤ G < ?;2
3 8 5 ?;2 ≤ G < ?;3

4 8 5 G ≥ ?;3

(4)

which in this case, the prediction of active power at the time of
xt (:) can be expressed as equation 5):

?̂ (k) =
=C∑
:=1

1;
(
G?; (:)

)
=C

(5)

where ?̂ (:) is the prediction of the power at time k.

Figure 1: V.A. Trapeznikov Institute of Control Sciences of
Russian Academy of Sciences

4 RESULTS AND DISCUSSION
Experiments were conducted using Matlab to process datasets from
the V.A. Trapeznikov Institute of Control Sciences (TICS) of the
Russian Academy of Sciences Figure 1 available for 2 years 2020
and 2021. The results shown use feeder data of 41 June and July
2021 as training data and use data of 8th October 2021 and 10
November 2021 as test data. The dataset were preprocessed before
applying the proposed algorithm in order to clean the dataset from
several missing data points that occurred randomly. Table 1 shows
the model predictive accuracy for both algorithms, while Figure
2 shows the plot of the electrical power consumption on selected
dates.

FromTable 1. We can see that the proposed algorithm can predict
the dynamics of the power consuption precisely. As in Figure 2, it
can be seen that the MCRT predicted power consumption closely
resemble the true power consumption data provided by TICS. In
particular, the average accuracy on both dates is 92.86 for the MCRT
algorithm and 92.69 for the classical RT algorithm. From this result,
we can see that assigning MC algorithm into each leaf of the RT
algorithm can potentially increase the model predictive accuracy
of the RT algorithm.

Figure 3 shows the daily power consumption prediction with the
proposed algorithm on the selected dates. From Figure 3 we can see
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Figure 2: Monthly Power Consumption for October (a) and November (b) 2021

Figure 3: Electrical power consumption plan for TICS on 8th October and 10th November 2021

that most of the true power consumption dynamics are contained
inside the bound defined by the proposed algorithm. There are
some violations to the power consumption at during 9 pm up to 3
am. This is mostly due to the limitation of the dataset, where the
power consumption during the last 2 months were slightly lower
during the summer, where on the October and November there
were more usage on the electrical power due to usage of the heating
appliances on the colder temperature during the autumn. These
results show the possibility of applying the proposed algorithm for
the purpose of building power consumption monitoring. I.e. it is
possible to combine this algorithm with remote control devices,
in order to check whether there are power usage outside of active
hour, and then turn it of remotely via the application of Internet of
things.
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