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Abstract

Multiple methods have been developed and implemented to reduce dependence
on fossil fuels and conserve electricity. However, accurately predicting electricity
consumption is essential before reducing it. Forecasting building electricity
consumption has become increasingly critical, as buildings account for 39% of global
electricity consumption. Among these, campus buildings are particularly energy-
intensive. In this study, we used Monte Carlo (MC) simulations—trained on each
leaf that generated by the regression tree (RT) algorithm—to predict the electricity
consumption of Widya Dharma University Pontianak (UWDP)'s campus building.
Unlike traditional approaches that rely on the mean of samples within a leaf, our
method incorporates their likelihood. Since RT algorithms are prone to overfitting,
training each leaf individually is expected to mitigate this issue. The data were
collected by measuring hourly electricity consumption on one floor of the UWDP
campus building over several months. The proposed MCRT prediction algorithm
achieved an accuracy of 91.61%, with a Root Mean Square Error of 3.49 and a
Normalized Root Mean Square Error of 0.09.

Introduction

Structural monitoring has become easier in the modern era due to the application of
the Internet of Things (IoT), which is capable of capturing various types of data related
to structures [1-4]. For example, the use of these devices allows users to track energy
consumption in a building at specific instances without incurring high maintenance
costs [5-7]. Mathematical models are then derivable from this data to create predictive
models that accurately estimate the overall energy consumption of a given building. This
approach is commonly known as the data-driven technique [8].

The data-driven technique involves developing a model of a specific structure based
on the data obtained from it [9-13]. In contrast to the model-based technique, the data-
driven model is built by leveraging the structure’s data, thus eliminating the need for a
complex understanding of the system. This ultimately lowers the cost of generating the
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model [14, 15]. One commonly used data-driven technique is the regression tree (RT),
which is based on decision tree learning (DTL) [16].

The regression tree (RT) algorithm is a machine learning technique that constructs
a binary decision tree to perform regression analysis [17, 18]. The core idea behind the
algorithm is to recursively partition a large dataset into smaller, more homogeneous sub-
sets by selecting the optimal split points that minimize the variance within each subset
(or leaf node) [19, 20]. By ensuring that each leaf node contains data points with mini-
mal variance, the algorithm enhances the homogeneity of the target variable, leading to
more accurate predictions [21]. This approach is particularly useful for handling com-
plex datasets, as it allows the model to capture underlying patterns without requiring
an in-depth understanding of the mathematical model [22]. Moreover, by reducing the
variance at each step, the RT effectively mitigates the nonlinearity of the dataset [23].
This algorithm has been shown to successfully predict energy consumption in buildings,
as demonstrated in [24—31].

Other deep learning techniques were not tested in this study because our sug-
gested approach is more straightforward and adequate for use on devices with daily
specifications.

Related works. The authors in [25] utilized the random forest (RF) algorithm, which
is a collection of regression trees (RTs), to forecast energy demand in a building located
at Pontianak, Indonesia. To enhance the predictive quality of the model, the authors
combined the RF model with poly-exponential correction terms. Based on their experi-
ment, they demonstrated that the combination of poly-exponential correction and RF
achieved an accuracy of 96% in predicting the building’s energy consumption. Another
research was conducted to model energy consumption in residential buildings, focusing
on the heating load (HL) and cooling load (CL) to optimize the energy consumption of
heating, ventilation, and air conditioning (HVAC) systems [26, 32, 33]. In their study,
the researchers deployed a decision tree model combined with least squares boosting
to model energy consumption. Their results showed that the combined methods effec-
tively decreased the root mean square error (RMSE) by 37-68% for HL and 30-41% for
CL, respectively. The authors in [27, 28, 34] researched modeling the daily electrical load
from the Electric Generating Authority of Thailand (EGAT) by leveraging RT and deep
belief network (DBN). Their findings indicated that the proposed method outperformed
other models, including long short-term memory (LSTM), artificial neural network
(ANN), support vector machine (SVM), and logistic regression (LR), in modeling the
electrical load.

The authors in [28] applied the RT-based approach to study residential energy con-
sumption during the COVID-19 quarantine mandates in Arizona, United States. They
found that hourly daytime and weather conditions significantly affected household
power consumption. Furthermore, they demonstrated that the RT-based approach
performed well in modeling residential power consumption in Arizona. The author in
[29] combined the RT-based approach with principal component analysis (PCA)-based
feature selection to model buildings’ power consumption using weather data. Their
research showed that the proposed method was able to successfully model the energy
consumption dynamics of four different datasets. Finally, the authors in [30] applied
RT-based methods to perform a short-term energy consumption forecast in the city of
Agartala, Tripura, India. They found that the RT-based model could accurately predict
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daily energy consumption and even provide estimations for weekly and monthly energy
consumption. In summary, previous research has demonstrated the potential of the
RT-based approach to model the energy consumption of buildings. In particular, the
RT-based algorithm has been combined with methods such as PCA, DBN, or even a
poly-exponential (PE) model to improve the predictive quality of the model. However,
none of these studies directly address issues with the base RT model itself, where the RT
model may be susceptible to extreme datasets or fail to perform well with scarce datasets
(35, 36].

Contributions. As previously shown, the RT-based method performs well in modeling
the power consumption of a building. However, it has some limitations. In particular, it
is prone to overfitting and does not perform well with extreme or scarce datasets. This
paper focuses on enhancing energy consumption modeling in buildings by incorporat-
ing IoT devices and the RT model. Specifically, this paper aims to improve the base RT
model by integrating a Monte Carlo simulation (MC) into each RT leaf, rather than sim-
ply combining it with another method. The proposed methodology is called the MCRT
algorithm. In the MCRT algorithm, the prediction of the RT model is no longer taken as
the average of the data corresponding to a specific leaf, but as a random process drawn
from the data contained within the leaf. This approach makes the output of the RT
model more robust than the classical RT model. Furthermore, the model generated by
this method will be applied to the building, optimizing its energy consumption based
on the power consumption scheme generated by the MCRT algorithm. In this way, it is
possible to optimize the energy consumption inside a building. This paper offered 3 con-

tributions as follows:

1. We showed the derivation of the MCRT algorithm based on the power consumption
dataset obtained from IoT devices.

2. We compared the model predictive quality of the classical RT algorithm and MCRT
algorithm and showed that the MCRT performed better than the RT algorithm.

3. We validated the methodology on the dataset obtained from the IoT devices installed
on the 4th floor of the Fransiskus Assisi Building of Universitas Widya Dharma
Pontianak. Furthermore, we will show that the electrical energy plan generated by the
MCRT algorithm can optimize the usage of electrical energy inside the building.

For the first contribution, we will apply the obtained results to an IoT device to control
power consumption. This approach has been explored in several studies, including [37,
38], and [39]. The author in [37] designed an IoT model to enhance the results of the
LSTM approach for forecasting electricity consumption using a CT (SCT-013030) sen-
sor and a NodeMCU ESP8266 microcontroller in real-time, with the ThingSpeak cloud
platform for data processing. In [38], a model connected to the Internet of Things (IoT)
was introduced to reduce electricity costs by increasing solar energy consumption and
extending the lifespan of solar panels via optimization. The model uses a lithium-ion
battery for energy storage and a thermal cooling system to regulate the panel temper-
ature. Data collected from sensors that monitor residency levels, temperature, humid-
ity, energy, and thermostat settings are sent to a cloud-based platform using IoT. The
authors of [39] presented a cutting-edge Android software for all-inclusive smart build-
ing management that enables users to use IoT devices to monitor and control data in
real-time. By acting as a bridge, the software helps users understand the operational
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complexities of smart building systems. Five distinct layers make up the suggested sys-

tem architecture: an Android app for user interaction, a Flask-based Application Pro-

gramming Interface (API) for data analysis and conversion, JSON files for data storage,

Python scripts for sensor data creation, and SQLite for effective data storage. Through-

out the smart building management process, this multi-layered architecture guarantees

smooth integration and reliable functionality.

The paper is organized as follows: In Sect."Monte Carlo (MC) simulation on Regres-

sion Tree (RT)", we will derive the MCRT model and discuss a specific case where this

algorithm is applied to our case study. In Sect."Problem formulation", we will describe

the dataset used to validate the methodology presented in this paper, as well as the met-

rics used to assess the predictive quality of the model. The research findings and out-

comes will be presented and discussed in Sect."Experiment setup”. We will analyze the

results in the context of the conditions of the research object in Sect."Case study: UWDP

campus". Finally, Sect."Model predictive quality parameters"will provide the conclusion

of this research and outline directions for

future studies.

Monte Carlo (MC) simulation on Regression Tree (RT)

In this section, an electrical energy consumption prediction algorithm based on the

Monte Carlo (MC) algorithm combined

with Regression Tree (RT) is discussed. Spe-

cifically, for each leaf of the binary tree formed using the RT algorithm, an MC model

is inserted into it, to produce more accurate predictions. Figure 1 shows the proposed

system with the objective of research on the campus building of the Widya Dharma Uni-

versity Pontianak (UWDP), Indonesia. Readers are encouraged to read [12] and [36] for

the basic notion of the MCRT algorithm, which was designed specifically for the sparse

dataset.

Problem formulation

Let D € R™* ™ be a dataset corresponding to the measurement of the electrical prop-

erties of a building. Furthermore, suppose that D consists of 2 parts, such as

D = [D; D,],

Electric Energy Consumption Prediction Based on Monte Carlo-Based Regression Tree (MCRT)

Build a data-driven model

Predict the building's
electrical energy consumption

A
- T
? Built
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T
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Fig. 1 A schematic of the proposed MCRT algorithm
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where D, denotes the time information of the dataset D and D, is the dataset related
to the measurement of the electrical power consumption in a building. The goal of this
algorithm is to estimate the power consumption, p € R";p € D,, such that it is pos-
sible to estimate the power consumption at any time instance, k. This goal is achievable
by following these 3 steps: Generate RT models, assign the MC model to each leaf of
RT’s, and define the upper and lower bounds for the prediction.

Step 1: Generate RT Models. To create an accurate power consumption model, the
first step is to create the RT model for each necessary electrical parameter. In this step,
according to the research conducted in [36], it is sufficient to build the model according
to the 3-phase electrical current’s information. Let I, I5 and I3 be vectors for mea-
suring the electrical current, where I+, I and I3 € R™;[I1 I5 Is] € D,. Then the RT
model for all 3-phase of current can be expressed as

L (k) = frr(ze (k) , L (k—1) [, (k—2),... I, (k — p)),
Iy (k) = frr (me (k) , I (k = 1), I (k = 2) ... Iy (k—p)), 1)

I3 (k) = frr (ze (k) Is (k= 1), , I3 (k — 2) ... Is (k —p)).

where, p denotes the order of auto-regressive (AR) terms, Tt = [T;1, Ti2,. .. Tim,)
denotes the vector of time measurement at instance k, with xy; is the ¢ — th time infor-
mation (i.e. day of week, day of month, month, etc.), fj (k) denotes the prediction of the
j — th electrical current at k.

Given Eq. 1, it is possible to express the model for power consumption can be
expressed as follows:

B(k) = frr (e (k) 5y (6), B (k) T3 (K) ) )

In particular, the model denoted by (2) is used as the main model for power consump-
tion prediction. In the next step, an MC model is assigned to each leaf of the model to
enhance the prediction accuracy.

Step 2: Assign MC models. The goal of this step is to assign an MC model to each leaf
of the RT expressed in Eq. 2. Let T}, be the tree of the RT model for the power consump-
tion as in Eq. 2 and L = [Lq, Lo, ... L;] be a collection ofleaves corresponding to the
tree 7. In addition, let py. be the vector that contains the value of p contained in the
leaf L;. For each leaf, a random variable R; can be assigned to it as in (3).

lif pp, <qr, (1)
L 3if qr; (2) < Pr, <du; (3) '
4if pr, > qu, (3

With gz, = [qr, (1) qz, (2) qr, Eq. (3)] denotes a vector that contains the value of
1st, 2nd (also known as median) and 3rd quartile of py, .. Let,
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Pr, = [P.(Rp, =1) ... PRy, =4)] (4)

i i

be a vector denoting the probability of the random variable R, and

be a vector containing the average of p for each sample that satisfies Ry, = 1,2,3 and
4. Given Egs. 3-5, it is possible to estimate the value of p (k). For a random vector
xr € [0,1]"", let

br, (1) if x, (j) < Py (Re, = 1),
br, (2)if %, () € [Pe (Re, = 1), 57, Pr (Re, = 1),
b, (3)if x. () € [ X7, Pr(Re, = 1), S0, Pr (Re, = 1)
br, (4)if x: (j) = 2L, Pe (R, =1).

g(j) =

Then, the estimate for p (k) is defined as
pk)=3"090). 6)

Equation 6 gives the estimated power consumption for each time instance. However, this
estimation is not sufficient. In particular, it is possible to assign upper and lower bounds
to estimate, the maximum and minimum consumption for that day.

Step 3. Let ¢ = p—p;e € R", such that e denotes the residual between the estimate
and real values. Let F (¢ ) be a metric of error measurement that depends on ¢ ( i.e., the
Root Mean Square Error or the Normalized Root Mean Square Error). The upper and

lower bounds of the estimate in (6) can then be expressed as follows:
Up (k) =p (k) +D (k) E(e),
Up (k) =p(k) —p(k)- E(e). )

Figure 2 shows an example of the prediction generated by Eqs. 6 and 7. In this case, the
NRMSE is used to represent the value E (e). In particular, the bounds provide relax-
ation toward the prediction by, providing a range of values to the prediction.

Experiment setup

In this section, we will discuss the data used in this study, specifically focusing on how
the model is generated from the UWDP dataset. Next, we will present the model’s pre-
dictive quality parameters, which include the root mean square error (RMSE) and the
Normalized Root Mean Square Error (NRMSE). Finally, we will present the circuit dia-
gram for the IoT devices, with particular emphasis on how the circuit is installed in the
classroom.

Case study: UWDP campus
This study’s dataset was gathered by monitoring the power usage of classes on the fourth
floor of UWDP’s Fransiskus Asisi Building. This floor was chosen as a sample because

the classrooms are consistently occupied with lecture sessions, making it ideal for
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Electrical Power Consumption Prediction for 10/9/2024

50
- === -Upper Bound
- = - = Lower Bound "":
40 F Baseline Consumption : | i
I :
1 1
- ;' _____ 1 1 =
i | 1 1
30 F ! . 4
= ' : . !
6 \ L = | | P
2 ' 1 : 1
-- 1 -- 1
g 20t } . : : 1
pe— I
8 : : 1 :
o \ 1 I ]
3 : ' ! '
[0) L ] 1 ] N
m 10 _I ! 1 .—I
I
: i T -
1
0:_: 1 S ——— g
I ! ! i
i p= T ks
______ > -
AT
_10 1 1 1 1 | | 1 1 1 1 1 | 1 1 1 1 1 1 1 1 1 1
SIPITRLPIIRRRO™I LN RRP PP P

hour

Fig. 2 Prediction of power consumption for 10 th September 2024. The proposed algorithm can generate bounds
to provide minimum and maximum electrical power consumption

observation. The hourly power consumption was measured by installing a clamp power
energy monitor on the three-phase currents in the control box, as shown in Fig. 3.

The dataset consists of 1,571 hourly samples, spanning from 11 th March 2024 to 15
th May 2024. The data includes five electrical parameters: three phases of currents, volt-
age, and the total current used in each power instance. In this study, 786 samples (50%
of the total data) were used to train the MCRT model, while the remaining samples were
used to validate the model’s predictive quality. Additionally, the AR order for the model
was set to 2. This choice was based on results from trial and error simulations, as well
as the consideration that the power consumption of the current instance might depend
on previous instances. We will also simulate other algorithms, such as the RT, Monte
Carlo (MC) simulation, random forest (RF), and gradient boosting (GB), since it has
been demonstrated that these techniques can accurately model a building’s energy use
in earlier studies.

Model predictive quality parameters

The suggested model’s prediction accuracy is evaluated using the RMSE and
NRMSE. The RMSE denotes the square root of the quadratic residual. For a vector
y=1[y(1),y(2),... y(n);y € R™ and its estimate 9, i.e., y and Y denote the actual
and the predicted values, the RMSE for y and ¥ is shown in (8).

RMSE (y,3) = \/ s (0-0) 8)

n
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Fig. 3 The clamp power energy monitors installed in the 4 th floor control box

Specifically, the smaller the RMSE, the more similar the estimate is to the true value. In

contrast, NRMSE is the normalized version of RMSE. Suppose that y ~ 0. Then, the
NRMSE for y and ¥ can be expressed as:

NRMSE (y,9) = x RMSE (y,9y). )

1
max(y)—min(y)
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Normally, the value of NRMSE ranges from 0 to 1 (in the case of a poor model, it is pos-
sible to exceed 1). Specifically, the closer it is to 0, the better the model. Thus, it is pos-
sible to define the accuracy of the model to be

%A (y,y) =(1— NRMSFE (y,y)) x 100% . (10)

In particular, these metrics were chosen the following needs: the RMSE was considered
to measure how far the prediction generated by the MCRT model deviates from the real-
ity. While the NRMSE was used to understand the normalized error of the overall pro-
cess. The %A instead was used as the opposite of the NRMSE, which explain the overall
accuracy of the model. Specifically, the higher %A is, the better the model in predicting
the consumption of a building. In this way, we will be able to understand how the model
perform in general.

To enhance the analysis, we also plot the parameter importance estimate. This esti-
mate is based on the sum of the node risk due to the split for each parameter divided by
the number of branch nodes. For example, a parent node splits into 2 child nodes, based
on the Gini Diversity Index (GDI), which is defined as follows:

G()=1-37,p; () (11)

where j denotes the j — th class inside the tree T, n is the total number of classes, and
p; is the probability of 2 different samples that are chosen randomly representing the
same class.

The Gini index as in Eq. 11 was used to measure how often a randomly chosen sample
woulf be incorrectly classified in a dataset (i.e., the lower the Gini index, the better the
classification). From Eq. 11, the parameter importance estimate can then be calculated
as the average of the node risk, i.e.,

I=330 G (k) (12)

where NN, indicates the number of branch nodes. In particular, the higher the impor-
tance estimate, the more crucial a parameter is. Thus, by calculating this estimate, it is
possible to check whether a parameter affects the model’s predictive quality. For exam-
ple, it is possible to drop the non significant features from the model to make a simpler
yet precise model.

Installation of automatic controlling devices
After the model derivation and validation process, the next step is to install an IoT device
that will optimize the power consumption plan, as shown in Fig. 4. This device will con-
trol electrical appliances in the classroom, such as air conditioners and lights. Figure 4
illustrates the schematic of the automatic control devices installed in each room on the
4th floor of the Fransiskus Assisi Building. The device includes passive infrared (PIR)
sensors to detect human presence in the room and infrared (IR) sensors to control the
air conditioning. Specifically, this device is installed on top of the projector to minimize
disruptions, such as those caused by human movement or distractions, to the sensors.
The control device will automatically turn on and off the air conditioner and lights
based on the power consumption plan generated by the MCRT model. In particular, the
microcontroller will pull the next hour power consumption from the database. If the
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(a) (b)

Fig.4 The circuit scheme of the proposed automatic control device: (a) circuit diagram (b) realization of the circuit

(a) (b)

Fig. 5 One of the classrooms located at the Fransiskus Asisi Building: (a) side view of the classroom (b) location
where the device is installed (above the projector)

microcontroller detected that the power consumption at the next hour will be much
higher than the current power consumption, then the microcontroller can turn on the
air conditioner 15 min before the specific hour in order to maintain the comfortability
inside the room. Additionally, when no one is present in the room, the PIR sensor will
override the power consumption plan and turn off any lights or air conditioning that are
currently on. To ensure accurate readings, three PIR sensors were assigned to each class-
room; if any of the sensors detected movement, the electrical appliances in that class-
room would remain on.

This 10T control device also allows for the manual, remote control of temperature and
wind speed settings to ensure maximum comfort for students while studying. In particu-
lar, the administrator can control the wind speed of all air conditioner manually for that
specific floor without the need of visiting the classroom one by one. If the room needs to
be used for extra classes outside the predefined power consumption plan, the automatic
control system can be bypassed by manual control. Figure 5 shows the classroom on the
4th floor of the Fransiskus Assisi Building at UWDP.

In the application created for this purpose, there is an option to adjust the wind
speed and temperature as per the remote. The settings will depend on the predefined
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preferences. we thank you for the great feedback to be able to set it according to the
external weather conditions so that it will make the control system feel more dynamic.

Results

In this section, the numerical simulation results are presented. Specifically, we compare
the predictive accuracy of the proposed algorithm with four different algorithms: the
classical MC simulation, RT, RF, and GB. These methods were chosen because of 2 rea-
sons: first, these methods have been proven can predict energy consumption accurately.
In particular, the MC Simulation was considered since it is a stochastic approach, which
is good for modeling randomness or uncertainty, (e.g., sudden usage of energy inside
the classroom due to unscheduled class). The RT algorithm was chosen due to its easy
interpretation. We considered the RF algorithm which is a collection of DT to generate a
more robust model. Finally, the GB was chosen since it is an ensemble method that can
handle non-linear relationships effectively. The second reason is since the MCRT algo-
rithm is built from RT and MC, we need to understand how far the model improves by
assigning the MC model to the leaf, compared to the classical model. In this study, 100
tree depths and 10 learning rates were used, as they showed the desired results. Next, we
present the power consumption prediction we for April, when the IoT device had not yet
been installed, and for May, after the device was installed in the classrooms at UWDP.
The installation of IoT-based automatic control devices is expected to reduce wasteful
electricity consumption by turning off lights and air conditioner when the room is not

in use.

Model forecasting accuracy

Table 1 presents the model predictive accuracy of the MCRT, MC, RT, RF and GB algo-
rithms in forecasting the power consumption of UWDDP buildings. The results show that
the MCRT algorithm outperforms the other methods, improving accuracy by approxi-
mately 4%. This demonstrates the MCRT algorithm’s ability to forecast power consump-
tion in a building. Moreover, it highlights that modifying how the output is generated
from a decision tree enhances the forecasting accuracy of the tree-based algorithm. It
is important to note that the classical RT approach uses the average of the leaf samples
as the output, while in MCRT, the output is generated based on the probability of the
samples in the leaf, leading to a more accurate model. The details of these findings will
be discussed in the next section.

Figure 6 presents the parameter importance estimates based on model risk, specifi-
cally the impurity reduction in the Gini Index, and the number of branches within the
tree. In particular, the higher the importance level, the more significant the parameter.
From Fig. 6, it can be observed that the power consumption at the previous time step is
the most important parameter for deriving this model, followed by the hour of the day

Table 1 Model forecasting accuracy of the MC, RT, RF-10, RF-100, GB, and MCRT algorithms

Algorithm RMSE NRMSE Accuracy (%)
MC 6.08 0.14 85.39
RT 6.54 0.16 84.29
RF-10 8.05 0.19 80.66
RF-100 8.18 0.20 80.37
GB 6.63 0.16 84.07

MCRT 349 0.09 9161
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Fig. 6 Parameter importance level according to impurity reduction in Gini Index The power consumption at the
previous moment strongly affected the model

Table 2 The two-sample t test with the assumption of unequal variances

Before installation After installation
Mean 1,914,558 1,696,441
Variance 4,500,544 1.3,435412
Observations 26 17
Hypothesized mean difference 0
df 23
t Stat 22222
P (T <t) one-tail 0.0182
t Critical one-tail 1.7139
P (T < t) two-tail 0.0364
t Critical two-tail 2.0687

and the day of the week. This result is expected, as human activities inside a building
tend to vary daily. For instance, minimal activity occurs during midnight, while higher
activity levels are observed during lecture sessions, from 8 a.m. to 12 p.m. and from 5
p-m. to 9 p.m., when the last session ends. The details of these findings are discussed in
the next section.

The authors use the two-sample t test with the assumption of unequal variances is car-
ried out to determine the statistical difference between the averages of the two groups,
namely the groups before and after the installation of the automatic control device as
shown in the Table 2.

With a significance level of 5% (a = 0.05), the two-way p value is 0.0364 which is
smaller than 0.05. In addition, the calculated t value (2.222) is greater than the two-way
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critical t value (2.0687). Therefore, we reject the null hypothesis (HO) and accept the
alternative hypothesis (H1). Thus, it can be concluded that there is a statistically signifi-
cant difference between the group means before and after the installation of the auto-
matic control device. Confidence interval (CI) of the difference of two means in the
two-sample t-test with unequal variances (Welch’s t-test) with 95% confidence level, the
mean before treatment was greater than after treatment by between 1.5066 and 42.1168
units. Since the confidence interval does not include zero, this difference in means is
statistically significant.

Monthly power consumption

From Sect."Monte Carlo (MC) simulation on Regression Tree (RT)", the MCRT algo-
rithm outperforms both the MC and RT algorithms. Therefore, in this section, only the
MCRT model will be used to estimate the power consumption UWDP building. Fig-
ure 7 illustrates the power consumption prediction from 13 th April 2024 until 15 th
May 2024 for the MCRT and RT algorithm. Where from Fig. 7, we can see that the plot
generated by the MCRT model closely resembles the observed value, which is evidence
of the good prediction of power consumption. The advantage of the MCRT model over
the RT model is that it is more robust.

Figure 8 depicts the power consumption plan for 4th April 2024. To complete the
information, we also added the actual power consumption for that specific date. We con-
sidered the data on this date because the schedule for all classrooms on the 4th floor
was fully occupied on this day. Therefore, from this figure, it is possible to identify how
the actual power consumption deviates from the plan. From Fig. 8, it is evident that
the power consumption stays within the bounds defined by the prediction. This dem-
onstrates that the proposed algorithm can accurately predict the power consumption
in one of the UWDP campus buildings. Notably, during the lunch break (afternoon),
the power consumption was minimized, which is attributed to the fact that lectures at
UWDP ran from 7:30 a.m. to 12 p.m., then resumed at 5 p.m. and continued until the
last session ended at 9 p.m. Figure 8 shows that the proposed algorithm provides a reli-
able estimate of the building’s activity patterns.

Figure 8 also compares the actual and predicted electricity consumption. It can be
seen that there are some spikes in the actual electricity consumption, which occur when
electrical equipment is turned on for the first time. This is followed by a pattern of low
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25ELECTRICAL POWER CONSUMPTION PREDICTION FOR 4/4/2024
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Fig. 8 Prediction of power consumption for 04/04/2024. The algorithm predicted the power consumption pre-
cisely as the real value is contained inside the bounds

and stable electricity consumption during hours when no lectures are held. Based on
this data, we calibrated the IoT control device. Specifically, we programmed the device
to automatically turn off all electrical appliances at 12 p.m. Furthermore, to ensure class-
room comfort, the IoT devices were set to turn on the air conditioning 30 min before
each lecture session. This schedule can be overridden if the PIR sensor detects that at
least one person is present in the room.

Figure 9 shows a plot comparing the observed power consumption with the predic-
tions made by the MCRT model. From Fig. 9, it is evident that the actual power con-
sumption closely follows the pattern generated by the prediction, especially during the
noon break when there is no excessive energy waste in the classrooms that are not in
use. This result highlights the potential of combining IoT devices with machine learning
to optimize a building’s electric power consumption.

Discussion

As observed in the previous subsection, the MCRT algorithm significantly outperforms
both the RT and MC models. This result emphasizes the potential benefits of integrat-
ing a Monte Carlo model into each leaf of the RT structure. Specifically, combining the
RT and MC algorithms has substantially enhanced the model’s predictive quality. This
improvement is expected because assigning probabilities to the dataset enables the
model to more effectively capture the relative importance of each data point. In par-
ticular, assigning a probability to each sample accounts for its likelihood of occurrence,
which helps reduce the impact of abrupt changes caused by outliers. Without proper
handling, outliers can disproportionately skew the results. By addressing this issue,
the MCRT algorithm ensures that no single sample dominates the outcome, leading to
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Fig.9 Prediction of power consumption for 06/05/2024. The IOT control devices were able to optimize the power
consumption according to the prediction

a more accurate, balanced, and robust predictive model. This makes MCRT especially
valuable when dealing with complex data distributions or datasets prone to variability.

When considering parameter importance estimation, it is essential to contextualize
the data used in this analysis. Dataset collected from campus buildings that are located
in West Kalimantan Province, Indonesia, which has a unique geographical and climatic
profile. Indonesia generally experiences two primary seasons: the rainy season and the
dry season. While seasonal variations can often influence power consumption patterns
in buildings, the situation in Pontianak, the capital city of West Kalimantan, is somewhat
different. Pontianak lies directly on the equator, resulting in consistently warm tempera-
tures throughout the year. As a result, the city is notably warmer than other regions of
Indonesia, with an average annual temperature of around 29.6 °C.

The constant warmth in Pontianak necessitates the use of air conditioning systems
year-round to maintain a comfortable indoor temperature, especially in environments
like educational institutions, where a stable climate is crucial for productivity and com-
fort. Unlike regions with more distinct seasonal variations, where power consumption
patterns typically align with weather fluctuations, Pontianak’s equatorial climate results
in a relatively uniform cooling demand throughout the year. As a consequence, there
is no clear or predictable monthly power consumption pattern, as seen in Fig. 3. This
uniformity underscores the need for predictive models capable of handling such steady
yet dynamic environmental conditions. Understanding these contextual factors is key to
interpreting parameter importance estimates and enhancing the model’s applicability to
real-world scenarios. Additionally, since there are no classes on weekends (i.e., Saturdays
and Sundays), the day of the week becomes an important parameter in developing the
model.
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In Fig. 8, the estimated power consumption in the UWDP building is shown. Notably,
the building experiences significantly low power usage (almost negligible, close to zero)
during certain periods: from midnight to 7 a.m., during the lunch break between 12
p-m. and 4 p.m., and after 9 p.m. These fluctuations in power consumption are directly
influenced by the building’s usage patterns and the lecturing schedule. The first class at
UWDP begins at 7:30 a.m. and runs until noon, after which classes resume in the eve-
ning from 5 p.m. to 9 p.m. Parameter importance estimates revealed that time of day and
classroom occupancy were the most significant factors in predicting power consump-
tion, underscoring the sensitivity of the model to human activity patterns and environ-
mental conditions, especially the ambient temperature of campus buildings.

Figure 9 demonstrates that the predictions generated by the proposed algorithm
remain accurate across different months. In this case, the predicted values closely align
with the actual observed values, thanks to the IoT control devices. It is worth noting that
students in Indonesia often arrive earlier than the scheduled class time as part of their
daily routine. Although the first class officially starts at 7:30 a.m., many students arrive
well before that, which triggers the IoT devices to turn on the air conditioning. This early
use of air conditioning significantly contributes to the initial spike in power consump-
tion in the early morning.

Although power consumption remained relatively low between 12 p.m. and 4 p.m., a
closer inspection reveals that it was slightly higher than the consumption observed at
midnight. This discrepancy can be attributed to students who stay in the building after
morning classes. These students often use classrooms for self-study or participate in
group activities, leading to moderate use of energy-consuming devices such as air con-
ditioners and lights. While power consumption during the 12 p.m. to 4 p.m. period is
slightly higher than at midnight, the system dynamically adjusts to minimize this excess,
ensuring that energy usage stays within the predicted bounds.

Furthermore, during evening classes, the increased demand for artificial lighting cor-
relates with higher power consumption. As natural light fades after sunset, classrooms
and common areas depend on electrical lighting to maintain visibility and provide a
conducive environment for learning. The combined energy demand, along with the con-
tinued use of air conditioners in the evening, results in a noticeable increase in power
consumption compared to other times of the day.

Understanding these power consumption patterns underscores the strong correla-
tion between human activity, environmental needs, and energy use within buildings. By
analyzing these trends, we can identify opportunities to optimize energy usage, such as
promoting energy-saving habits among students or implementing smart building tech-
nologies to regulate the use of high-energy devices like air conditioners and lights.

Conclusion and future research

This paper introduces a novel regression tree (RT)-based model, the MCRT model,
which enhances the classical RT framework by incorporating a Monte Carlo (MC) model
into each leaf of the RT structure. Experimental simulations conducted on a dataset
from a university building in Indonesia demonstrated that the MCRT model improves
the forecasting accuracy of traditional RT and MC models by up to 4%. This enhance-
ment showcases the potential of the proposed algorithm in accurately forecasting power

consumption.
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The experimental results further highlighted that the most influential parameters
for generating accurate predictions were the day of the week, the hour of the day, and
the power consumption recorded one hour prior. These findings emphasize the MCRT
model’s ability to effectively capture temporal patterns and dependencies in power
usage, making it a valuable tool for energy management in buildings.

Moreover, this result suggests the feasibility of using the MCRT model as a control
mechanism to manage power consumption. For instance, the model could be integrated
into a Supervisory Control and Data Acquisition (SCADA) system to optimize and regu-
late energy usage within a building. Additionally, the MCRT model could be employed
to estimate monthly electricity bills with improved accuracy, offering practical applica-
tions in energy budgeting and cost management.

In future research, predicting electricity consumption will play a key role in reducing
energy usage. The authors plans to conduct further studies by implementing Internet
of Things (IoT) technology with a Wi-Fi-based microcontroller to regulate and opti-
mize the electrical power consumption of air conditioning and lighting systems. This
approach aims to improve energy efficiency and effectively lower electricity bills.
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