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Abstract

The maximum short-term electrical demand is
affected by climatic factors, including ambient
temperature. To incorporate it into the forecast
models, it is necessary to generate an indicator that
represents the ambient temperature of the area under
study. The objective of this research is to determine
the impact of ambient temperature on the short-term
maximum  electrical ~demand  through the
performance of the forecast models, integrating into
a single indicator the temperature measurements
from different points of the geographical area under
analysis, wusing as weighting factors to the
proportions of regional demands with respect to total
demand. The Prophet forecasting technique is used,
with historical data on electrical demand and daily
ambient temperature from November 2022 to
November 2024. To evaluate the models, the MAE,
RMSE, and MAPE metrics are used, with data
outside the historical period. The forecast model
considering the Weighted High Temperature
indicator as a regressor variable was the one that had
the greatest improvements in the metrics when
comparing them with those coming from the model
that did not consider temperature as a regressor
variable, with improvements of 25%, 21%, and 15%,
in MAPE, MAE, and RMSE, respectively.

Keywords: Correlation, electrical demand, forecast,
performance metrics, temperature.

Resumen

La demanda eléctrica maxima de corto plazo se ve
afectada por factores climaticos, entre ellos la
temperatura ambiente. Para incorporarla en los
modelos de prondstico, se hace necesario generar un
indicador que represente a la temperatura ambiente
del 4area bajo estudio. El objetivo de esta
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investigacion es determinar el impacto de la
temperatura ambiente en la demanda eléctrica
maxima de corto plazo a través del desempefio de
los modelos de prondstico, integrando en un solo
indicador las mediciones de temperatura de distintos
puntos del area geografica bajo andlisis, utilizando
como factores de ponderacion a las proporciones de
las demandas regionales con respecto a la demanda
total. Se hace uso de la técnica de pronostico
Prophet, con datos historicos de demanda eléctrica y
temperatura ambiente diaria desde noviembre del
2022 hasta noviembre del 2024. Para evaluar los
modelos se utilizan las métricas MAE, RMSE, y
MAPE, con datos fuera del periodo histdrico. El
modelo de prondstico considerando el indicador
Temperatura Alta Ponderada como variable
regresora fue el que tuvo las mayores mejoras de las
métricas al compararlas con aquellas provenientes
del modelo que no considero a la temperatura como
variable regresora, con mejoras del 25%, 21%, y
15%, en MAPE, MAE, y RMSE, respectivamente.

Palabras claves: Correlacion, demanda eléctrica,
métricas de desempefio, prondstico, temperatura.

1. Introduction

Quantitative forecasting techniques are useful when
historical data is available, and the behavior of the
variables is relatively stable. In general terms, these
techniques could have different forecast horizons
depending on the use that the results will have, that
is, short term, medium term, and long term. With
regard to the variables of the electricity sector, some
authors consider four classes: very short-term
forecast that would range from a few minutes to an
hour and is used for real-time control, short-term
forecast with ranges from one hour to one week for
the schedule of electrical generation and
transmission, the medium-term forecast that ranges
from one week to one year that is used to schedule
maintenance, the purchase of fuel for the plants,
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among other uses, and the long-term forecast which
ranges from one year to twenty years, which is
useful for strategic planning and development of the
sector [1].

In electricity markets, it is important to know the
estimate of hourly and daily demand as accurately as
possible, since under-contracting or over-contracting
energy and then selling it in the markets can cause
financial problems for electrical companies. On the
other hand, if you are in a regulated system, demand
forecast information is wuseful for short-term
operational planning, in order to satisfy this demand.
For the development of the short-term forecast of
maximum electrical demand, there is a variety of
techniques, both statistical and non-statistical, with
time series analysis being widely used through
ARIMA models, along with artificial neural
networks [2]. It is well known that the electricity
demand of a country is dependent on climatic
variables, economic variables, and demographic
variables. For the short term and hourly and daily
resolutions, climatic and demographic variables
have greater influence, two of the most important are
the ambient temperature and the amount of rainfall.
For example, according to studies carried out in
Spain, during a weekday in spring, an increase of
one degree Celsius in temperature increases energy
consumption by approximately 25 GWh [3].

Now, due to the effect that temperature has on
the demand of tropical countries in the short term,
this work focuses on determining the impact of
temperature on electricity demand. Validating the
impact of temperature on demand will allow us to be
proactive in the months of high temperatures in the
country, when there is high demand, and plan
savings in the reservoirs of hydroelectric plants, or
fuel in thermoelectric plants, during the months of
lower temperatures. The complexity of using the
temperature variable in demand forecasting models
lies in the fact that its values are specific, so we do
want to estimate the electrical demand of a
geographic region considering the temperature
environment, a mechanism must be established to
generate temperature values that represent the entire
region. In this sense, the objective of this research is
to determine the impact of ambient temperature on
the maximum short-term electrical demand through
the performance of the forecast models and
integrating temperature measurements at different
points of the area into a single indicator. The
Prophet forecasting technique developed by
Facebook is used.

In previous works, the topic of studying the
correlation between ambient temperature and
electricity consumption has been addressed with
different approaches than that presented in this
research, being innovative the obtaining of
integrated temperature indicators by using the
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proportions of demand as factors of weighing. For
example, in [4] authors develop an empirical
analysis based on residential electricity consumption
surveys to explore the correlation between
temperature increase and household electricity
consumption in China. These surveys provide
valuable information about residential consumption
and the types of home appliances that predominate
in chinese households. Among the results obtained,
they indicate the existence of a significant
correlation between the variables, with an increase
of 8.9% in annual electrical energy consumption
when the average temperature exceeded 32°C.

In addition, in [5] was developed a study to
determine the effect of temperature on electricity
consumption in Mexico using fixed effects panel
models. The methodology used includes the control
of other variables that affect electrical energy
consumption, such as: income, manufacturing
production per capita, electricity and gas prices, and
household size. They find that there is a non-linear
relationship between temperature and electrical
energy consumption, and that this consumption
increases with temperature, being stronger in the
hottest states. By extrapolating the results to high
environmental warming scenarios, they obtain that
by the end of the century electrical energy
consumption would increase by 12%.

Besides, in [6] was carried out a study to
determine the impact of temperature on the
electricity demand of the city of Dhaka in
Bangladesh. They use a multiple linear regression
model, considering ambient temperature, relative
humidity, wind speed, wind direction, and
precipitation, as explanatory variables. They make
use of the Pearson correlation coefficient and
covariance to establish the relationship between the
variables. They tested up to four types of functions
that relate demand and ambient temperature: linear,
second-degree  polynomial, logarithmic, and
exponential. They obtain that temperature represents
75% of the total variance, and that the exponential
model is the one that best represents the relationship
between the two variables, in terms of the coefficient
of determination.

Moreover, authors in [7] carried out a work to
establish the effects of ambient temperature on
residential electricity consumption in the Gauteng
province of South Africa. The historical data used
corresponds to the hourly electricity consumption of
5,975 homes between January 1, 2010, and March
31, 2013. These homes have high incomes with high
consumption of electrical energy for heating in the
cold months and by air conditioning in the months of
high temperatures. They develop regression models
that include the time of day and month of the year
among the explanatory variables. The results suggest
a strong and robust negative log-linear relationship
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between temperature and electricity consumption
below a heating threshold and a strong positive
relationship above a cooling threshold.

Additionally, in [8] was proposed a prediction
model for the total monthly electricity consumption
of the Fujian province in China, developing a
composite temperature index of both daily resolution
and monthly resolution. The historical data
corresponds to the daily values of total electricity
consumption from January 2017 to November 2020,
in addition to the daily values of maximum
temperature of nine cities that make up the province
of Fujian. The average of the maximum values is
taken to obtain the daily temperature of the province,
and the average of the maximum monthly values is
taken to obtain its monthly temperature. The
proposed model is applied and the results obtained
are compared with those obtained with ARIMA
models, support vector machines, and random
forests. They found that the models that consider the
temperature index have better performance than
those that do not consider it, with the proposed
model together with ARIMA models having the best
performance for the daily forecast with an accuracy
0f 98.23%.

Authors in [9] developed a study to determine
the impact of temperature on the short-term
electricity demand forecast through time series
analysis using traditional methods and artificial
neural networks. The data corresponds to the hourly
values of electrical demand read at a substation
located in Kathmandu, Nepal, from April 2018 to
April 2019, that is, 8,760 readings. The methodology
includes different models for weekdays and
weekends. The results indicate that the artificial
neural network models have the best performance
with a MAPE of 0.34% for weekdays and 8.04% for
weekends.

In [10] was carried out a correlation study
between climatic variables and electricity demand in
two regions of Indonesia, the province of Central
Java and the island of Bali. The climatic variables
considered were temperature, precipitation, net solar
radiation, pressure, wind speed, and relative
humidity. The historical data used are the daily
demand values for the years 2018 and 2019, as well
as the daily values of the climatic variables for the
same period. They obtain a positive correlation
coefficient of 0.55 in the province of Central Java,
and 0.71 on the island of Bali.

Also, authors in [11] developed a work to
determine how climatic factors affect electricity
consumption in the metropolitan region of Bangkok
in Thailand, considering different temporal
resolutions, and through the correlation coefficient.
Separate historical data are used every 30 minutes
between the years 2015 and 2017 of electricity
consumption and seven climatic  factors:
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temperature, dew point, relative humidity, wind
(quantity), pressure, rain and cloud cover. The
temporal resolutions considered were separated by
30 minutes, daily, weekly, and monthly. They obtain
that temperature has greater weight for resolutions of
up to one day, with the dew point being the most
important factor for weekly and monthly resolutions.

Finally, authors in [12] presented a methodology
to select and process temperature variables
automatically, to improve the electrical demand
forecasting process, and facilitate the interpretation
of the results. It applies to data from the Spanish
Electrical Network. They managed to reduce the
forecast error consistently for the forecast horizon,
with an improvement of 0.16% in MAPE and 59.71
MWh in RMSE. The procedure improved the
interpretability of the results, since they separate the
effect of temperature according to location and time.

The rest of the work is distributed as follows.
Section II presents the theoretical review, as well as
the methodology used in the research. Section III
shows and discusses the results obtained. Section IV
presents the conclusions. Finally, the bibliographical
references are listed.

2. Background

2.1. Model performance metrics

To evaluate forecast models and make comparisons
between them, a series of metrics are used. Among
the standard statistical measures to evaluate models
are: the mean absolute error (MAE) whose
expression is given by Eq.1, the square root of the
mean square error (RMSE) represented by Eq. 2,
and the mean absolute percentage error (MAPE)
represented by Eq. 3. The error being the difference
between the real value and the predicted value [13].

1
MAE = 2¥L,|Y — F| Eq. (1)
1
RMSE = /; n (Y, —F)? Eq. 2)
1 Y;—F;
MAPE = ~31., |(Y—) x 1oo| Eq. (3)

In the previous equations, Y; is the ith actual value of
the variable to be predicted, F; is the ith predicted
value, and n is the number of records or historical
data available.

Additionally, in order to measure the quality of
fit of the models, the determination coefficient R? is
used. This indicator is a measure of the quality of fit
of the model, and indicates the proportion of the
variability that is explained by the model obtained. It
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varies between 0 and 1, a value very close to 1
reveals that the model fit is almost perfect. While a
value close to 0 is an example of poor model fit [14].
In any case, it should not be used as a sole
performance measure, but rather in conjunction with
the other previously defined metrics. The
determination coefficient is calculated according to

Eq. (4).

SCE

SCR
R2 — -
SCR+SCE

"~ SCR+SCE

Eq. 4)

In Eq (4), SCR is the sum of the regression
squares. It is the quantity that represents the
variation explained by the model. Likewise, SCE is
the sum of the squares of the errors. It is the
variation due to error, or the variation not explained
by the model.

2.2. Prophet forecasting technique

Use is made of the Prophet technique created by the
Facebook data science team during 2017. It was
designed specifically for the analysis of time series,
based on an additive model where non-linear trends
are quickly adjusted to different types of data
seasonality, such as: annual, weekly, and daily, in
addition to incorporating the effect of vacations and
holidays. According to the team, this method works
best with time series that have strong seasonal
effects and multiple periods of historical data. It is
robust to missing data and changes in trend and
usually handles outliers well [15].

The technique is based on a time series model
made up of an element that represents the trend,
another that represents regular changes, that is,
seasonality, another component that represents the
effect of non-working days, and finally the error
term [16]. Therefore, the model is given by Eq. (5):
y() =g +s) +h(®) + e Eq. (%)

In Eq. (5) it is true that y(?) is the time series, g(?)
is the trend component, s(?) represents the periodic
changes in the series, A(?) represents the effect of
holidays and vacation, and ¢, is the error term that
represents changes that do not fit within the other
components.

Regarding the trend component, the technique
implements two types: growth saturation model, and
a piecewise linear model. Related to seasonality, it is
modeled with periodic time functions, specifically
with standard Fourier series, such as the one
presented in Eq. (6).

P

sty =YN_, (an * cos (Zznt) + b, - sen (Znnt)) Eq. (6)
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Where P is the period of the series, which will
depend on the type of seasonality, and N is the
number of terms in the series.

Taylor & Letham indicate that P is the expected
regular period for the time series, taking a value
equal to 7 for data with weekly seasonality and
365.25 for data with annual seasonality. From the
above it is concluded that the technique works by
default with data with daily resolution. Likewise,
they propose that higher values of N apply to
seasonal patterns that change more rapidly, and in
their studies, they have found that a value of 10 is
useful for annual seasonality, and 3 for monthly
seasonality. According to [17], the technique defines
by default an additive seasonality, but there is also
the option of establishing a multiplicative
seasonality.

One of the characteristics that contrasts this
technique with some other time series analysis
techniques is the management of non-working days,
allowing the inclusion in the model of a list of
holidays and vacations that are within the historical
data period, but also within the forecast horizon.

It has been used in various applications, for
example, in [18] they use it for predicting stock
values in the Indian stock market, in [19] they apply
this technique for the forecast of successful sales,
and in [20] use the technique to develop temperature
forecasting, among other uses.

3. Methodology

The historical values of maximum electrical demand
used in the models correspond to the daily values of
the period from November 2022 to early November
2024 of a South American country. Regarding
temperature, measurements of both average ambient
temperature and high ambient temperature were
taken in each of the different regions that make up
the country's electrical system. These measurements
are found in [21]. A review of these data was made
to ensure the absence of missing, duplicate, or
outlier data, in accordance with the data
preprocessing techniques presented in [22]. To
detect atypical data, the Tukey test was used, since
as mentioned by [23], being based on the quartiles of
the data, it does not require assuming a specific
distribution. In any case, no missing, duplicate, or
atypical data were detected. Similarly, temperature
data were processed to convert them from a scale in
degrees Fahrenheit to degrees Celsius.

To obtain the temperature indicator, it is
considered that each of the regions that make up the
complete system represents an electrical demand
whose proportion with respect to the total demand is
approximately constant over time. With the
historical values of the demand, the expected



Journal of Computer Science & Technology, Volume 25, Number 1, October 2025

proportion was obtained, given by Eq. (7), for each
of the 365 days of the year. These proportions
represent the weights or weighting factors of each of
the regions, which are used to obtain an average
ambient temperature weighted by the proportion of
the demand of the respective region with respect to
the total demand, which is calculated with Eq. (8).

With this same procedure, the weighted high
temperature was obtained, using Eq. (9). Similarly,
the average of the high temperatures, the average of
the average temperatures, and the median of the
average temperatures, were calculated.

__ Demand of the region j on the day i

Fpj = Total demand on the day i Eq. ™
TMP; = ¥%_,(TM;; X FP;;) Eq. (8)
TAP, = ¥5_,(TA;; X FP;;) Eq. (9)

In Eq. (8) it holds that TMP; is the weighted
average temperature of day i, and TMj; is the average
temperature of region j on day i. Similarly, in Eq. (9)
it holds that TAP; is the weighted high temperature
of day i, and T4, is the high temperature of region j
on day i.

The next step consisted of doing a correlation
analysis of all the variables among themselves, that
is, all the calculated temperature indicators and the
maximum electrical demand. The results of this
analysis were used to define which temperature
indicators to use as regressors in electricity demand
forecasting models.

Prior to modeling, an exploratory analysis of the
data was carried out, temporal demand graphs were
developed, which allowed observing the trend and
seasonality that occur during the study period
considered.

In the modeling stage, the Prophet forecasting
technique developed by Facebook was used through
the Python programming language, obtaining
forecast values of the maximum electrical demand
taking into account the ambient temperature, but
also without taking it into account, for purposes of
comparison. To evaluate the models, the MAE,
RMSE, and MAPE metrics were used, both in the
test data and with additional data corresponding to
the months of November and December,
determining the improvement produced in these
indicators when the temperature is taken into
account in the forecasting models.

4. Discussion of results

4.1. Correlation analysis

For the purposes of the analysis, the following
indicators are taken into account: average high
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temperature (TA), weighted high temperature
(TAP), average temperature (TM), weighted average
temperature (TMP), and median temperature
(TMED), and their relationship with the maximum
electrical demand (DEM). It must be taken into
account that the coefficient of variation range
between -1 and 1. If the value is equal to or close to
-1, it indicates that the corresponding pair of
variables have a strong and inverse relationship. On
the contrary, if the value is equal to or close to 1, it
indicates that the pair of variables under analysis
have a strong and direct relationship. If the value is
close to 0, it indicates that the relationship between
the respective variables is null. As for intermediate
values, absolute values between 0 to 0.3 indicate that
the relationship is “weak”, between 0.3 to 0.7 the
relationship is “moderate”, and between 0.7 to 1.0
the relationship is “strong” [24].

The analysis was carried out independently using
the Pearson, Spearman and Kendall methods, given
that the first of them is parametric and the other two
methods do not assume a specific distribution of the
data. Since the results of the three methods were
similar to each other, those obtained with
Spearman's method are presented in Fig. 1. In [25]
the Spearman method is considered for the optimal
selection of explanatory variables for forecasting
models.

From Fig. 1, it can be seen that demand had a
“weak” relationship with high ambient temperature,
and a “moderate” relationship with the rest of the
temperature  indicators considered, with the
coefficient being greater with the weighted average
temperature  0.62, followed by the median
temperature with 0.60.

0.60

™ TMP

Fig. 1 Correlation Matrix.

TMED

Subsequently, Fig. 2 presents the scatter graphs of
the maximum electrical demand with the
temperature indicators TAP, TM, TMP, and TMED.
The graphs show the type of relationship for which
the coefficient of determination R? was higher,
resulting in that for the four cases the relationship
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Demand vs. Temperature is of the second-degree
polynomial type. According R2, it can be seen that
the demand versus temperature relationship is
stronger when considering the median temperature
and the weighted average temperature.

R2=02229 RE=0,4246
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Fig. 2 Scatter plots

4.2. Exploratory data analysis

Firstly, the analysis of the demand data is carried out
with hourly resolution, presenting the average curve
in Fig 3. It is observed that demand presents two
peaks, one around 2 pm, and another around 8 pm
(daily seasonality). Likewise, it can also be seen that
demand has an upward trend, mainly from 2023
onwards. The shaded part of the curves corresponds
to the variability of the data, represented by a 95%
confidence interval.
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Fig. 3 Average hourly demand curve

Next, Fig 4 shows the average daily demand curve,
in which “1” corresponds to Monday and “7”
corresponds to Sunday. It can be seen that, for all the
years considered, demand decreases during the
weekend (weekly seasonality), with minimum
values for Sundays. The upward trend of the data
can be seen.
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Fig. 4 Average daily demand curve

For the purposes of observing monthly seasonality,
Fig 5 shows the monthly average curve, in which
“1” corresponds to the month of January and “12”
corresponds to the month of December. It is noted
that demand has two peak values, one around the
month of May and another around the month of
October. Like the previous figures, an upward trend
is seen, which intensifies starting in May 2023.
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Fig. 5 Average monthly demand curve
4.3. Forecast of maximum electrical demand

The Prophet technique was used to develop the
forecast of maximum electrical demand, first

without considering any of the temperature
indicators, and then separately considering the
following temperature indicators as regressor

variables: TMP, TAP, and TMED. Regarding the
hyperparameters, the seasonality mode was set as
multiplicative type. The robustness of the models
was estimated using the cross-validation method that
is incorporated in this forecasting technique. 366
days were set for the training period, 30 days for the
cut-off points, and up to 7 days for the forecast
horizon. For each of the forecast horizons, MAPE
values of less than 3% were obtained, and coverage
of 85% for the 7-day horizon. This same technique
was used in [26] for the forecast of the levels of the
reservoirs used for the production of hydroelectric
energy.

The historical data considered corresponded to
the period from 11/01/2022 to 11/03/2024, and four
models were generated each week from 11/04/2024
to 12/22/2024, that is, for seven weeks (49 days).
Each of the models obtained had a MAPE value of
less than 5% in the testing phase. For the regressor
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variables, the actual values of the ambient
temperature were taken. Fig. 6 shows the daily
curves of the average value of the 95% prediction

interval obtained for each of the temperature
indicators considered, along with the real values of
demand, and the daily percentage errors.
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From Fig. 6, it can be seen that all cases the
percentage errors are less than 5%. In the case of the
forecast ~ without considering the ambient
temperature, the maximum percentage error was
3.90% corresponding to 11/26, with a minimum
error of 0.07% on 11/23. Regarding the results when
the TAP is considered, the maximum error was
4.59% on November 4, and the minimum value of
the percentage error was 0.00% on November 6.
When reviewing the results when the TMP is used, it
is noted that the maximum error corresponded to the
forecast of 12/21 with 3.63%, and the minimum
error was that of 11/23 with 0.00%. Finally, it is
observed that when the TMED was used, the
maximum error was 3.69% on 11/26 and the
minimum value of the error occurred on 11/16 with
0.08%.

Related to TAP, the maximum percentage error
of 4.59% was obtained, but also the lowest number
of days with a percentage error (e) below 3% with a
total of 45 days. The results associated with this
regressor had the maximum number of days with
errors less than 1% with 17 days, followed by the
results associated with the median temperature with
16 days. Likewise, the results associated with the
TAP regressor had the highest number of days in
which the daily forecast of the maximum electrical
demand was above the actual value of the demand,
with a total of 21 days, followed by the TMED
regressor with 15 days. Complete results are
presented in Table 1.

4.4. Model performance evaluation

The MAE, RMSE, and MAPE metrics are

Fig. 6 Forecast vs.

actual demand.

calculated by comparing the actual demand values
with the corresponding forecast values, for the
period from 11/04/2024 to 12/22/2024. These
indicators are also used in [27] to evaluate
residential electricity consumption forecasting
models. The results are presented in Table 2.

Table 1. Model comparison.

Models e<3% e<1% Pron > Real

No temperature 43 12 13

With TMP 42 14 14

With TAP 45 19 21

With TMED 44 17 15

Table 2. Model performance metrics.

Models MAPE MAE RMSE

(%) ™mMwW) (MW)
No temperature 1.80 260 301
With TMP 1.68 241 283
With TAP 1.44 206 256
With TMED 1.59 229 271

From Table 2 it can be seen that the models in
which the TAP regressor was considered had the
lowest values of each of the three metrics
considered, followed by the models that considered
the TMED regressor. It can also be seen that the
models in which the use of ambient temperature as a
regressor variable is not considered had the highest
values of each of the metrics, that is, they were the
worst performing.

4.5. Determination of the impact of
temperature

If the MAE metric of the models that do not use
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ambient temperature is compared with the models
that use it, it is obtained that: it is reduced by almost
21% when using the TAP regressor, 12% when
considering the TMED regressor, and 7% when
taking into account the TMP regressor. Regarding
the RMSE metric, the improvements are 15%, 10%,
and 6%, when considering the TAP, TMED, and
TMP regressors, respectively. In relation to the
MAPE metric, when using the TAP, TMED, and
TMP regressors, improvements of 25%, 13%, and
7% are obtained, respectively.

For comparison purposes, simple linear
regression models were run with electrical demand
as the objective variable, and temperature as the
regressor variable. The complete data was split 70%
for training the model, and 30% for testing the
model. For each of the temperature indicators TAP,
TMP, and TMED, positive and statistically
significant coefficients were obtained, with values of
322, 234, and 240, respectively. This confirms the
direct correlation between electricity demand and
this climate variable.

5. Conclusions

A methodology is presented to determine the impact
of ambient temperature on the maximum electrical
demand of a country through the performance of
forecast models. The temperature values of the
different regions that make up the complete system
are integrated into global indicators considering the
historical proportion of the maximum demand of the
regions with respect to the total demand of the
country.

From the correlation analysis it is observed that
all the temperature indicators considered have a
direct relationship with the maximum electrical
demand, this relationship being moderate with
respect to the high weighted temperature, the
weighted average temperature, the average
temperature, and the medium temperature. The
relationship of these indicators with demand turned
out to be quadratic, this relationship being stronger
with the weighted average temperature.

The forecast models developed using the
weighted high temperature were those that had the
best values of the evaluation metrics considered,
with the models in which temperature was not
considered those that had the highest values of the
aforementioned metrics. When the TAP regressor is
used, the MAPE is reduced by 25%, the MAE by
21%, and the RMSE by 15%, when compared to the
values of these metrics from the models when
temperature is not used as a regressor variable.
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