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Abstract

A novel model of the electrical demand of a power system capable of representing the hourly
power load and its dependence on temperature is presented. The application of the model
to the Colombian system is described with an evaluation of the error obtained. For the
simulation of the optimal operation of systems with high renewable energy participation, a
model such as the one presented is of vital importance in order to take into account the
dependence of demand on meteorological variables. It is also necessary for the simulation
of the expected effects of climate change on electricity demand.

Keywords: modeling; climate change; electricity demand

1. Introduction
1.1. The Rise of Renewable Energy and the Need for Advanced Modeling

The recent decade has been marked by a change in the global electricity generation
mix, with a high rate of incorporation of wind and solar energy. These energies have been
described as Non-Conventional Renewable Energies (NCREs), to distinguish them from
hydroelectric and biomass energy, or as Variable Renewable Energies (VREs), emphasizing
their short-term variability.

A successful case of large-scale VRE incorporation is Uruguay [1,2], which has demon-
strated that it is possible to reach high levels of incorporation. In 2023, VREs represented
more than 40% of this country’s total electricity production. In Uruguay’s National Intercon-
nected System (NIS), the importance of having good models that represent the correlations
between hydroelectric, solar, and wind resources and their demand has emerged. It is also
essential that these models adequately represent the temporal dependence of variables,
which is what makes the system operable. The set of wind and solar generators employed
show variations in terms of the duration of their use.The wind does not change instan-
taneously in an entire region, nor does a cloud instantly block the radiation for all solar
plants. In addition, these variations over time are perfectly predictable through simply
observing meteorological information.
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To efficiently operate systems with high VRE incorporation, it is crucial to have
stochastic models that adequately represent the spatial correlations, such as those between
different variables, and temporal correlations, such as those between past and present
variables. It is also crucial that these models are flexible enough to allow the assimilation of
forecast information.

1.2. Energy Transition in Colombia

Currently, a similar energy transition is underway in Colombia [3], shifting from a
system reliant on hydroelectric and fossil fuels to one where over 60% of the total capacity
will come from NCRE. Figure 1 shows the plans for the Transición Energética Justa (Just
Energy Transition) proposed by the Ministry of Mines and Energy.

Figure 1. Energy transition plan of Colombia.

In 2022, Colombia’s installed power capacity was entirely based on fossil fuels (black and
shades of gray) and hydroelectric power (shades of blue), with solar power (shades of yellow) and
wind power (shades of purple) gradually added. This transition aims to reduce CO2 emissions,
decrease dependence on fossil fuels, and lower energy production costs while ensuring a just
transition for communities and maintaining environmental responsibility.

1.3. Modeling and Simulation for Energy Planning

The Electrical Energy Systems Simulation (SimSEE) platform was developed at the
Institute of Electrical Engineering of the Faculty of Engineering of the Universidad de la
República of Uruguay [4]. SimSEE is open source and is the tool used by Uruguay’s Electric
Market Administration (ADME), which is responsible for the energy dispatch of the NIS
and the subsequent commercial settlement of the wholesale electricity market.

The same models are used to plan the long-term expansion of investments in power
generation through simulations of future trends spanning decades, showing different
scenarios of the evolution of energy demand and hypotheses on the costs of different
technologies. In order for the design of these plans to be consistent with real operations, it
is necessary for the planning models to take into account the same correlations between
resources and the same restrictions on operation as those of the models used to program
and execute the operation of the NIS. These long-term models are also used to analyze
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the consequences of different future scenarios of climate change for the electric sector [5].
For these analyses, it is necessary to identify and model the dependence of the system
demand on temperature.

This work focuses on developing a new type of demand model for SimSEE, based on a
Neural Network (NN) trained to capture the dependence of the demand on the type of day
(working day, holiday, semi-holiday) and on the temperature, with sufficient parameters to
be able to capture weekly and daily consumption cycles.

Since customs and practices are changing, the construction of the demand model
should be based on data from recent years to ensure accuracy and reliability.

2. Literature Review
There is an extensive body of literature regarding demand modeling techniques for

the long, medium, and short term.
For the short term, in [6–9], the authors develop different techniques with a focus on

short-term forecasting. Ref. [6] is based on Machine Learning, ref. [7] shows the application
of a modified Sparrow search algorithm, ref. [8] is a good example of spatiotemporal
correlation modeling with a virtual power plant, and ref. [9] shows a technique based on
time series decomposition. The work in [10] presents a model for daily demand forecasting
based on the GRU-SSA technique.

In [11], a multi-resolution model is presented. The work in [12] presents an interesting
methodology for obtaining a probabilistic model applying a de-noising technique. In [13],
an interpretable machine learning model is presented.

For the medium–long term, refs. [14–16] are good examples. The first is based on
LSTM-MLP, the second on classical LEAP applied for China’s energy sectors, and the third
describes application in the Iraq energy sector.

For future power systems with high levels of VRE integration, models like those
presented in [17–19] are good examples, showing the good performance of the models in
demand-side management.

The work in [20] is a good example of the application of Kolmogorov–Arnold Net-
works for demand forecasting.

Some of these models attempt to capture spatiotemporal disaggregation down to the
user level, while others attempt to capture this at the aggregate market level [21,22].

Finally, the study in [23] shows an unusual approach using a Grey Model for energy
import forecasting.

3. Methodology
3.1. Proposed Model

Figure 2 shows the structure of the Artificial Neural Network (ANN) proposed, which
will be referred to as TANNAT (Traveler Artificial Neural Network Around Time). The in-
puts into the ANN are the type of day (0: working day; 1: semi-holiday; 2: holiday),
the temperature, and an array of time-signaling inputs. The time-signaling inputs are a
series of powers, sines, and cosines of the time. In [24], similar time-signaling inputs are
used to estimate the day-ahead energy demand.

3.2. Application of the Model to Colombia

As an example of the application, demand models for SimSEE of Colombia were
created considering the historical information of the hourly demand for the year 2023
and the corresponding surface temperature series obtained from the ERA5 [25] reanalysis
simulations for the same period. The demand of the Colombian NIS was subdivided into
the five regions shown in Table 1, geographically distributed as shown in Figure 3.
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For each region in the table, the main city, the geographic location, and the minimum,
average, and maximum of the hourly demand and temperature recorded during the year
2023 are shown.

For each of the five regions, the network was trained with the hourly series of day
type, power, and temperature corresponding to the year 2023. The training was also carried
out without the temperature in order to obtain a measure of the reduction in the model’s
error by incorporating the temperature information as input.

Figure 2. TANNAT network structure for each of the regions.

Table 1. Colombian regions.

Demand [MW] Temperature [°C]
Region Main City Location Min. Av. Max. Min. Av. Max.

Caribe Barranquilla 10°59′ N 74°48′ W 2463 3290 4087 24.2 27.2 31.8
Oriente Bogotá 4°42′ N 74°4′ W 1280 2213 2800 3.7 13.8 22.6
Suroccidente Cali 3°25′ N 76°31′ W 1150 1958 2744 15.9 22.7 31.0
Antioquia Medellín 6°13′ N 75°35′ W 1013 1836 2442 11.2 18.1 29.1
Nordeste Bucaramanga 7°8′ N 73°0′ W 987 1608 2156 8.6 16.4 23.2
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Figure 3. Geographical distribution of the electricity demand regions of Colombia. Different colors
indicate different electricity demand regions, while gray corresponds to areas not integrated into
the NIS.

4. Results
4.1. Main Results

Table 2 shows the MAE for the hourly power estimation as a percentage of the mean
demand of each region. The rows beginning with “WT” show the results for the model
with the hourly temperature as input while the rows beginning with “WOT” are the results
for the model without the hourly temperature as input. The TANNAT model was built with
a hidden layer of 12 neurons using hyperbolic tangent activation, followed by an output
layer with a single neuron using hyperbolic tangent activation. As time-signaling inputs,
the cosine and sine series representing the first weekly and the five first daily harmonics
in the Fourier series were used.

Table 2. Error measures of the trained model.

MAE_h MAE24

WT Caribe 2.49% 2.09%
WOT Caribe 4.25% 3.99%

WT Oriente 1.92% 1.51%
WOT Oriente 1.96% 1.60%

WT Suroccidente 2.74% 2.10%
WOT Suroccidente 2.78% 2.54%

WT Antioquia 2.75% 2.24%
WOT Antioquia 3.10% 2.85%

WT Nordeste 2.58% 2.18%
WOT Nordeste 2.82% 2.56%

Figure 4 shows an example of the graphical interface of the training application. It
shows the data in green, and the model output affecting the temperature input in −3 ◦C
and +3 ◦C in blue and red, respectively. The days with thicker lines correspond to testing
data days, which were not used for training.
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Figure 4. Example of model output accuracy versus training and test data with a ± 3◦C variation
in temperature input. Red and blue lines correspond to upwards and downwards perturbation on
temperature while green lines correspond to ground truth data. Thin lines correspond to training
data while bold lines correspond to testing data.

Figure 5a–e show the results of the models with and without temperature (WT) as
input for the five regions. The figures show the conditional value at risk of 20% (CVaR)
of the absolute error as a percentage of the expected demand value for each hour of the
day. As can be seen, the sensitivity to temperature in each region is different. The Caribe
region has the highest sensitivity (Figure 5a), while the Oriente region has practically
no dependence on temperature (Figure 5e). The Antioquia, Suroccidente, and Nordeste
regions have moderate sensitivity during daylight hours.

(a) Caribe (b) Antioquia

(c) Suroccidente (d) Nordeste
Figure 5. Cont.



Eng. Proc. 2025, 101, 10 7 of 10

(e) Oriente

Figure 5. MAE CVaR (20%) WT and WOT model.

4.2. Demand Profile

Figure 6a,b show records of temperature and demand in terms of the daily minimum,
average, and maximum for the Caribe and Oriente regions, which have the highest and
lowest demand dependencies on temperature according to the proposed model.

Caribe is mainly a warm region with a demand profile associated with tourism and
services, and the demand clearly follows the temperature patterns here.

In contrast, Oriente has a mild climate, classified as subtropical highland. Bogotá,
the region’s main city and the country’s capital, has a demand primarily driven by industry
and services.

For these reasons, differences between regional demand sensitivities to temperature
were expected, given the significant variations in energy uses and temperature profiles.

(a) Caribe (b) Suroccidente

Figure 6. Demand and temperature records for the year 2023.

4.3. Alternative Model Contrast: Evaluation of the Impact of Past Inputs

Studies such as [1] have suggested a strong influence of the previous day’s temperature
in the day-ahead electricity demand based on the thermal inertia of buildings.

On that basis, an alternative to the model presented was suggested to contrast with the
main model developed for evaluation, where the same Neural Network structure would
also use the past 24 hours of the input signals to produce the demand forecast for the next
hour. That is, for each input, instead of a single value, the network is to be fed with a 24 h
long vector.

Table 3 presents the error results obtained with this model. To obtain these results,
the model was trained with the same datasets as for the models presented in the previous
sections.

The results indicate an improvement in the forecast performance. However, in this
instance, where the focus is on long-term demand prediction, in which temperature is a
synthetic value produced by random number generators based on reanalysis data and
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long-term climate trends, the actual information gain from using a 1-hour input or a 24-hour
vector is difficult to evaluate.

Table 3. Error measures of the trained alternative model.

MAE_h MAE_h Reduction

WT Caribe 1.95% 0.54%
WOT Caribe 4.14% 0.11%

WT Oriente 1.69% 0.23%
WOT Oriente 1.81% 0.15%

WT Suroccidente 1.91% 0.83%
WOT Suroccidente 2.69% 0.09%

WT Antioquia 2.20% 0.55%
WOT Antioquia 2.99% 0.11%

WT Nordeste 2.07% 0.51%
WOT Nordeste 2.68% 0.14%

Thus, this model seems more suitable for short-term forecasts, with which precise
temperature predictions are available.

4.4. Execution Time

The training of the ANN of each region takes, on average, 4 min using a computer
with an Intel Core 7 150U processor with 12 cores (Intel: Santa Clara, CA, USA).

Running a year-long hourly simulation takes less than 10 s, with the same specifications.

5. Conclusions and Future Work
5.1. Accuracy of the Model

According to the results presented here, the developed model has a good ability to
represent the regional demands of Colombia and its dependence on temperature, in terms
of predicting both daily energy and hourly power. The ability to improve the estimation
of hourly power and its effect on temperature is considered of vital importance in order
to improve forecasts of the rotating reserve and the reserve assigned to the automatic
generation control for monitoring the power balance, in combination with wind and solar
generation forecasts.

5.2. Ease of Use

The model presented here is generic enough to adapt to different demand profiles,
as it showed good performance in adapting to different demand profiles such as those of
Caribe and Oriente.

The model is also generic enough to be fed with either long-term climate trends or
short-term weather forecasts.

This is a shallow network model that can be trained in minutes and can run a forecast
in seconds for any region using an average computer available on the market.

5.3. Future Works

As a possible improvement to the model, we propose feeding back the estimation
errors, online, day by day, so that the model adapts to changes in the demand’s behavior.
This is the strategy used in [21], reporting a different type of model, for the operation of
Uruguay’s system.

The content of this article is entirely the responsibility of its authors and does not
necessarily reflect the position of the institutions of which they are part of.
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