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Abstract: Recent years have seen an increasing interest in developing robust, accurate and possibly
fast forecasting methods for both energy production and consumption. Traditional approaches based
on linear architectures are not able to fully model the relationships between variables, particularly
when dealing with many features. We propose a Gradient-Boosting–Machine-based framework to
forecast the demand of mixed customers of an energy dispatching company, aggregated according
to their location within the seven Italian electricity market zones. The main challenge is to provide
precise one-day-ahead predictions, despite the most recent data being two months old. This requires
exogenous regressors, e.g., as historical features of part of the customers and air temperature, to be
incorporated in the scheme and tailored to the specific case. Numerical simulations are conducted,
resulting in a MAPE of 5–15% according to the market zone. The Gradient Boosting performs
significantly better when compared to classical statistical models for time series, such as ARMA,
unable to capture holidays.

Keywords: energy forecasting; machine learning; neural networks; Italian energy market; gradient
boosting decision tree
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1. Introduction

As electricity is a fungible commodity, the energy market can be very liquid, and
further complexities come from different constraints to be respected, such as transit limit
constraints. The increasing interest in developing robust forecasting methods for the
prediction of production and consumption of energy sources has grown considerably as
renewable energies entered the market to a significant extent.

The importance of such a task is many-sided. Firstly, a more precise estimation of
energy usage and production allows for better dispatching and hopefully a more extensive
use of green energies in place of fossils. Secondly, as a consequence, a deeper understanding
of the mechanisms involving the formation of the clearing price in the energy market can
be achieved. In particular, with the production of renewable energies being less expensive,
also the clearing price in the auction market will be lower [1]. Finally, due to the constraints
of the transmission network, an accurate forecast of the energy demand is fundamental to
preventing congestion of the network.

In this context, Italy is quite unique in the continental scenario: while in all the
other countries (except Scandinavia) the zones correspond to the entire national territory,
Italy was modeled in the form of market zones. This happened mostly to differentiate
the purchase prices according to the balance between electricity generation capacity and
demand varying from zone to zone. The seven electricity market zones in Italy are displayed
in Figure 1.
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Figure 1. Electricity market zones in Italy.

There are several mathematical methods that can be used for energy load prediction,
including statistical models, machine learning models, hybrid and ensemble models [2].
Statistical models treat the time series as one or more random variables evolving over time
and having mathematical relationships with themselves and possibly other non-random
variables. Pappas et al. [3] fit an ARMA model which shows good performances in the
day-ahead forecasting of the Hellenic power system. Models that are too simple are likely
to produce forecasts that are not accurate enough: the Holt and Winters Exponential
Smoothing method proposed by Bindiu and Chindriu [4] is not adequate unless the time
series is very regular and the variance does not change over time. The previous decade has
seen a large usage of machine learning and Artificial Neural Network (ANN) methods to the
task of energy forecasting [1,5–7]. Edwards et al. [8] found that the Least Squares Support
Vector Machine is the best model among those compared for predicting hourly residential
consumption. In [9] the ANN model for the prediction of 15-min electricity load for
commercial buildings shows good behavior. The accuracy is between 90% and 95% and the
peak hours are also detected. The work [10] investigates the usage of Convolutional Neural
Networks (CNNs) for the electricity consumption of a single residential customer: the
model is effective but also comparable with the other deep learning architectures presented.
Further techniques, such as reinforcement learning [11] and transfer learning [12] can
be found in the literature. Including physical variables, such as the weather conditions,
can improve the prediction, especially if interesting relationships between the exogenous
regressors and the main time series are discovered [13–15]. It is worth mentioning the
existence of alternatives, such as Prophet, developed by Facebook: it includes an additional
component modeling holidays and exceptional events. Prophet has been used in the work
by Rodríguez-Rodríguez et al. [16], where good accuracy has been reached in predicting
the energy consumption of a controlled simulation of an office of house. We also report
the following works [17,18], where Prophet is coupled with a tree-based ensemble and an
LSTM, respectively. Popular alternatives to Prophet are listed and compared here.

Ensemble models gained popularity in recent years, as they proved to obtain better
results. In their work [19], Touzani et al. applied gradient boosting [20] to forecast the
energy demand with great performance. Similar is carried out in [21–25]. When the weak
learner is a decision tree the model is referred to as Gradient boosting decision tree [26–28],
and because of the hierarchical structure a deep understanding of the inner working and
the feature selected is possible. Even though modeling energy consumption is being
studied extensively in recent years, it is still a subject worth exploring deeply. Now that
machine learning tools are fully developed, the true challenge is how to tailor them to each
specific case.

In this paper, we propose a Gradient Boosting Decision Tree model for regression to
predict the energy demand of the clients (domestic users, offices, or industries) of an energy
distribution company, aggregated according to the market zone where they are located.
This leads to the design of seven models, one for each zone. The data consist of seven

https://python.libhunt.com/prophet-alternatives
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uni-variate time series of energy load. Each time series represents the total consumption of
the company’s customers in that specific zone. The hourly observations range over three
years, from January 2019 to December 2021.

The main innovation in this work is that predictions are made without using the
most recent data, which requires additional effort to tailor the model to the available
ones. Specifically, on the first day of each month, the most recent data is two months
old. The problem has a technological nature: newer versions of electric meters send the
measurement every 15 min, whereas older versions send it every hour, day, week, etc.
Moreover, the number of clients can change over time, as new contracts are activated and
existing ones may terminate. To compensate for this, the company delivers daily files
containing the most recent available (partial) information: past consumption and state of
the contracts of clients, forecast of the air temperature. Further details are provided in
Section 3.1.

Most hyperparameters of the model have been tuned via Bayesian optimization
and cross-validation. Before the training, the load of each customer is normalized by its
maximum power. The Mean Absolute Percentage Error (MAPE) is the metric adopted to
evaluate the goodness of the predictions.

The remaining parts of the paper are organized as follows. The next section presents
the data analysis and preprocessing we performed. Section 2 introduces the GBM framework
in general, describing how the trees are grown and how the hyperparameters are tuned. The
external feature included in the model has also been briefly described. Section 3 describes the
training and prediction methodologies and the experimental results are reported. The tree-like
structure allows for an analysis of the feature’s importance. Finally, Section 4 provides some
discussion.

2. Materials and Methods
2.1. Data Exploration and Preprocessing

Energy consumption can be affected by several factors, such as, e.g., calendar features.
Figure 2 shows a clear time-of-year effect in the data: in NORD, CNOR and CSUD the
mean demand is particularly higher in February and July, and lower in April and October;
in other words, more energy is needed in winter and summer, whereas fall and spring have
a lower demand; we notice a drop in demand in August due to the summer break of many
activities. On the other hand, August is the month with the highest demand of the entire
year in SUD, CALA, SICI and SARD.

Figure 3 show this trend, with the summer months having the largest average demand
in SUD, CALA, SICI and SARD. In the remaining zones, we can see how during the
weekend the consumption drops significantly.

The boxplot in Figure 4 shows how much the energy load is influenced by the day of
the week, especially during the weekend when the demand is significantly less.

If we take a look at the evolution of the demand throughout the day for a representative
zone (see Figure 5), we notice that 9 and 15 are peek hours, while at 3 and 12 we have a
local minimum for the demand. These patterns show up softened in the weekend.

Weather conditions, especially air temperature, are likely to influence the consumption
of energy. Figure 6 shows the demand in a representative city in Northern Italy plotted
against the air temperature in the city is in agreement with what was found earlier. From
January to April, as the air temperature gets warmer, the demand for energy decreases.
From April to July, there is a positive correlation: when the temperature is hot, the
energy demanded is higher. From September to January, as the temperature gets cooler,
energy consumption reduces. Overall, the correlation is non-linear, even though the air
temperature is an important factor to consider when predicting energy demand.
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Figure 2. Energy demand plotted against the time of year. The smoothed mean demand is shown as
a red line.

After the previous exploratory analysis of the dataset, it is convenient to perform some
pre-processing steps in order to get rid of missing, repeated or strange values.

First, the leap days have been removed, so that every year is 365 days long.
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Figure 3. Average demand of energy by month and day of the week.

Second, we identified some outliers in demand. We used a simple algorithm, particularly
effective for a series of contiguous outliers. Let x0 be the value to be checked, x−1, x1
the corresponding values of the previous and next week, respectively, and consider their
arithmetic mean m := (x−1 + x1)/2; we compare x0 and m, saying that x0 is an outlier if
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|x0 −m|
x0

> k,

where k is a zone-dependent threshold tuned empirically, by direct observation of the
dataset. During the first wave of SARS-CoV-2, the interruption of productive activities
and services caused a sudden drop in the demand, especially in the zones NORD, CNOR
and CSUD (see Figure 2). The forecasting during that period was extremely challenging
and was handled separately. Currently, the data affected by the first wave are not used for
training, hence they have been removed but not uniformly in all zones: in CALA, where
the impact has been negligible, all data have been kept; in the other zones the data from
March to June have been removed; in NORD, also July and August have been taken away.

Figure 4. Boxplot of the energy demand by day of the week in NORD.

Figure 5. Boxplot of the energy demand by hour of the day for weekdays and weekends in NORD.

Finally, we normalize the dataset. The energy load of each client is divided by the
maximum power, according to its contract, i.e., the maximum amount of energy in the time
unit that can be provided. This allows the model to work with percentages, reducing the
unbalance between very big companies and small customers. At the end of the procedure,
the data are unnormalized, as we are interested in the absolute amount of energy demanded.
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Figure 6. Hourly load vs. hourly air temperature in a representative city in Northern Italy.

2.2. Model Design

This section describes in abstract terms the model that will be used later to concretely
obtain the predictions of the energy demand.

2.2.1. Decision Trees: Base Learner

A decision tree is a hierarchical structure used for classification and regression problems.
Every new instance runs through the tree starting from the root and going down one
level at a time. For each internal node, a question relative to an attribute is asked, and
depending on the outcome a different branch is chosen. This procedure ends when a leaf
node, representing a label or a value is reached.

A tree can be learned by optimizing an objective function, usually the entropy to be
maximized or a loss-function to be minimized. The training can be interrupted according
to an early-stopping criterion.

As a result, the parameter space is divided into distinct and non-overlapping subsets
of points with very similar attributes and the same label (or class value).

Decision trees are very reliable methods as they generate understandable rules. In
addition, they can handle both continuous and categorical variables simultaneously. The
robustness to outliers and to missing data in the input set makes them highly convenient,
and due to their hierarchical structure, they automatically perform feature selection, the
attributes closest to the root being more important for the prediction.

All these advantages come with a few drawbacks. Firstly, decision trees are more
suited for classification rather than regression.

Moreover, decision trees are easily prone to over-fitting: the higher and more complex
the tree is constructed, the more it will be dependent on the training data. Finally, sorting
every attribute to choose the best one every time we want to generate a new splitting
can turn out to be expensive from the computational point of view. For the same reason,
pruning techniques, important to avoid over-fitting, can be costly as each time many
sub-trees have to be evaluated.

Here comes the idea of ensemble models: instead of training a single big tree, it can
be more convenient to build numerous more little trees; any new observation is tested on
all the trees and the results are combined in some way (either majority vote or computing
the mean). The most popular ensemble models are random forest, bagging and gradient
boosting machine. The final result is a collection of trees; what differs is how they are
trained. For a random forest, a random subset of attributes is selected to create a new split,
but all the data is used. Whereas for bagging, all attributes are considered, but each tree
uses a bootstrapped data set from a subset of the whole training set. For both methods, the
decision trees are created independently and each one of them contributes equally to the
final voting. On the other hand, the trees are built sequentially, as each tree is trained on
the errors of the preceding [19].
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A more detailed description of this procedure is contained in the following section.

2.2.2. Gradient Boosting Machine

(This section follows the exposition of gradient boosting by Cheng [23].)
The idea behind boosting is to create a sequence of simple models, called weak learners,

where every simple model tries to correct the errors made by all the previous models. If the
base unit is a decision tree, the final ensemble is referred to as a boosted tree.

Adaptive Boosting (or AdaBoost) was one of the first implementations. The weak
learners are called decision stumps, as they are trees with a single split. At first, all the
points in the training set are treated equally. When learning a stump, the observation that
is harder to classify is given more weight. The following stump will focus more on these
difficult instances.

Gradient Boosting takes its name from the fact that it is based on a loss function to
minimize (the gradient points in the direction of a greater increase of the function). Each
weak learner represents a step towards the minimum.

Let {(xi, yi)}i=1,...,n be the training set. Let us proceed stage-wise:

• (m = 0) our model F0 can be simply set to predict the empirical mean:

F0(xi) = y i = 1, . . . , n.

• (m −→ m + 1) to improve Fm, we add a new estimator hm such that

Fm+1(xi) = Fm(xi) + hm(xi) = yi i = 1, . . . , n,

that is
hm(xi) = yi − Fm(xi) i = 1, . . . , n.

This means that the new estimator hm is found by minimizing the residuals with
respect to the previous model Fm.

So, gradient boosting could be specialized to a gradient descent algorithm, and
generalizing it entails “plugging in” a different loss and its gradient. We refer to (Chapter 10,
[29]), for more details. This new estimator hm can be seen as the m-th step towards the
minimum of a function, namely the loss function, depending on the residuals. Indeed, if

L =
1
n

n

∑
i=1

(yi − Fm(xi))
2,

then
∂L

∂F(xi)
= − 2

n
(yi − Fm(xi)) = −

2
n

hm(xi).

The following pseudocode, taken from (Algorithm 1, [20]) describes the method. We
refer to the [20] for further details.

2.2.3. GBM Hyperparameters Tuning

Hyperparameters are parameters that describes the structure of the model and allow
to regulate the learning process. Hence they are tuned before the actual training. Examples
of hyperparameters in the GBM are the maximum number of leaves on the tree and the
learning rate η ∈ (0, 1), which controls the step size at each iteration. The former is an
example of a model hyperparameter, as it defines the actual structure of the tree; the latter
is referred to as an algorithm hyperparameter, and it influences the speed of the learning
process. Other learning control parameters are the minimum number of data in one leaf; the
bagging fraction β, which represents the part of the data that will not be resampled on the
next iteration; the bagging frequency (if it is equal to k, it means that every k iterations the
algorithm will randomly select β · 100% of the data to use for the next k iterations); a fraction
of features randomly selected to perform each iteration; the coefficient of L2-regularization.
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For the tuning of the hyperparameters, a separate dataset, namely the validation set, is
used to avoid any interference with the learning of the actual model parameters performed
on the training set. The validation set will be also used for the early-stopping rule during
the training phase.

The hyperparameter optimization consists of creating a model with specific hyperpa-
rameter values, and assess its performance on the validation set and retaining the best model.

We can mathematically reformulate this with

θ∗ = argmin
θ

f (x|θ),

where θ denote the vector of hyperparameters, x is any point in the validation set and f is
an error function, such as a Root Mean Squared Error (RMSE).

Searching for the optimal θ can be carried out in different ways. With grid search,
all the possible combinations of θ are scanned within a bounded space. It is also possible
to proceed randomly, by sampling each hyperparameter value according to a preset
statistical distribution, i.e., θ is treated as a random variable. However, these methods
are quite expensive, as the construction of the model and its testing are intensive tasks.
Moreover, past results are not exploited when choosing the next candidate θ. With Bayesian
optimization, it is possible to recover past information and speed up the process. The
objective function f is treated as a random variable itself, and a prior is placed on it. Then,
f is evaluated using the data x, its posterior distribution is updated and its minimizer θ is
computed. Then θ is plugged into f and the evaluation takes place once again. We stop
when the minimizer is stable.

Bayesian optimization has been used to tune the following hyperparameters: the
minimum number of data points in each leaf, the minimum number of leaves in each
tree, the coefficient of L2-regularization and the learning rate. The values of the remaining
hyperparameters have been chosen manually.

2.2.4. Features

The model is enriched with an abundant number of external features, which can be
categorized in historical, calendar and meteorological features. To prevent overfitting, a
few of them with very low significance are discarded via a backward selection strategy.

Lagged Demand Effects

We incorporate into the model recent demand values as well as the state of the contract
of a subset of clients (about 40%) corresponding to the past 7 days. These are the only daily
data provided by the energy company, and the reason behind such a fragmented collection
of records is technological: different generations of users’ meters send the measurements at
a different frequency (the newer versions every 15 min, whereas older versions every hour,
day, week, etc.).

Calendar Effects

The calendar features include annual, monthly, weekly and daily patterns, as well
as meteorological seasons. Therefore the following features are all included in the model:
year, month, day of month, day of week, hour of day, week of year, week of month, day of
year, season. To take into account the impact of weekends and festivities, dummy variables
are added, indicating whether a day is a Saturday, a Sunday, a holiday, the day before (or
after) a holiday. Since the price of the energy depends on the time slot of the day, this
feature is also taken into account. Including an increasing and non-repeating feature, such
as a timestamp, is helpful whenever a sudden event happens, such as an abrupt change
in customer portfolio, or any crisis (coronavirus). Indeed, the model is able to link the
anomalous behavior in energy demand to a particular time interval.
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Temperature Effects

Due to its correlation with the energy demand, as observed in Section 2.1, the air
temperature represent an important feature. Each day the model provided the minimum,
average and maximum temperature for the main cities of the zone for the following 4 days.
Since we are interested in predicting the aggregate energy demand for each zone, the
temperatures of all the sites are potential predictors.

3. Results
3.1. Training and Forecasting

Each model is re-trained monthly, and further checks are performed. For instance,
customer portfolios are updated to keep track of the activation of new contracts as well as
the termination of older ones.

During the training, a weight strategy is utilized. Each month, m, is assigned a vector
of three positive integers (wm−1, wm, wm+1) which represent the weights of the previous,
current, and future months in relation to the current month. This means that the training
errors from each month are multiplied by their corresponding weight, allowing the model to
pay more attention to the surrounding months. The weights for each month are determined
through a process called cross-validation. To account for the loss of power during wire
transportation, we need to provide slightly more energy than requested. This extra amount
is reflected in the tension coefficient, which is based on the electric tension (i.e., voltage) of
the wire: high, medium, and low tension. Customers have been divided into three groups
accordingly. In order to do this with a single model, we need to periodically calculate the
tension coefficient as a weighted mean, with the weights being the sum of the maximum
power of the customers in each group.

The energy company sends daily three files containing: the forecasts of the minimum,
maximum and average air temperature of the main cities for the next 7 days, the state
of the contracts and the demand of a subset of clients (about 40%) relative to the past
7 days, also called “D-7”. As previously explained, the partial information is caused by the
electric meters sending measurements at different frequencies. The D-7 turns out to be very
inconsistent and unstable over time, making it extremely important to normalize it with
respect to the maximum power and the average composition of the customers’ portfolio in
terms of high, medium, and low tension.

3.2. Numerical Results

The free and open-source distributed gradient boosting framework LightGBM, originally
developed by Microsoft (https://github.com/microsoft/LightGBM, accessed on 6 December
2022), has been imported and used. The code was developed by customizing the library
and implementing the training routine as introduced in the previous section. Every day, the
hourly 4-day-ahead forecasting of energy demand is produced for every zone. However,
only the 1-day-ahead prediction is used for error evaluation once the energy company
provides the true energy load consumption for the entire customer’s portfolio (approximately
two months after the prediction). The metric used by the energy company to evaluate the
performance of the software is the Mean Absolute Percentage Error (MAPE). The reason for
using this metric is two-fold: first, it places greater emphasis on penalizing overestimations
compared to underestimations, which is desirable as overestimations result in wasted
energy and money. Second, the metric of Mean Absolute Percentage Error (MAPE) is the
one used by the energy company itself to evaluate the accuracy of predictions. The dataset
used for training ranges from January 2019 to October 2021, while November and December
2021 were used for testing. These months have been chosen to assess the behavior of the
model both in a normal and regular month, such as November, and in a month with short
(8 December) and long (24–31 December) holidays, such as December. The predictions are
displayed in Figures 7 and 8.

https://github.com/microsoft/LightGBM
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Figure 7. Prediction of GBM model for November 2021.

The value of MAPE for each zone is reported in Table 1. The model is very accurate in
NORD and SUD where the MAPE stays below 10% in November and December. In CSUD
the model has the tendency to underestimate the energy load demand. This is partly because
of the metric adopted for training: for the same absolute deviation from the true value, the
MAPE put more weight on the overestimation rather than the underestimation [30]. This
results in a slightly biased model, and the issue can be softened by suitably correcting the
metric [31]. Another possible reason can be found in the anomalous decrease in the demand -
not present in the previous two years - right before the testing months (Figure 2). CNOR has
the opposite problem in December, as the predictions appear slightly above the true values,
especially during the Christmas holidays. In CALA, SICI and SARD the model struggles to
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capture the more irregular pattern of the load demand. This could be partly caused by the
limited size of the customers’ portfolio, as most of the clients are based in Northern regions. In
addition, a modification in the composition of the portfolio may lead to some troubles in the
forecasting procedure. As an example, both from Figures 9 and 2 we can see that the number of
clients and the average demand in CALA has risen in October, November and December 2021,
compared to the same period of 2020. This results in an underestimation that can be adjusted
by giving more importance to the feature indicating the number of active clients. This, together
with the correction of the error metric, could be the subject of future research.

Figure 8. Prediction of the GBM model for December 2021.
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Table 1. MAPE (%) for the GBM predictions of November and December.

November December

NORD 5.09 8.00
CNOR 7.83 14.71
CSUD 12.09 13.61
SUD 6.89 8.43
CALA 14.64 13.03
SICI 13.69 9.30
SARD 12.21 11.79

Figure 9. Number of active clients in each zone.
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3.3. Feature Importance Analysis

As the GBM is based on a random-tree architecture, an analysis of the feature importance
can be performed easily. As said in Section 2.2.4, a small subset of the features has already
been discarded. However, another feature importance procedure is carried out during the
training: when building a tree, we count the number of times each feature is used; the most
informative features are chosen more often.

Figure 10 shows the most and least useful features used by the model. It is no surprise
that the most important feature is the consumption seven days before the prediction. The
second most important is the hour of the day, as the consumption varies a lot during each
day. We can notice that many other calendar features have been considered more helpful
than the meteorological features, especially the dummies for the day before or after a
holiday. Among the least useful features we find at the end of the year, maybe because the
training set is only 2-year-long.

(a)

(b)
Figure 10. Feature importance for NORD. (a) Most important features. (b) Least important features.

3.4. Comparison with Classical Statistical Models

In this section, we compare the performance of the GBM model with a traditional
statistical model, namely an ARMA model on the remainder resulting from the decomposition
of the time series. We conduct this simulation in NORD, as it is the region where GBM has
demonstrated the highest performance. The time series decomposition has been carried out
as follows: the trend has been fitted as a polynomial of degree 1 through the Least Squared
method; the de-trended series has been differentiated at lag 24 (1 day), lag 168 (7 days)
and lag 1 (1 h), the most significant periodicities emerged from the periodogram; the
resulting series is the remainder; the seasonal component has been obtained subtracting the
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remainder to the de-trended series. In the remainder, we fitted an ARMA(p, q), where p and
q are also chosen with a model selection procedure based on Akaike’s Information Criterion.
The training has been conducted using the Python libraries statsmodels and scipy.

Both November and December have been predicted and the MAPE has been computed
and compared with GBM in Table 2. GBM outperforms ARMA in both months, especially
in December. We can see from Figure 11 how ARMA is not sensitive to holidays, having
a regular seasonal component that is not affected by calendar features. It is not possible
to model this behavior in the remainder, as a stationarity assumption needs to hold. One
possibility could be to add an additional component encoding the information about
weekends and holidays.

Table 2. MAPE for ARMA and GBM for November and December.

November December
ARMA 8.36 17.15
GBM 5.09 8.00

Figure 11. Forecasts using time series decomposition and ARMA model for November and December.

4. Conclusions

In the present paper, we addressed the fundamental task in energy trading markets of
energy load forecasting.

After a few pre-processing steps, a deeper analysis of the correlation between energy
loads and external regressors, such as calendar features and air temperature, has been
conducted. In particular, the latter has shown to be an extremely important feature to be
considered for energy load forecasting. The dependence is non-linear and not uniform
throughout the year.

That is why a non-linear framework such as the Gradient Boosting Decision Tree
model has been adopted for the forecasting task.

Despite that the most recent complete data are two months old and the data provided
daily involve only a heterogeneous subset of the entire customer’s portfolio, itself quite
fragmented in the first place due to the different versions of the electric meters, the model
has proved to be able to exploit the 7-day-before information in an optimal way: the
normalization with respect to the maximum power is essential to recover the actual
structure of the time series.

The experimental results show that the GBM model has significantly better performances
compared to classical statistical methods, such as ARMA models. The GBM model has
been able to learn the multiple inner periodic behaviors, such as seasonal, weekly and daily
fluctuations, as well as the influence of weekends and holidays. The MAPE ranges around
10–15%, according to the market zone, but can reach levels of 5% in NORD, where the
dataset is bigger. The main drawbacks of the model are that it systematically underestimates
performance, which is caused by both the error metric used and changes in the customer’s
portfolio, and it struggles to accurately predict high and low peaks. To address the first
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issue, future research should focus on analyzing the magnitude of the underestimation over
time for each region. The second issue will be further investigated by studying the factors
that most impact predictions during peak hours, which will be carried out in future work.
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