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Abstract: As the demand for electricity, electrification, and renewable energy rises, accurate forecast-
ing and flexible energy management become imperative. Distribution network operators face capacity
limits set by regional grids, risking economic penalties if exceeded. This study examined data-driven
approaches of load forecasting to address these challenges on a city scale through a use case study of
Eskilstuna, Sweden. Multiple Linear Regression was used to model electric load data, identifying key
calendar and meteorological variables through a rolling origin validation process, using three years of
historical data. Despite its low cost, Multiple Linear Regression outperforms the more expensive non-
linear Light Gradient Boosting Machine, and both outperform the “weekly Naive” benchmark with a
relative Root Mean Square Errors of 32-34% and 39-40%, respectively. Best-practice hyperparameter
settings were derived, and they emphasize frequent re-training, maximizing the training data size,
and setting a lag size larger than or equal to the forecast horizon for improved accuracy. Combining
both models into an ensemble could the enhance accuracy. This paper demonstrates that robust
load forecasts can be achieved by leveraging domain knowledge and statistical analysis, utilizing
readily available machine learning libraries. The methodology for achieving this is presented within
the paper. These models have the potential for economic optimization and load-shifting strategies,

check for offering valuable insights into sustainable energy management.
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A part of the solution to reach the global climate goals is to use renewable energy
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storage for load shifting [4].

In Sweden, the electrification of the transport and industry sectors is crucial for

- carbon emission reduction, leading to significant growth in the electricity demand. Two
outstanding examples of industrial growth are the HYBRIT green steel project in the
northern parts [5] and the southern Malardalen region due to its dense population and the
addition of new electricity intense industries. Electricity has traditionally been transferred
through the national grid from northern hydropower plants and, more recently, from
offshore wind turbines to the energy-intense southern half of the country. However, due
to the rapid growth and end of life for several southern nuclear power plants, there are
short-term issues in the transfer capabilities, meaning that the southern demand cannot be
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sustainably fulfilled with northern electricity. Intense reinforcement and the expansion of
the high-voltage grid may eventually make it possible to supply the additional demand. In
the long-term, however, the increase in electricity usage in the northern areas could lead to
a shortage of energy to transfer to the south. Therefore, there is a need for increased local
production in the energy-intensive southern cities and regions for a robust and resilient
local energy system [6].

In Eskilstuna, a city located in the Malardalen region, the dispatchable local electricity
production currently makes up a small portion of the total demand, and the rest is im-
ported. The addition of several megawatt-size (MW-size) photovoltaic (PV) parks and a
wind turbine park will increase the yearly energy self-usage ratio. However, it does not
resolve the issue on an hourly and seasonal basis, as there is no substantial electricity gen-
eration from PVs in the evenings or during winter in Sweden. With the growing demand,
electrification, and renewable proliferation, the necessity of being able to forecast future
demand in combination with flexible energy usage is tangible.

Reliable forecasts can enable system operators and utilities to better manage the
demand and supply balance in real time, as well as control energy storage units for shifting
the load from high- to low-production periods, i.e., from day to night, or summer to winter.
Use cases for forecasts range from long-term world trends and national changes to medium-
and short-term changes on a regional or city-scale level [7]. Forecasting is essential for
the energy and power sector, and the area has attracted attention for many decades, and
with increasing computational power and new advanced models, the area continues to be
focused on. Individual investigations are necessary, as each dataset is unique, and more
complex models do not equal increased accuracy. Managing energy assets based on bad
forecasts can lead to higher operating costs and, in a worst-case scenario, blackouts in the
power grid.

Forecasting can be divided into three main parts using a system engineering per-
spective: Input, Model, and Output [8]. The size of historical data for training and the
selection of both dependent and independent variables are examples of Input. If the data
are disaggregated by geographical location, then hierarchical forecasting can be chosen as
the Model technique [7]. Other Model variants are the selection of, e.g., non-linear or linear
and black-box or non-black-box models, and their respective parameters. The predictions
(Output) can be combined into ensembles, which is usually considered the best practice
from an accuracy perspective [9]. The application of the forecasts matters; peak prediction
generally demands an approach that is different from forecasts used for the operational
optimization of energy units [10]. While numerous forecasting techniques have been pro-
posed, there is no one-size-fits-all technique [7], and a detailed analysis of the specific case
is needed for maximizing the forecast accuracy.

This paper focuses on forecasts and their usage on the urban electricity demand level
in a city by studying the use case of the Eskilstuna Strangnas Energi och Miljé (ESEM)
electrical grid and energy system. Short-Term Load Forecasting (STLF) was applied to
the hourly average electric load. This study aimed to create and explore a framework
while analyzing and evaluating forecasting models and input variables. This study is
summarized in three specific objectives:

1. Derive which calendar and meteorological variables improve the accuracy of the STLF
in this city;

2. Evaluate the models: Multiple Linear Regression (MLR), Light Gradient Boosting
Machine (LGBM), and the benchmark “weekly Naive”;

3. Determine suitable hyperparameters for the models.

MLR and LGBM are compared to the benchmark “weekly Naive” to determine
whether advanced methods provide additional value compared to simpler benchmarks.
The implementation of these forecasts for the control of energy storage units and other
flexible assets is discussed, and the possible strengths and weaknesses of the two models
are emphasized.



Energies 2024, 17, 2246

30f19

The rest of the paper is structured as follows: In Section 2: Methods, the data acquisi-
tion, algorithm creation, and model selection are presented. In Section 3: Results, the choice
of explanatory variables and model results are presented, and these are criticized in Section
3: Discussion. This paper is concluded in Section 4: Conclusions.

2. Methods

Modeling and simulation, specifically Machine Learning (ML) in the context of the
STLF of the electrical load, were the selected methods for this study. The focus lies on
finding cause-and-effect relationships in the system under study to inductively generate and
generalize knowledge. Knowledge is based on both an observable reality and empirically
observable impressions, as discussions and guidance from domain experts are an important
element of the progression. The selected methods are suitable for answering the research
questions, as the data collected and created were quantitative. The approach is oriented
toward problem solving, aiming to address the challenges in this specific context, i.e., the
shortage of electricity and meeting the future electricity demands. However, studying
this specific cross-sectional case will generate knowledge that can be transferred beyond
its spatiotemporal boundaries. The detailed methodology of the data collection, model
creation and execution, and validation and testing are as follows.

In general, the knowledge of the subject and the models is found through a literature
review. Variables are added to the model, and the change in accuracy is tracked through a
validation process. If a variable increases the model accuracy, it is kept, and disregarded
if not. This validation is an iterative manual process and leads to a set of explanatory
variables that are then tested against another unseen year of data. A manual process
was selected over an automated hyperparameter tuning methodology due to the sheer
size of the variables and to maintain control and a good understanding of the system
dynamics. This study was finalized by analyzing and presenting the results in detail, and
the conclusions were drawn from these.

2.1. Data Collection and Analysis

The dataset used herein comprised the hourly average electrical load in MW from
1 January 2020 to 31 October 2023 (3 years and 10 months) and was collected for all entry
points (transformer stations) between the regional and the local grid in Eskilstuna, Swe-
den. Local electricity production, e.g., small-scale hydropower generation, was accounted
for according to which transformer station they it was connected to. The summation of
the seven transformer station loads, together with the generation from all large (63 and
80 Ampere) PV installations, made up the total energy usage of the city, denoted as the “total
energy usage” in this paper. The electricity generation from smaller local PV installations,
such as private households, was not included in the total energy usage.

To build an accurate forecast model, several meteorological and calendar explanatory
variables needed to be evaluated in terms of correlation with the total energy usage. Some of
the meteorological variables analyzed were reanalysis data of the wet and dry temperatures,
wind speed, rain, and global irradiance from SMHI [11]. Other data were the relative and
specific humidity from NASA [12]. Measured in situ, temperature from the central power
plant was also used, including smoothed variants, i.e., moving averages with different
window sizes. Cross effects are commonly used in forecasting and can be calculated by
multiplying meteorological and calendar variables [13].Degree days and hours for heating
and cooling, which are the temperature differences below or above a certain threshold
multiplied by time [14], are examples of cross effects used in this research. Additionally,
historical regional loads and regional electricity prices were evaluated as explanatory
variables, such as the actual load of electricity area SE3 of Sweden [15], as well as the actual
production and forecasts of the regional solar power.
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2.1.1. Correlation and Data Preparation
The correlation matrix of 27 interesting variables is shown in Figure 1, shortened from

the original size of 70 to fit the paper. As an example, the correlation coefficient between
the total energy usage and the reanalyzed dry temperature is —0.54. Further, the forecasted
and actual load for electricity area SE3 (from the ENTSO-E database [15]) of Sweden are
highly correlated with the total energy usage of Eskilstuna and highly correlated with
each other (correlation coefficient of 0.99). This correlation analysis is a part of the data
preparation and analysis methodology employed to strengthen the selection of which
explanatory variables to keep or not. As the correlation suggests similarities in the data,
using several correlated variables as input to a model would mean an excess of information.
Therefore, multicollinearity was considered during the entire study, and the final selection

of the explanatory variables was conducted by avoiding collinear variables
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Figure 1. Correlation plot of 27 selected variables

2.1.2. Load Decomposition
Public holidays are considered non-typical days [16], where the load is significantly
lower. The additive decomposition of the trend, seasonal, and residual components [17]
was applied using the Python library Statsmodels [18]. Similar to Isik et al. [19], the
MSTL (Multi-Seasonal Trend decomposition using LOESS (Locally Estimated Scatterplot
Smoothing)) revealed daily and weekly seasonality, as shown in Figure 2. Through this
plot, the calendar variables Hour of day and Day of week were cemented as important
explanatory variables for the total energy usage. The bottom residuals graph of Figure 2
shows a negative correlation between the MSTL residual and temperature for this winter
example, which suggests that temperature is important for explaining the total energy
usage. When not explained by temperature, large peaks in the residuals from the bottom
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graph of Figure 2 can be explained with knowledge of public holidays (Christmas and
New Year).
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Figure 2. Additive load MSTL with seasonality periods of 24 and 168. Temperature is included in the
bottom residual graph.

MSTL was applied, and the residuals were plotted against the outdoor temperature
in Figure 3, with public holidays plotted separately. A portion of the residuals were
significantly lower than the rest of the residuals during public holidays. Excluding public
holidays and adding a LOESS line of the best fit gives a curve explaining how the residuals
vary with temperature, depicted as “Smoothed” in Figure 3. This shows that residuals
are negatively correlated with temperatures below 10 °C, while positively correlated with
temperatures above 20 °C. This information was used to select and cement the existence of
explanatory variables.

Further, there is a significant reduction in load due to the common industry practice of
closing operations during the summer vacation period. The industry vacation period can
be seen as a significant four-week lowering of the load in the trend of the MSTL plot for the
summer (not shown in this paper). Therefore, a binary variable, which was set to zero for
those four weeks, was added.

While load decomposition is not a novel concept [20-24], its application and number
of publications has increased in the field of electric load forecasting in recent years. Decom-
posing the electrical load offers valuable insights and data explanations [25], which can
prove beneficial for ML practitioners in STLE.

The MSTL algorithm, proposed by Bandara et al. [26], is an extension of the STL de-
composition algorithm through extracting multiple seasonalities from a time series. While
the utilization of MSTL has been documented in electric load forecasting [19,27-29], em-
ploying it to derive explanatory variables, especially the temperature thresholds for cooling
and heating degree hours as presented in this manuscript, appears to be unprecedented, to
the best of the author’s knowledge, and is therefore an important academic and practical
contribution of this work.
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Figure 3. MSTL residuals vs. temperature.

2.1.3. Autocorrelation

Using the Autocorrelation Function (ACF) and Partial Autocorrelation Function
(PACEF) tools on the total energy usage revealed the temporal dependencies within this time-
series data [18]. In Figure 4, the confidence interval is set to 99% (alpha = 0.01), indicating a
99% confidence that the observed autocorrelation values fall within the confidence interval
(gray area), and only a 1% chance of them falling outside, due to random chance alone.
As most values fall outside the confidence interval, this suggests statistically significant
autocorrelations. A seasonal pattern of 24 h is shown in the top ACF plot and possibly a
168 h pattern as well. In analyzing the bottom PACEF plot, the first 3 h of lagged data are
most significant, followed by the first 24 h, and then the data around multiples of 24 h. In
addition, the peaks around 144 h and 168 h are prominent; therefore, lagged values of up
to 168 h values are of interest for future analysis.

Autocorrelation
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Figure 4. Autocorrelation and partial autocorrelation plot of the total energy usage.



Energies 2024, 17, 2246

7 of 19

2.2. Forecasting Models and Benchmark

The benchmark model was selected to be the well-known, in energy forecasting,
“weekly Naive” model (copy—paste the previous week’s values as the forecast for the next).
It captures the weekly seasonality in the data and therefore outperforms the “daily Naive”
model [30]. A persistence-based benchmark, meaning one that is finding and copying days
that are more similar than simply the weekly pattern, was used in a recent forecasting
competition [31]. It can lead to a more accurate Naive benchmark but at a higher cost
of implementation and with reduced transferability to other cases; therefore, it was not
selected in this study. The statistical modeling technique Multiple Linear Regression (MLR)
is commonly utilized in electric load forecasting due to its ability to generate forecasts with
minimal computational expense [32]. Equation (1) presents an example of MLR with two
independent variables:

Y =Bo+p1Xq+p2Xa+e, (1)

where Y is the dependent variable, X; and X; are independent variables, s are parameters
to estimate, and e is the error term [13]. See Supapo et al. [33] for a more detailed explanation
of MLR. Even though it cannot capture nonlinear relationships by definition, MLR is
used because of its scalability and interpretability, while also achieving state-of-the-art
performances in many cases. The ML Light Gradient Boosting Machine (LGBM) model,
on the other hand, was highly represented in a recent energy predictor competition [34].
It is recognized as suitable for electric power modeling and explained in more detail in
the open literature [35]. One obvious benefit of this model is that it can capture non-linear
relationships while still remaining computationally feasible. Their proven track records and
community support alongside their simplicity through implementations in open-source
libraries, and compatibility (the use of the same past and future covariates), conclude that
MLR and LGBM are suitable for this comparative study. The models are accessible and
user-friendly, found in the “made for time series” Python library Darts [36], as utilized in
this study. If not explicitly specified, the models used default settings.

2.3. Model Creation

The algorithm (referred to as Historical Forecasts), which is part of the framework used
in this study, is depicted in Figure 5. First, necessary inputs are given to the algorithm: the
forecast horizon, size of historical load for training, number of lagged (past) target values to
use, how many hours to advance before making a new prediction, how many predictions
to make before re-training, and when to stop. Future and past covariates including their
lags can also be given to the model, e.g., temperature and day of the week. A prediction
start date is given for splitting the data; otherwise, it will start as soon as possible given the
size of the training and available dataset. The model was trained, and predictions were
made according to the inputs, and at some points, it was re-trained. Historical Forecasts
uses a rolling window approach for the rolling origin evaluation of the forecast [37]. Each
prediction, error, and error metric are saved for further analysis.

2.3.1. Full-Year Run

The models underwent a rolling origin evaluation process using the Historical Forecasts
algorithm (refer to Figure 5). This involves employing a forecast horizon of 168 h, advancing
17 h between each prediction, and re-training every 100th prediction, resulting in a total of
515 predictions. The forecast horizon was chosen to align with the available weather forecast
horizon, thus setting the output chunk length equal to the forecast horizon. Additionally,
the forward advancement between predictions was chosen as a prime number to minimize
the chance of resonance with any of the seasonal patterns. Past lags for the load and lags for
the future and past covariates were set to 168 h. The evaluated period was approximately
1 year (24 September 202X 22:00 to 27 September 202X 10:00), referred to as “the full-year
run”. Including a year of training data and predicting a week ahead mean that the model
has seen the predicted week once, but adding at least one more week to the training data
means that the predicted week has been seen twice. The results from varying the training
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size are presented in Section 3. The models were trained four times throughout the full-year
run, as the load profile and temperature dependency were known to be different for the
four seasons. For every full-year run, 86,520 errors (multiply the forecast horizon by the
total number of predictions) were analyzed, together with 515 average errors (one for each
prediction made), and a single average error. Which error metric to be used for different
datasets can be derived from Hewamalage et al. [37]. The Root Mean Square Error (RMSE)
and Mean Absolute Percentage Error (MAPE) were concluded to be the two most common
ones used for the STLF of an electrical load in Nti et al. [38], and the former was used in
this study and presented in the MW. The relative RMSE (rRMSE), defined as the RMSE
of the MLR and LGBM, respectively, divided by RMSE for the “weekly Naive” is used to
quantify the performance against that of the benchmark.

Forecast horizon

Training size
Lags
Jump forward size

Retrain
Total predictions
Explanatory variables

Split in train/test
fractions

Calculate error
metrics

Save the data

End of Yes
dataset?
Nol
Yes

No
Jump forward

Figure 5. Flowchart of the algorithm Historical Forecasts created for model validation.

U

2.3.2. Validation

An extensive rolling origin validation was performed, where the least computationally
expensive model MLR was used for running hundreds of full-year runs, each generating
errors that were manually and iteratively compared. Periods with the largest errors, such
as public holidays, the yearly peak, and the summer period, were focused on in greater
detail. One explanatory variable after the other was manually added, the model parameters
were varied, and the results were evaluated. Through combinations of visual inspections
of the animations and plotting the model errors in graphs, the key explanatory variables
were concluded. When no significant improvement was achieved with this semi-structured
scrutiny of the MLR, the analysis was stopped. The same analysis was not performed
with the LGBM due to the computational expense, where only a few selected parameter
changes were made to verify the model behavior, e.g., reducing the training size reduces
the accuracy.

The rolling origin validation was performed on two years of data, one referred to as
2021-2022 and another as 20222023, to determine the selection of explanatory variables and
hyperparameters. This usage of two sets of data helped determine whether the explanatory
variables and hyperparameters actually enhanced the accuracy consistently over the two
years, or if the observed improvements were unique to the first year only.
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The starting point for the full-year run during these two validations differed by one
year, i.e., 24 September 2021 22:00:00 for 2021-2022 and 24 September 2022 22:00:00 for
2022-2023. The same set of explanatory variables, as concluded useful for the model during
the first year, were tested in the second year, and the resulting error metrics were compared.

In addition, the list of explanatory variables was expanded during the process as
more knowledge was gained. Several databases were included and tested with the same
methodology.

3. Results and Discussion
3.1. Explanatory Variables

Several explanatory variables for STLF in the specific context of this use case were
evaluated in terms of usefulness by applying a rolling origin validation (the full-year run).
Two separate years of data were used: 2021-2022 and 2022-2023. The change in accuracy of
the models when each of the explanatory variables was consecutively added is documented
in Table 1. The results for the 2021-2022 year were gathered from previously published
work [39].

Table 1. RMSEs when consecutively adding each explanatory variable to the models in a full-year
run. The respective best-performing results for a run are underlined, and the subsequent threshold
RMSE is framed. Meteorological variables were taken from SMHI [11].

MLR LGBM

Explanatory Variable 2021-2022 2022-2023 2021-2022 2022-2023
Day of week [0-6] 454 4.31 4.74 4.59
Hour of day [0-23] 4.56 4.30 4.72 4.56
Holidays [0 OR 1] 4.44 4.12 4.53 4.30
Industry vacation [0 OR 1] 431 4.00 4.35 418
Heating hours [Kh, <10°C]! 2.20 2.18 2.89 2.99
Global irradiance [W m 2] 2.12 247 2.68 3.00
Cooling hours [Kh, >20°C] 2 2.06 2.34 2.65 2.89
Wind speed [ms™!] 2.04 241 2.71 2.93

I Threshold MLR. 2 Threshold LGBM.

Concluded from Table 1, the best set of explanatory variables for the MLR model
(only using the SMHI [11] database) is the first five: day of week, hour of day, holidays,
industry vacation, and heating hours. Only these five variables improved the model
accuracy for both simulated years. The resulting RMSEs of 2.20 (2021-2022) and 2.18
(2022-2023) were used as the thresholds for the rest of the analysis. Several additional
databases and explanatory variables were tested against the best-performing models, and
these are discussed subsequently, starting with the MLR model.

3.1.1. MLR Additional Databases and Explanatory Variables

The resulting RMSEs when adding a sixth explanatory variable for 20212022 are
presented in Table 2. Explanatory variables related to wind improved the model for this
year. Wind speed also improves the accuracy in the first year (2021-2022), as shown in
Table 1. On the contrary, the accuracy worsened when included in the subsequent year
(2022-2023). The explanatory variables were only kept if validated as accuracy-improving
for both years.
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Table 2. RMSEs when adding a sixth explanatory variable to the MLR full-year run 2021-2022, sorted
from lowest to highest. The line separates the accuracy-improving variables *.

Variable Added RMSE Variable Added RMSE
Actual load SE3 (ENTSOE) 1.87 Pressure (SMHI) 227
Forecasted load SE3 (ENTSOE) 214  Dew point temperature (NASA) 2.28
DA wind forecast SE3 (ENTSOE) 2.19 Rain (SMHI) 2.28
Wind SE3 (ESETT) 2.19 Snow (SMHI) 2.28
Wind onshore SE3 (ENTSOE) 2.20 Wind direction (SMHI) 2.28
Gust (SMHI) 2.20 Wind direction 10 m (NASA) 2.29
Wind speed 10 m (NASA) 222 Wind direction 50 m (NASA) 2.29
Wind speed 50 m (NASA) 2.22 Wet temperature (NASA) 2.30
Solar SE3 (ESETT) 2.23 Precipitation (NASA) 2.31
DA Wind and Solar SE3 (ENTSOE) 2.24 Total cloud cover (SMHI) 2.34
Relative humidity (NASA) 224 Temperature (NASA) 2.35
Nuclear SE3 (ESETT) 2.25 Water SE3 (ESETT) 2.35
Wet temperature (SMHI) 2.25 Unspecified production SE3 (ESETT) 241
Relative humidity (NASA) 226  CHP production SE3 (ESETT) 2.43
Pressure (NASA) 2.27 Day-ahead prices (ENTSOE) 2.72

* Threshold RMSE = 2.20.

The fact that the explanatory variables are under the threshold does not mean that
they are useless for the models when, e.g., running them in a real-time or daily /weekly
application. Day-ahead prices are an example where consumers change their consumption
patterns depending on the price. Logically, electrical vehicles are likely to be charged during
the night when the prices are lower, and electric heating systems could be temporarily
shut down during peak prices, which would affect the electrical load on the grid. Still,
the day-ahead prices significantly worsen the accuracy. The methodology applied in this
study and the results presented in, e.g., Table 2, do not mean that all variables under the
threshold RMSEs are useless for the models. The results only mean that these variables are
not improving the accuracy in a full-year run performed in this context. Table 2 shows that
18 out of 24 such variables result in errors that are within a 5% difference compared to the
threshold. Consequently, they are, on average, not improving the accuracy, but they could
theoretically be during specific periods, significantly reducing the error and reducing costs.
In addition, periods that are hard to predict can lead to high imbalance costs. Therefore,
the inclusion of such variables could be justified economically if the worsening of accuracy
comes with no significant cost. To summarize, all explanatory variables could be useful
for the models during certain periods. To determine which, and their level of usefulness,
they can benefit from being evaluated over a shorter period than a year. An economic
assessment where forecasts are used together with, e.g., an electrical battery, can help derive
more details about each explanatory variable.

In Table 3, the resulting RMSEs when adding a sixth explanatory variable for 2022-2023
are presented. The actual load of the third electrical area of Sweden (SE3) significantly
improved the accuracy for both years. The forecasted load (SE3) did as well, although not
to the same extent. Both the actual and forecasted load were gathered from the ENTSO-E
database [15]. The correlation coefficient between the actual and the forecasted load is 0.99,
as shown in Figure 1. They both correlate with the total energy usage with a coefficient of
0.95. Using the actual load as input means having perfect foresight, which is impossible for
real-time predictions. Instead, the forecasted load needs to be used. These results show
that using the forecasted load would have meant an accuracy improvement, historically,
and could therefore be used as input for real-time STLF in this specific use case. For the rest
of the study, however, the actual load and the predetermined five explanatory variables
were used in the detailed analysis of the model errors.
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Table 3. RMSEs when adding a sixth variable to the MLR full-year run 2022-2023, sorted from lowest
to highest. The line separates the accuracy-improving variables *.

Variable Added RMSE Variable Added RMSE
Actual load SE3 (ENTSOE) 1.92 Wind direction (SMHI) 2.28
Forecasted load SE3 (ENTSOE) 2.05 Pressure (SMHI) 2.29
Precipitation (NASA) 2.16 Pressure (NASA) 2.29
Snow (SMHI) 2.25 Wind speed 10 m (NASA) 2.29
Unspecified production SE3 (ESETT) 225 DA Wind and Solar SE3 (ENTSOE) 2.31
CHP production SE3 (ESETT) 2.25 Gust (SMHI) 2.32
Wind direction 50 m (NASA) 2.26 Nuclear SE3 (ESETT) 2.33
Wind direction 10 m (NASA) 2.26 Wind speed 50 m (NASA) 2.33
Wet temperature (SMHI) 2.26 Water SE3 (ESETT) 2.33
Relative humidity (NASA) 2.26 Wind onshore SE3 (ENTSOE) 241
Dew point temperature (NASA) 227 DA wind forecast SE3 (ENTSOE) 241
Rain (SMHI) 2.27  Wind SE3 (ESETT) 241
Day-ahead prices (ENTSOE) 2.27  Total cloud cover (SMHI) 245
Wet temperature (NASA) 2.27 Solar SE3 (ESETT) 2.50
Temperature (NASA) 2.27 Relative humidity (NASA) 2.67

* Threshold RMSE = 2.18.

3.1.2. LGBM Additional Databases and Explanatory Variables

Concluded from Table 1, the best set of explanatory variables for the LGBM model
(only using the SMHI [11] database) is the first seven: day of week, hour of day, holidays,
industry vacation, heating hours, global irradiance, and cooling hours. These variables
improved the model accuracy for both simulated years. The resulting RMSEs of 2.65
(2021-2022) and 2.89 (2022-2023) were used as the thresholds for the rest of the analysis. Sev-
eral additional databases and explanatory variables were tested against the best-performing
models and are discussed subsequently.

In Table 4, the resulting RMSEs when adding an eight explanatory variable for
2021-2022 are presented. The actual and forecasted loads were the only two additional
explanatory variables that improved the accuracy.

Table 4. RMSEs when adding an eight variable to the LGBM full-year run 2021-2022, sorted from
lowest to highest. The line separates the accuracy-improving variables *.

Variable Added RMSE Variable Added RMSE
Actual load SE3 (ENTSOE) 2.34 Wind speed 50 m (NASA) 2.74
Forecasted load SE3 (ENTSOE) 2.56 Wind speed 10 m (NASA) 2.75
Rain (SMHI) 2.65 Solar SE3 (ESETT) 2.76
Snow (SMHI) 2.65 Wind SE3 (ESETT) 2.77
Wet temperature (SMHI) 2.67 Wind direction 10 m (NASA) 2.77
Wet temperature (NASA) 2.70 Wind direction 50 m (NASA) 2.77
Relative humidity (NASA) 2.71 DA Wind and Solar SE3 (ENTSOE) 2.78
Total cloud cover (SMHI) 2.72 Wind onshore SE3 (ENTSOE) 2.78
Dew point temperature (NASA) 2.72 DA wind forecast SE3 (ENTSOE) 2.79
Temperature (NASA) 2.72 Pressure (NASA) 2.79
Relative humidity (NASA) 2.72 Pressure (SMHI) 2.79
Gust (SMHI) 2.72 Nuclear SE3 (ESETT) 2.88
Precipitation (NASA) 2.73 CHP production SE3 (ESETT) 2.98
Wind direction (SMHI) 2.73 Water SE3 (ESETT) 3.05
Unspecified production SE3 (ESETT)  2.74  Day-ahead prices (ENTSOE) 3.30

* Threshold RMSE = 2.65.

In Table 5, the resulting RMSEs when adding an eight explanatory variable for
2022-2023 are presented. Similarly to Table 4, both the forecasted and actual loads improve
the model accuracy.
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Table 5. RMSEs when adding an eight variable to the LGBM full-year run 2022-2023, sorted from
lowest to highest. The line separates the accuracy-improving variables *.

Variable Added RMSE Variable Added RMSE
Actual load SE3 (ENTSOE) 222 Relative humidity (NASA) 2.96
Forecasted load SE3 (ENTSOE) 2.28 Wind speed 10 m (NASA) 2.96
Solar SE3 (ESETT) 2.74 Pressure (SMHI) 2.98
Rain (SMHI) 2.89 Wind onshore SE3 (ENTSOE) 2.98
Wet temperature (SMHI) 2.89 Pressure (NASA) 2.98
Snow (SMHI) 2.90 Wind SE3 (ESETT) 2.98
DA Wind and Solar SE3 (ENTSOE) 291 Wind direction (SMHI) 2.98
Total cloud cover (SMHI) 2.92 DA wind forecast SE3 (ENTSOE) 2.98
Temperature (NASA) 2.92 Day-ahead prices (ENTSOE) 2.98
Precipitation (NASA) 292 Dew point temperature (NASA) 2.99
CHP production SE3 (ESETT) 292 Wind direction 10 m (NASA) 3.00
Nuclear SE3 (ESETT) 2.94 Wind direction 50 m (NASA) 3.00
Gust (SMHI) 2.94 Relative humidity (NASA) 3.00
Wet temperature (NASA) 294 Unspecified production SE3 (ESETT) 3.04
Wind speed 50 m (NASA) 2.96 Water SE3 (ESETT) 3.27

* Threshold RMSE = 2.89.

In summary, in first utilizing only a single database of meteorological variables, five
explanatory variables were concluded useful for the MLR model, and seven for the LGBM
model. The prerequisite for this conclusion was that the variables shall improve the accuracy
for both simulated years. In including additional databases, a sixth and, respectively, eighth
explanatory variable (the actual load of SE3) were concluded useful. The forecasted load of
SE3 was also concluded as useful for the models. The forecasted load is the explanatory
variable that needs to be used in a real-time application.

3.2. Detailed MLR, LGBM, and “Weekly Naive” Full-Year Run Results

The full-year run results for comparing MLR with the LGBM, including the Naive
benchmark, are shown in Figure 6. The best-performing MLR model from Table 2, the
best-performing LGBM model from Table 4, and the “weekly Naive” model’s results are
plotted in Figure 6a. The MLR achieved an average RMSE of 1.86 (rRMSE of 32%), and
the LGBM achieved an average RMSE of 2.33 (rRMSE of 40%) compared to 5.86 for the
“weekly Naive” model.

The errors of the “weekly Naive” model depend on both calendar and temperature
factors. The Swedish public holidays (Christmas, New Year, and Easter) and the local
industry vacation period in June-July give rise to the largest errors as the load is significantly
lower during public holidays. When temperature changes from one week to the other during
the heating period, the “weekly Naive” model’s performance is affected, which is expected
when copying the previous week’s load as a forecast for the upcoming week. Holidays are
still a large source of error in the best-performing MLR and LGBM models, but with the
addition of the actual load (SE3) as an explanatory variable, these errors are reduced.

To further increase model accuracy, a detailed simulation using an hourly error scale
and analyzing shorter periods (weeks or months) at a time would be useful. By doing so,
these periods of interest (e.g., the yearly peak) and periods with high errors (e.g., holidays,
industry vacation) can be targeted separately, and the same methodology as applied for the
full-year run can be used for evaluating all explanatory variables again. Although such
an analysis is an important tool and was used in this study for tuning the hyperparam-
eter and evaluating explanatory variables, the aim was to provide recommendations on
a yearly scale.

The best-performing MLR model from Table 3, the best-performing LGBM model
from Table 5, and the “weekly Naive” results are plotted in Figure 6b. The MLR achieves
an average RMSE of 1.91 (rRMSE of 34%), and the LGBM achieves an average RMSE of
2.33 (rRMSE of 39%) compared to 5.65 for the “weekly Naive” model.
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Figure 6. MLR, LGBM, and “weekly Naive” model’s ((a) 2021-2022 and (b) 2022-2023) full-year run

model errors.

Detailed Model Error Analysis

All 86,520 errors for the full-year runs of the two best-performing models are plotted
in histograms, as seen on the left in Figure 7a,c. Both models produce errors close to a
normal distribution centered close to zero. The centers of the distributions are slightly
tilted toward a positive number for MLR (average 0.45), and a negative number for LGBM
(average —0.16).

The autocorrelation plots, on the right in Figure 7b,d, are shown for the same predic-
tion, i.e., the 91st out of the 515 made in each full-year run. The confidence interval (alpha)
was set to 0.99. The ACF plots show different shapes, different seasonalities, over this 168 h
forecast horizon. First, they show that most of the past (lagged) errors are not significantly
autocorrelated, except for the first 3-10 errors. This is concluded as serial autocorrelation,
meaning that if the model is wrong in one direction for the first time step, it will likely
be wrong in the same direction in the next step. Second, seasonal autocorrelation is also
observed, meaning that if the prediction is too low one day, it is likely to be too low on the
following day, in a seasonal pattern. Third, these plots highlight that both forecast models
produce different errors from an autocorrelation perspective and are therefore suitable for
combination.

The errors from the two best-performing models are plotted against each other in
Figure 8, and they show a weak correlation. This, together with the distribution of the errors
in Figure 7, shows good potential for combining them in an ensemble model. Accuracy
improvements are expected when combining models according to the literature [9] and
forecasting competitions [34], but a deeper analysis of this specific use case is needed.

(a) Hist MLR 1o (b) ACF MLR
B Errors .
—— PDF 05 -
0.0
05 -
=10 -
-5 0 5 0 50 100 150
(c) Hist LGBM (d) ACF LGBM
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Figure 7. Probability density functions (a,c), and autocorrelation Functions (b,d) of the errors for the
best-performing full-year runs.
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Figure 8. MLR vs. LGBM full-year run model errors.

3.3. Hyperparameter Tuning
3.3.1. Lag Tuning

The effect of varying the size of the included past lags (previous values of the variable)
of the load itself, as well as the size of both past and future lags of the explanatory variables,
was analyzed. The effect for the MLR model is shown in Figure 9a, and similarly, that
for the LGBM is shown in Figure 9b. The forecast horizon determines how many lags
need to be included for the best accuracy. Including fewer lags than the forecast horizon
significantly reduces the accuracy. Likewise, including more lags than the forecast horizon
also affects the accuracy, but not to the same extent. Figure 9 shows that the number of lags
should be equal to the forecast horizon while the forecast horizon is 168 h or larger. On
the contrary, when the forecast horizon is 72 h, the number of lags that should be included
is approximately 120 h, which is valid for both MLR and LGBM. During this analysis, no
difference was made between the lag size of each explanatory variable or no difference
between past and future lags. All past and future lags, for all variables were set to the same
size. An additional detailed analysis for cherry picking only the most important lags, in
accordance with the partial autocorrelation plot in Figure 4, is suggested as future work for
the re-evaluation and continuous improvement of the models.

(a) 2022-2023 MLR (b) 2022-2023 LGBM
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Figure 9. Varying forecast horizon and lag size versus RMSE for the full-year run: (a) MLR and
(b) LGBM.

3.3.2. Training Size Tuning

How the error varies when varying the training size is shown in Figure 10. In general,
the RMSEs for the full-year runs decrease when the training size increases. The error
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is significantly improved when increasing the training size up to 0.8 years, as shown in
Figure 10a,c. The curve flattens out to then improve again around 2 years of training data,
as shown in Figure 10b,d. The improvement in the full-year run accuracy for the MLR
model when including 2 years instead of 1.2 is 5.7%, while it is 7.5% for the LGBM. These
graphs show that the training data should be set in intervals of full years. Nonetheless, an
increased training size will increase the computational effort and time.
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Figure 10. Varying training sizes for both full-year runs: (a) MLR 2021-2022, (b) MLR 2022-2023
(c) MLR 2021-2022 zoomed in, and (d) MLR 2022-2023 zoomed in.

3.3.3. Re-Training Interval Tuning

In Figure 11a, the impact of re-training on the full-year run accuracy is presented. The
re-training was tested for the entire dataset. Re-training approximately every week lead to
a 5% accuracy improvement for the MLR model compared to not re-training at all over the
2.5 years. For the LGBM in Figure 11b, the same applies but with an 18% improvement.
Re-training affects the computational effort.
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Figure 11. RMSE when varying the re-training interval, (a) MLR and (b) LGBM.

To conclude the remarks on computational effort, the MLR is the winner in terms of
computation. It takes about 60 times more time for the LGBM to finish the full-year run. If
these models are used in a live decision-making process, e.g., an economic model for the
predictive control of grid-scale electrical energy storage, the time constraint is an hour. To
clarify, the electrical price settlement period is an hour in Sweden, meaning that the load
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prediction needs to be calculated in less than an hour. However, this is about to change
as the countries connected to NordPool are changing to a 15 min resolution. In addition,
intra-day trading and imbalance markets can be conducted on a smaller timescale, meaning
that computational efficiency is important. The LGBM model was trained on three years
of data and made a single 168 h forecast, which took about 24 min. This was performed
on a laptop with a 2.4 GHz processor and using 16 GB of memory. This means that it is
not infeasible that the worst-case scenario model could converge within the limited time of
15 min if run on a higher-performance computer or with several threads. The MLR finishes
the same worst-case scenario in 7 s.

3.4. Navigating Future Challenges

The landscape of the electrical grid is rapidly evolving, driven by shifting usage
patterns, price fluctuations, and the integration of intermittent renewable energy sources.
During this evolution, the adaptability of forecasting models emerges as a critical factor,
particularly underscored during the COVID-19 period [31]. The emergence of MW-sized
PV and wind parks introduces a dynamic where historical data become less relevant,
challenging the usefulness of traditional forecasting approaches. While this study did not
directly assess adaptability or robustness, it highlights the necessity for such considerations.

Before using these forecasts in practical applications, such as energy storage planning
or control, incorporating an economic dimension through simulation is important. Under-
estimating the annual peak on the grid can result in significant economic penalties. The
expected errors when using these forecasting models are presented in Figures 7a,c, and 8.
This level of accuracy may or may not be acceptable, depending on the limit and the size
and availability of the electrical energy storage or other flexible energy assets. Despite
achieving an accuracy comparable to or better than the overall Swedish national load
forecast produced by Svenska kraftnit [40], internal discussions with the local grid operator
of Eskilstuna indicate the need for improved precision, especially in anticipation of future
energy storage investments.

Moving forward, the integration of forecasting methods with energy storage manage-
ment and sizing presents a path for further research in this specific use case. Customizing
forecasting techniques based on the locations of energy storage systems and detailed infor-
mation about PV parks holds promise for achieving high-accuracy forecasts [7]. Aligning
these forecasts with energy storage management and sizing considerations represents a
likely progression for advancing this study’s insights.

4. Conclusions

This study explored a framework for analyzing and evaluating forecasting models
and explanatory variables. The performances of two models, MLR and LGBM, were
assessed using a dataset from the local grid operator of Eskilstuna. Several sets of possible
explanatory variables from several open databases were evaluated through a rolling origin
validation process. In the same way, model variables were evaluated, with the inclusion of
calendar and meteorological variables, industry vacation periods, and cross-effect variables
like heating hours below 10 °C. Although public holidays and non-typical periods still
contributed to the largest errors, the addition of binary explanatory variables for these
factors significantly improved the accuracy. The methodology of using MSTL for deriving
explanatory variables, especially the thresholds of the degree hours for heating and cooling,
is considered an academic contribution. In parallel, apart from the detailed methodology,
incorporating the electric load forecast provided by the Swedish transmission system
operator for the SE3 area of Sweden as an explanatory variable notably enhanced the
model accuracy, particularly during non-typical periods, and this is considered a practical
contribution to the literature.

The best-performing MLR and LGBM models outperformed the “weekly Naive”
benchmark model with rRMSEs of 32-34% and 39-40%, respectively. During the de-
tailed model error analysis, the MLR and LGBM showed varying characteristics and weak
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correlations, meaning that they are suitable for combination. However, MLR consistently
demonstrated lower errors compared to the more computationally expensive LGBM.

Furthermore, this study demonstrates that larger dataset sizes for training lead to an
improved accuracy. This suggests that the inclusion of past and future lags of explanatory
variables and past loads should match the forecast horizon when it exceeds 168 h. On the
other hand, if the forecast horizon is less than 168 h, lags should be larger than the forecast
horizon. Additionally, the findings in this study show the importance of re-training as
frequently as possible.

As concluding remarks and in considering future directions, there are several potential
paths forward. One possibility is to integrate an economic dimension into the evaluation
process by employing the forecasts as control input for electrical energy storage. This
approach can aid in determining both a satisfactory level of accuracy and the associated
cost of forecasting errors. Additionally, further extensions of this study could involve
exploring hierarchical and ensemble forecasting techniques as a means to enhance the
model performance. For instance, ensemble modeling, which involves the incorporation
of supplementary models (e.g., neural networks, or additional ML and statistical models)
holds promise for further improving the model performance.
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