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Abstract: Energy consumption plays a significant role in global warming. In order to achieve carbon
neutrality and enhance energy efficiency through a stable energy supply, it is necessary to pursue
the development of innovative architectures designed to optimize and analyze time series data.
Therefore, this study presents a new architecture that highlights the critical role of preprocessing in
improving predictive performance and demonstrates its scalability across various energy domains.
The architecture, which discerns patterns indicative of time series characteristics, is founded on three
core components: data preparation, process optimization methods, and prediction. The core of this
architecture is the identification of patterns within the time series and the determination of optimal
data processing techniques, with a strong emphasis on preprocessing methods. The experimental
results for heat energy demonstrate the potential for data optimization to achieve performance gains,
thereby confirming the critical role of preprocessing. This study also confirms that the proposed
architecture consistently enhances predictive outcomes, irrespective of the model employed, through
the evaluation of five distinct prediction models. Moreover, experiments extending to electric energy
validate the architecture’s scalability and efficacy in predicting various energy types using analogous
input variables. Furthermore, this research employs explainable artificial intelligence to elucidate the
determinants influencing energy prediction, thereby contributing to the management of low-carbon
energy supply and demand.

Keywords: carbon neutrality; data preprocessing optimization; energy efficiency; energy supply and

demand; machine learning; time series analysis

1. Introduction

Climate change and global greenhouse gas emissions require an approach to global
sustainable energy production and consumption [1]. In the pursuit of carbon neutrality
and improved energy efficiency, a stable energy supply is necessary. To effectively manage
high energy demand, it is important to accurately predict demand in advance and ensure
energy supply stability [2]. Notably, within the context of carbon emission reduction and
urban energy management, the prediction of heat supply in district heating system (DHS)
has emerged as a significant concern [3]. Accurately predicting heat supply in DHS can
contribute to energy consumption optimization, cost savings, efficient facility management,
and energy supply stability [4].

Data collected over time, such as heat supply in DHS, typically take the form of time
series. The diverse types, complexities, seasonal patterns, and temporal structures of time
series data make actual predictions challenging [5]. At this time, structural issues, such as
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the generation of incomplete data during the creation of extensive time series data, further
compound the complexity of real-world predictions [6]. In other words, if time series data
preprocessing methods are inaccurate or ineffective, it can lead to a degradation in the
performance of predictive models.

A deep learning-based architecture is proposed that emphasizes preprocessing tech-
niques to effectively harness time series data and address these challenges. Effective
preprocessing methods are first focused on, accounting for the complex patterns and char-
acteristics of time series data. The data are then optimized through various scenarios,
considering the inherent characteristics of time series, to enhance the performance of pre-
dictive models. The generality of the proposed preprocessing methodology is validated by
applying it to various machine learning (ML) algorithms and energy types. Performance
comparisons and analyses of multiple ML models using the optimized data are conducted.
Furthermore, the same methodology is applied to both thermal and electrical energy, con-
firming its applicability to various energy types. In the final analysis, explainable artificial
intelligence (XAI) is employed to identify variables that affect energy prediction and to
elucidate their contributions. Using the XAI methodology, the primary factors influencing
energy output were identified and analyzed.

The main contributions of this study are as follows. First, the proposed architecture
emphasizes the importance of preprocessing and improves predictive performance by
considering various factors in time series prediction.Second, performance improvement
was confirmed through comparative analysis between various models using optimized
data. Third, the proposed architecture shows the potential for expansion into other types of
energy prediction areas as well as heat energy.

Precise predictions of heat supply within DHS are essential for optimizing energy
consumption, reducing expenses, managing facilities efficiently, and guaranteeing the
stability of energy supply. It is anticipated that this study will significantly enhance energy
prediction capabilities, thereby contributing to greater energy efficiency and cost reduction.

The structure of this paper is as follows: Section 2 reviews the literature on the in-
creasing importance of efficient energy utilization and advancements in energy prediction
research. Section 3 provides an overview of the proposed architecture for energy prediction,
with a focus on time series data processing. Section 4 presents empirical results, summariz-
ing the data used in experiments with heat and electric energy sources. Finally, Section 5
concludes the paper by summarizing the proposed time series prediction architecture and
providing insights into its implications and future work.

2. Literature Review

As the necessity for effective energy utilization continues to grow, the field of energy
consumption forecasting has become a pivotal area of investigation. A wide range of ML
models has been investigated for their potential to predict energy usage across various
systems, particularly in DHS, which plays a pivotal role in providing heat to residential
and commercial buildings [7]. The most prominent models used for these tasks include
extreme gradient boosting (XGBoost) [8], light gradient-boosting machine (LightGBM) [9],
categorical boosting (CatBoost) [10], multilayer perceptron (MLP) [11], and long short-term
memory (LSTM) networks [12], which are particularly adept at handling time series data
and capturing complex patterns. Furthermore, the utilization of preprocessing techniques
is of paramount importance in order to optimize the accuracy of these models [13]. This
is due to the fact that such techniques guarantee the quality and relevance of the input
data, which is of critical importance for the generation of reliable predictions. XGBoost
and LightGBM are gradient-boosting models that have been extensively employed in the
field of energy consumption forecasting, particularly in the context of district heating
systems. These models are renowned for their capacity to process voluminous datasets in
an expedient and parsimonious manner, while simultaneously mitigating the phenomenon
of overfitting [14].
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XGBoost, which employs a tree-based boosting approach, is capable of handling miss-
ing data and noisy inputs. It has been successfully employed in heat load forecasting due
to its robustness and capacity to discern nonlinear relationships in data [15,16]. LightGBM,
which employs a leaf-wise tree growth strategy, has demonstrated superior efficiency in
terms of speed and memory usage compared with XGBoost [17,18]. This renders it particu-
larly suitable for real-time heat load prediction in district heating systems. LightGBM is
capable of handling both continuous and categorical variables, thereby making it a versatile
choice for energy consumption forecasting. However, both models are contingent upon the
quality of the data preprocessing, including feature scaling, normalization, and missing
value imputation. CatBoost, another gradient boosting model, has been optimized for the
handling of categorical variables without the necessity for extensive preprocessing, such
as one-hot encoding [14]. In the context of district heating energy forecasting, CatBoost is
particularly advantageous as it reduces the preprocessing time and effort while maintain-
ing high accuracy in predictions. It has been successfully applied to energy consumption
prediction tasks where data types vary significantly, allowing for the seamless integration
of both numerical and categorical data. MLP models, which are neural network-based, are
effective at modeling nonlinear relationships in energy consumption data.

However, it should be noted that MLPs are sensitive to the scale and distribution
of input data, which makes the implementation of preprocessing steps such as feature
scaling and normalization a critical aspect for achieving high performance. It is essential to
undertake comprehensive preprocessing of MLPs to avoid overfitting, particularly when
working with complex and noisy datasets that are prevalent in district heating systems.
LSTM networks are a specific type of recurrent neural network that has been designed
to capture temporal dependencies in time series data. This makes them an especially
suitable choice for energy consumption forecasting in district heating systems [15,19].
LSTMs are capable of modeling long-term dependencies, such as seasonal variations
in heat demand [20]. Nevertheless, LSTMs necessitate comprehensive preprocessing,
encompassing sequence padding, normalization, and the handling of missing values to
achieve optimal performance. The complexity of the data and the necessity for meticulous
feature selection serve to underscore the significance of preprocessing.

The efficacy of these machine learning models is contingent upon the quality of the
preprocessing techniques employed. The application of data preprocessing techniques,
including data cleaning, imputation, normalization, and feature selection, is essential
for enhancing the accuracy of energy forecasting predictions. The significance of data
analysis in enhancing the efficacy of predictive models has become apparent, such as in the
studies referenced in [21,22]. Additionally, there has been a notable increase in research
studies that focus on model interpretation with XAIL One study utilizes XAl to analyze
the relationship between energy consumption and input variables, revealing that energy
prediction outcomes may vary depending on factors such as the season, indoor and outdoor
conditions, and operational methods [23]. Other researchers employ XAI technology to
interpret the results and assess the importance of variables used in predictions [24,25].
Additionally, another study proposes a methodology for selecting input variables for
energy consumption prediction based on the variable importance derived from XAI [26].
In district heating systems, where energy consumption patterns are influenced by various
external factors such as weather conditions, preprocessing is beneficial in reducing noise,
handling missing data, and ensuring that the models focus on the most relevant features.
Furthermore, the prediction of building energy consumption has also been the subject of
considerable research, particularly in the context of sustainable urban development. It is
evident that residential and commercial buildings account for a considerable proportion of
global energy consumption. Therefore, it is imperative to accurately forecast energy usage
in these buildings in order to maintain equilibrium between supply and demand [14,27]. A
variety of machine learning models, including gradient boosting decision trees (GBDTs),
support vector machines (SVM)s, and hybrid models, have been extensively utilized for
the purpose of predicting energy consumption in buildings. These models utilize historical
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energy data, meteorological information, and building-specific parameters to forecast future
energy demand, thereby optimizing energy distribution and reducing inefficiencies [7].

The key preprocessing techniques employed include the imputation of missing data,
the normalization of variables, and the scaling of features, as well as the selection of
pertinent features. This ensures that models such as XGBoost and LightGBM are able to
handle incomplete datasets without any loss of prediction accuracy. It is essential to ensure
consistent training to prevent the dominance of features with larger ranges for models, as
well as identify the most important variables influencing heat load, thereby reducing the
complexity of the model and improving prediction performance.

Finally, XAI techniques are being increasingly applied in energy forecasting to enhance
the interpretability of machine learning models. XAl helps in identifying the most critical
factors that influence energy predictions, thereby improving both the trustworthiness and
reliability of the models. In previous studies, individual proposals were focused on energy
prediction, data preprocessing, data analysis, and the utilization of XAl separately. Accord-
ingly, this study proposes an integrated energy prediction architecture that encompasses
data preprocessing, analysis, and XAlI, addressing all these aspects collectively.

3. Architecture Overview

This section provides an overview of the proposed architecture for energy prediction,
focusing on time series data processing. As depicted in Figure 1, the architecture comprises
three main stages: data preparation, process optimization methods, and prediction. The
data preparation phase collects data based on objectives and synchronizes the collected
data in time. In the process optimization methods stage, data are optimized based on three
conditions that consider the patterns and characteristics of time series. These conditions
include normalization, data cleaning, data split patterns, and data split ratio to enhance
model performance, reduce training time, and mitigate the impact of outliers. Min—max
normalization is applied to address the varying range of feature values, ensuring consistent
data scaling. Additionally, eight data cleaning methods are considered to resolve issues
such as missing values and duplication. The data split patterns are designed to reflect
seasonal and quarterly trends inherent in time series data, while the data split ratios are set
to capture the overall trends over time, ensuring a robust and accurate model. Subsequently,
the optimized data are used to compare and analyze the performance of prediction models.

Model optimization was performed using various methods to enhance performance.
In this study, the data are optimized through enhanced preprocessing and cleaning of time-
series energy data, along with feature engineering using Shapley additive explanations
(SHAP) [28] to achieve optimal performance. Feature engineering transforms input data
by selecting important features or creating new ones, thereby improving the model’s
predictive capabilities. Data preprocessing and cleaning enhance data quality by addressing
missing values, removing outliers, and standardizing the dataset. Cross-validation and
data splitting ensure proper division of the data into training, validation, and test sets,
facilitating robust evaluation of the model’s generalizability and deriving optimal results.
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Figure 1. Architecture for energy prediction.

3.1. Data Preparation

This section describes the data preparation process in terms of data collection and
time correlation. First, it discusses the data collection for the experiment. Subsequently, it
examines time correlation to analyze the impact of time on the data.

3.1.1. Data Collection

Data collection is determined based on the objectives of the predictive model. For
energy prediction, energy usage is used as the target variable choosing the input variables
accordingly. The significant factors influencing energy consumption can mainly be catego-
rized into three groups: meteorological factors, temporal factors, and societal factors [29].
From these three categories, variables commonly used in energy prediction were selected.

Table 1 presents the input variables used for energy prediction, selected based on their
relevance to energy consumption. Meteorological data use data from the same period in
which energy data are collected and represent synoptic-scale weather data for the area
where energy data are utilized. Synoptic meteorological observations involve collecting
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weather data simultaneously at multiple observation stations at specified times. The
collected variables include temperature, wind speed, wind direction, humidity, dew-point
temperature, local atmospheric pressure, sunshine duration, solar radiation, visibility, and
ground temperature. Additionally, time factors such as year, month, day, and hour are
utilized as variables based on the collected time information. Period-specific issues, such as
the influence of extended periods like COVID-19 and holidays identified in time data, are
considered social factors. The collected data are prepared to align with the temporal flow,
combining data from the same periods into a single dataset. To merge into one dataset, the
time intervals of the data need to be synchronized.

Table 1. Input variables used in the experiment.

Data Type Input Variable

Temporal factor year, month, day, hour

temperature, wind speed, wind direction, humidity, dew-point temper-
Meteorological factor  ature, local atmospheric pressure, sunshine duration, solar radiation,
visibility, ground temperature

Societal factor issues by period

3.1.2. Time Correlation

Since time plays an important role in time series prediction, it is important to set the
data sampling interval and the time interval between the input and output variables of the
model. In addition, this setting should be adapted for each purpose and can have a great
influence on the accuracy and efficiency of the prediction model.

Two different methods are applied to set the time points for input and output variables
based on the purpose of the prediction day. Figure 2 illustrates the two approaches for
setting the time points of input and output variables. The first approach involves setting
the time points of input and output variables to be the same. In Figure 2a, as shown, the
approach involves training pairs of input and output variables at the same time period.
This method utilizes predicted climate information and other data for the desired day as
inputs, such as time and holidays, to forecast the future. The second approach involves
setting the time points of input and output variables differently. As shown in Figure 2b, this
method pairs current-time input variables with future-time output variables for training.
In this approach, the perspective can also vary depending on the time interval between
the present and the future. For input variables X = {xl, X2, X3, ey xn} and output variables
Y = {y1,v2,Y3, ..., yn}, approach (a) computes as y; = x;, and approach (b) becomes
Yi = Xj1¢, Where t is the time interval between input variables and output variables. In this
paper, data are collected by time for energy prediction, and the first approach is used as a
method for time correlation.

() y[LLLL]
o x [T -

Figure 2. Approaches for time correlation: (a) Same time points for input and output variables.
(b) Different time points for input and output variables.

3.2. Process Optimization Methods

In Al-driven time series prediction models, data hold immense significance. Data assist
in comprehending the relationships between the input variables of the model and the output
variables targeted for prediction. Consequently, a plethora of factors, including correlations,
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temporal lag relationships, seasonality, and more, must be considered. Analyzing the
data to uncover these relationships and incorporating them into the model can enhance
prediction accuracy [30]. As the accuracy of the model’s predictions is heavily dependent
on the quality and quantity of the data, creating an Al prediction model that is insensitive
to data is generally unattainable. In developing Al prediction models, especially for time
series data, it is essential to prioritize data sensitivity. Time series data are intrinsically
linked to time progression, with their unique patterns significantly impacting prediction
accuracy. For this experiment, the commonly used LightGBM, known for its faster speed
compared with other regression models, is employed in time series prediction.

Dataset normalization is a crucial technique in ML, especially when features have
varying ranges [31-33]. This process can enhance model performance and reduce training
times [31,33]. Among numerous normalization methods, min—-max normalization is widely
validated and used in the literature due to its effectiveness in preserving the relationships
between data points and its simplicity in implementation [34-40]. The MinMaxScaler
ensures that feature values are scaled to a range between 0 and 1, which mitigates the impact
of outliers and reduces standard deviation [41,42]. This bounded range is particularly
advantageous in algorithms sensitive to the magnitude of input data, such as neural
networks and distance-based methods [43,44]. The MinMaxScaler function from the Scikit-
Learn library [45] was employed to normalize the dataset features within the 0 to 1 range
during both the training and testing phases of the model, following recommendations and
findings from recent studies. The main considerations include three factors: data cleaning,
data split patterns, and data split ratio.

3.2.1. Data Cleaning

The first condition considered in the experiment is data cleaning. Time-series data
inevitably encounter issues such as missing values and duplicates during the collection
process [46]. Data cleaning is essential to solve these problems. Data cleaning is the process
of discovering and correcting damaged or inaccurate records and involves identifying,
replacing, correcting, or deleting incomplete or inaccurate parts of data. An appropriate
method is selected by considering eight missing value processing techniques. Commonly
used methods for handling missing values in time series data are deletion, imputation,
and prediction [47]. Deletion involves removing samples or variables with missing values,
imputation replaces missing values with other values, and prediction entails estimating
missing values.

In this experiment, for handling missing values, eight methods are employed based
on the treatment approach: one deletion method and seven imputation methods, resulting
in eight datasets. Each method employs a widely utilized approach for processing missing
data in time series prediction [48-51].

The first approach (dataset0) is the deletion of missing values. Removing missing
values can enhance predictive performance compared with using improperly refined
missing values. The second approach (datasetl) involves replacing missing values with
the preceding data. In essence, missing values are replaced with the preceding data, and
if those are missing too, with the data before them. Chen et al. [52] used this approach
to replace missing data in time series datasets with highly correlated data in terms of
attributes and time. The third approach (dataset2) replaces missing values with data from
the subsequent hour. Missing values are replaced with subsequent data, and if those
are missing too, with data further ahead. The fourth approach (dataset3) employs linear
interpolation to replace missing values. Linear interpolation approximates a function that
fits the given data points and calculates missing values for the variable using this equation.
This method effectively compensates for continuously missing data while considering the
dynamic nature of the dataset [53,54]. The fifth approach (dataset4) replaces missing values
with the moving average. The moving average period is set as one day (24 h). The method
involves calculating the average of nonmissing values within the chosen period and using
that calculated value to replace missing values within that period. The process is iterated
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by shifting the period by one interval. Menezes et al. [55] implemented a simple moving
average approach for extracting trend, seasonal, and residual components. The sixth
approach (dataset5) replaces missing values with the moving median, which is similar to
the moving average, but median values are used instead. The seventh approach (dataset6)
replaces missing values with the overall mean. The overall mean is calculated from all
available data from 1 January 2012 to 31 December 2021. The eighth approach (dataset?)
replaces missing values with the overall median, similar to dataset6.

Among the eight preprocessing methods described, the most suitable method was se-
lected based on its ability to enhance predictive performance while maintaining data integrity.

3.2.2. Data Split Patterns

The second consideration is data split patterns. Time series data are generally collected
and utilized in chronological order. In the case of seasonal time series data, different patterns
may appear for each specific quarter. Data are patterned and divided in consideration of
the characteristics of such time series data.

Figure 3 illustrates the concept of data splitting using months as dividing points,
explaining the experimentation involving divisions into 12 months, 6 months, 4 months,
and 1 month for a span of 2 years. In Figure 3a, for instance, the division into 12 months
involves constructing a model that considers the entire temporal flow from January to
December. In this method, a total of 1 model is considered. In Figure 3b, the division
into 6 months separates the data into two halves: the first half (January to June) and
the second half (July to December) to create two separate models. Here, two models are
considered, corresponding to the first and second halves of the year. In Figure 3¢, dividing
into 4 months involves creating models based on three quarters, resulting in three models
being considered. Lastly, in Figure 3d, the division into 1 month means constructing models
for each individual month. This method results in a total of 12 models, each corresponding
to a specific month. In the figure, data with the same color are trained together in a single
model. Considering data split patterns in the above way helps avoid being bound by the
seasonal characteristics of the data.

(a) 12 month

2019 2020
Jan. ‘Feb. ‘Mar. ‘ Apr. ‘May.‘Jun. ‘ Jul. ‘Aug. ‘Sep. ‘ Oct. ‘Nov. ‘Dec. Jan. ‘ Feb. ‘ Mar. ‘ Apr. ‘May.‘Jun. ‘ Jul. ‘Aug. ‘Sep. ‘ Oct. ‘Nov. ‘Dec.

(b) 6 month

2019 2020
Jan. {Feb. ‘Mar.‘Apr. ‘May.{Jun. ‘ Jul. ‘Aug.‘Sep.‘Oct. {Nov‘ {Dec. Jan. ‘ Feb. ‘ Mar. ‘ Apr. ‘May,‘Jun. ‘ Jul. ‘Aug.‘Sep.‘OcL ‘Nov. ‘Dec.

(c) 4 month

2019 2020
Jan. {Feb. ‘Mar.‘Apr. ‘May.{.lun. ‘ Jul. ‘Aug.‘Sep.‘Oct. ‘ Nov.‘Dec. Jan. ‘ Feb. ‘ Mar. ‘ Apr. ‘May.‘Jun. ‘ Jul. ‘Aug.‘Sep. ‘ Oct. ‘Nov. ‘Dec.

(d) 1 month

2019 2020
Jan. ‘Feb.‘Mar,‘Apr. lMay.IﬂI Jul. ‘Aug.‘Sep. ‘ Oct. ‘Nov. iJan.‘Feb.‘Man ‘ Apr. lMay.M Jul. ‘Aug.‘Sep. ‘ Oct. ‘Nov. i

Figure 3. An example of data split patterns: (a) Division into 12 months: a single model. (b) Division

into 6 months: two models. (c¢) Division into 4 months: three models. (d) Division into 1 month:
twelve models.

3.2.3. Data Split Ratio

The third consideration is the data split ratio. In this study, training and test data
were divided into one-year increments for annual energy prediction. The reason for
aiming at annual predictions is to assess whether the model can effectively predict changes
and capture the overall trends in the flow of time series data. While this provides a
comprehensive overview of seasonal variations, predicting beyond one year becomes less
reliable due to recent extreme weather events and the shortening of seasonal cycles. These
factors introduce significant variability, making predictions over longer periods, such as
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three or ten years, less efficient and more prone to inaccuracies. Figure 4 illustrates how the
performance of the model trained on the heat energy dataset from 2012 to 2016 changed over
time. To evaluate performance, the R-squared score (R2 score), mean absolute error (MAE),
root mean square error (RMSE), and mean absolute percentage error (MAPE) were used.
Detailed information about these metrics can be found in Section 3.3. The figure shows a
consistently decreasing trend in all performance metrics, except for 2019. Additionally;, it
confirms that the performance after 2 years does not exceed the performance immediately
after training.

R2 score MAE
0.97 A 124
0.96 1 11
¢ 0.95 1 g 104
7 0.94 =
~ g 91
© 0.93 1 s
8
0.92 4
74
0.91 4
T T T T T 61 T T T T T
2017 2018 2019 2020 2021 2017 2018 2019 2020 2021
Test year Test year
RMSE MAPE
20 A
16
191
=14 18
© I
o >
e w171
2 g 16
4
10 15
14 4
8- T T T T T T T T T
2017 2018 2019 2020 2021 2017 2018 2019 2020 2021
Test year Test year

Figure 4. Model performance over time: heat energy data (training: 2012-2016).

Accordingly, one year of data is designated as test data. And the percentage of the data
split ratio is determined by the number of years of training data utilized. For instance, when
training a model using one year’s worth of data and testing it with another year’s worth
of data, the ratio of training to testing data is set at 50:50. Similarly, if you train the model
with three years of data and use one year’s data for testing, the training-to-testing data
ratio is adjusted to 75:25. By varying the amount of data and the training-to-testing data
ratio in this manner, one can consider the impact of data quantity on model performance.

3.2.4. Approach to Searching for the Best Condition

In this study, experiments are conducted to prepare optimized data based on the three
mentioned considerations. After the experiments are conducted, the results are analyzed to
finalize the optimal conditions for each consideration.

Figure 5 illustrates the methodology for identifying the optimal conditions. Initially,
the three conditions, “Data cleaning”, “Data split pattern”, and “Data split ratio”, are
combined to create “Categorized cases”. The results of the “Categorized cases” are then
sorted by highest performance for each metric and combined by selecting the top 10%. In
this case, “Combined cases” represent 40% of the total data and may include duplicate
values. In the “Combined cases”, the condition value with the highest percentage for the
condition of interest is identified and selected. In this process, the values for “Data cleaning”
and “Data split pattern” are determined, and for the results where these values are used,
each metric is sorted in order of highest performance, the top 10% are selected, and they
are combined. Additionally, the cases where the “data split ratio” is used the most are
identified. Using the selected conditions, a final dataset for model training is prepared.
This process allows for the identification of the most appropriate conditions for optimizing
the dataset, which can subsequently be used to train the final model.
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Figure 5. A flowchart of an approach to searching for the best condition.

3.3. Prediction

In this experiment, five models—XGBoost, LightGBM, CatBoost, MLP, and LSTM—were
adopted to validate the effectiveness of the proposed method on time series energy
data. Each of these models offers unique strengths that align with the characteristics of
the dataset [8-12,56-62]. XGBoost [8] and LightGBM [9] are particularly effective for data
due to their exceptional ability to handle large datasets with high dimensionality. Their
gradient-boosting framework captures complex patterns and interactions within time series
data, leading to significant improvements in predictive accuracy. CatBoost [10] is proficient
in handling categorical features inherent in datasets, ensuring that important categorical
variables are efficiently incorporated into the model, thereby enhancing predictive perfor-
mance. MLP [11] is capable of modeling nonlinear relationships, making it suitable for
capturing the intricate temporal dependencies in time series data. Its ability to learn from
complex, nonlinear patterns contributes to its effectiveness in application. LSTM [12] excels
in processing sequential data and retaining long-term dependencies, making it particularly
suitable for time series data where capturing trends over extended periods is crucial for
accurate predictions. These models have demonstrated robustness and effectiveness in
handling specific time series energy data, leading to substantial improvements in perfor-
mance. By leveraging these proven techniques, comprehensive and reliable predictions
were ensured in this study.

The performance of these models is evaluated using four metrics with different
strengths and weaknesses to ensure the robustness of predictions. R2 score, MAE, RMSE,
MAPE, and training time are used to evaluate comprehensive performance. The R2
score [63,64] is a metric that measures how well a model explains the variance in the



Electronics 2024, 13, 3885

11 of 27

dependent variable, ranging between 0 and 1. A value close to 1 signifies that the model
effectively explains the data. R2 score evaluates the goodness of fit of the model, making
it useful for assessing suitability in the context of energy prediction. MAE [65] represents
the average of the absolute errors between predicted values and actual values, indicating
the size of errors. It measures the size of the model’s prediction errors, making it suitable
for assessing how accurate the model’s predictions are and understanding the model’s
prediction quality. RMSE [65,66] is a metric that represents the square root of the MSE,
which measures the average of the squared errors between predicted values and actual
values. As it uses squared errors to assess the predictive quality of a model, it is suit-
able for understanding the quality of prediction errors intuitively. MAPE [67] is a metric
that represents the average of the absolute percentage errors between predicted values
and actual values. It assesses relative prediction quality by considering errors expressed
as percentages.

Five predictive models and four evaluation metrics are used to check their perfor-
mance on optimization from a data perspective. And a model demonstrating evenly high
performance across the four evaluation indicators is selected. Finally, the application of
XAl is discussed to enhance reliability by showing the analyzed patterns and which in-
put variables influenced the Al model’s results. XAI helps determine the importance of
variables by revealing how input variables influence the model’s results [68]. SHAP [28],
one of the XAI models, is used in this study. SHAP represents the impact of features used
in a model on the results by utilizing Shapley values, a measure rooted in the concept of
game theory for determining feature importance. It visualizes how each feature influences
results based on actual predictions and mean predictions, fostering user confidence in the
outcomes of Al models.

4. Empirical Results

This section outlines the data utilized in the experiments, focusing on heat and electric
energy sources, and details the experimental process and the results of applying the pro-
posed architecture to predict energy consumption patterns. Experiments were conducted
on the proposed architecture using district heat energy for energy prediction. To verify
its scalability to various domains, experiments are conducted not only with district heat
energy but also with electric energy.

4.1. Heat Energy in Cheongju, Republic of Korea

This section presents the experiments conducted using the proposed architecture with
heat energy data. Section 4.1.1 provides a description of the data utilized in the experiments.
Section 4.1.2 outlines the process optimization methods, as described in Section 3.2. Finally,
Section 4.1.3 compares and evaluates five different models based on the results obtained in
Section 4.1.2 across various scenarios.

4.1.1. Dataset Description

Heat supply data, used to predict actual heat energy consumption, were collected
hourly from an eco-friendly liquefied natural gas combined heat and power plant in
Cheongju, Republic of Korea. The data are collected on an hourly basis from 2012 to
2021, comprising a total of 87,672 data points. Heat supply refers to the amount of heat
delivered from the power plant to consumers, and the unit is gigacalories (Gcal). It covers
heat consumption for space heating and domestic hot water usage. Figure 6 visualizes
the profile of the heat energy usage, showing a recurring pattern with a one-year cycle,
reflecting its seasonal characteristics.
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Figure 6. A plot of heat energy usage.

To understand the periodicity of energy usage and its correlation with the outdoor
temperature, one of the key variables, the monthly average energy usage and monthly
average temperature are visualized in Figure 7. The x-axis represents the months, and
the y-axis represents the monthly average energy usage and the monthly average tem-
perature. The monthly average energy and temperature are computed by summing re-
spective values across different years for each month and dividing by the corresponding
number of data points. This visualization reveals that energy usage is high in the low-
temperature period and low in the high-temperature period, indicating a seasonal pattern
in energy consumption.
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Figure 7. Monthly average heat energy usage and temperature.

Figure 8 showed the relationship between daily mean temperature and energy usage
deviation. It shows that higher temperatures generally lead to a decrease in energy usage
deviation, whereas lower temperatures cause an increase.

Heat energy demand is influenced by climate-related meteorological variables, includ-
ing outdoor temperature, wind speed, solar radiation, humidity, and precipitation [69].
The weather data consist of hourly weather data for Cheongju and are used for predicting
hourly heat supply in Cheongju. The latitude and longitude coordinates for Cheongju are
approximately 37.5714, 126.9658. The minimum, maximum, mean, and standard deviation
of the meteorological variables and heat energy used for prediction are described in Table 2.
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Figure 8. Daily mean temperature and heat energy usage deviation.

Table 2. The minimum, maximum, mean, and standard deviation of meteorological variables and

heat energy for Cheongju.
Name Minimum Maximum Mean Standard Unit
Datetime 1 January 2012 31 December 2021 - - -
Temperature —16.5 38.1 13.76 10.84 °C
Wind speed 0 8.7 147 094 m/s
Wind direction 0 360 200.55 114 16 directions
Humidity 7 100 61.32 20.03 %
Dew-point temperature —28.1 26.3 56 1149 °C
Local atmospheric pressure 975.1 1032.1 1009.6 8.19 hPa
Sunshine duration 0 1 05 045 h
Solar radiation 0 3.86 1.06 094 MJ/m?2
Visibility 0 6454 1597.79946.93 10m
Ground temperature —-10.9 62.2 1512 122 °C
Energy 0 317 65.9 5292 Gecal

4.1.2. Process Optimization Methods

The dataset of heat energy was optimized using the defined process optimization meth-
ods described in Section 3.2. In the process optimization methods, a total of 1440 scenarios
are generated based on the conditions. Under the proposed architecture, 1440 scenarios
were generated using eight data cleaning methods, four data split patterns, and 45 different
combinations of data split ratios and years. The data split ratio of 1440 scenarios is shown
in Table 3.

First, the data split pattern group selects data cleaning candidates for conditionl
optimization that are the most frequently used. Looking at the percentage occupied by
each evaluation metric, R2 score is mostly occupied by datasetl, dataset2, and dataset3,
among which dataset2 and dataset]l show higher performance. For MAE and RMSE,
dataset(, dataset1, and dataset3 occupy the highest percentage, with dataset0 and dataset1
showing better performance. For MAPE, datasetl, dataset4, and dataset5 occupy the
highest percentage, with datasetl showing the best performance. Overall, dataset] appears
to be the optimized data cleaning method.

Similarly, for data split ratios, the distribution was examined, and the most frequently
used data split ratio methods were selected as candidates for condition3 optimization.
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Looking at the percentage occupied by each evaluation metric, R2 score is mostly occupied
by 4 months and 6 months, with 4 months showing better performance. For MAE, 6 months
and 4 months occupy the highest percentage, with 6 months showing better performance.
For RMSE, 12 months and 6 months occupy the highest percentage, with 12 months
showing better performance. For MAPE, 6 months and 12 months occupy the highest
percentage, with 12 months showing better performance. Overall, 12 months appears to be
the optimized data split pattern method.

Table 3. The train-to-test ratio of training data and test data for heat energy prediction.

Train Ratio Test Ratio Count Percentage of Count [%]
50 50 288 20.00
67 33 256 17.78
75 25 224 15.56
80 20 192 13.33
83 17 160 11.11
86 14 128 8.89
88 13 96 6.67
89 11 64 4.44
90 10 32 2.22

Total 1440 100

Finally, to select the data split ratio, the same data cleaning methods and data split
patterns are used. Data cleaning and data split patterns are grouped for datasetl and
12 months, which were previously selected using the optimized method. The top 10%
based on performance metrics are sorted. Based on the sorted top data, the data split ratio
that shows the highest performance is determined. Despite the differential training of data
split ratios, it can be confirmed that the case of training with a ratio of 83:17 shows the
highest performance. The experiment method selected in this manner shows an improved
performance compared with training with all data except the test data.

Table 4 presents the maximum, minimum, and average values for each metric in
the “Categorized cases” category. This category encompasses 1440 cases, which were ob-
tained by combining all eight data cleaning methods, four data split pattern methods, and
45 methods that consider data split ratio and frequency for heat energy. The results demon-
strate that the R2 score, MAE, RMSE, and MAPE may vary by up to 0.2001, 7.3107 Gcal,
15.7568 Gcal, and 6.1940e+12%, respectively, depending on the case selected. It can be
observed that for 0.9760, the maximum values of the R2 score are observed in all cases, with
MAE, RMSE, and MAPE values of 6.1373 Gcal, 8.3646 Gcal, and 12.85%, respectively. These
values do not demonstrate the optimal performance against other indicators. Similarly,
when MAE is at its optimal performance (5.7721 Gcal), R2 score, RMSE, and MAPE are
0.9666, 7.9720 Gcal, and 13.36%, respectively. When RMSE is at its optimal performance
(7.9365 Gcal), R2 score, MAE, and MAPE are 0.9642, 5.8812 Gcal, and 14.34%, respectively.
When MAPE is at its optimal performance (11.93%), R2 score, MAE, and RMSE are 0.9718,
5.9272 Gcal, and 8.1546 Gcal, respectively. Consequently, it is crucial to consider each
indicator equally, as the performance of the model may vary depending on which indicator
is prioritized. Accordingly, in the proposed method, the data cleaning method and the data
split pattern method are selected through comparative analysis by selecting the top 10% for
each evaluation index. The performance of each evaluation index for the conditions that
satisfy the selected methods can be found in Table 5. It should be noted that the highest
performance value observed in Table 5 may not correspond to that observed in Table 4.
However, a comparison of the average values reveals that all of them demonstrate an
improvement in performance.

Table 6 presents the results of training the LightGBM model on heat energy using
two different time periods: 5 years and 10 years. It shows performance improvements with
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an R2 score of 0.0019, MAE of 0.1612, RMSE of 0.0882, and MAPE of 0.56, confirming that
using a large amount of data does not necessarily result in better performance immediately.

Table 4. Categorized cases performance summary for heat energy dataset.

Metrics R2 Score MAE [Gcal] RMSE [Gcal] MAPE [%]
Max 0.9760 13.0828 23.6933 27.93
Mean 0.9450 7.7335 11.3172 15.21
Min 0.7759 5.7721 7.9365 11.93
Count 1440 1440 1440 1440

Table 5. A set of cases performance summary for heat energy dataset which satisfied selected data
cleaning and data split pattern.

Metrics R2 Score MAE [Gcal] RMSE [Gcal] MAPE [%]
Max 0.9759 9.9506 14.3417 19.33
Mean 0.9613 7.1773 10.0046 14.10
Min 0.9296 6.0865 8.3587 12.07
Count 45 45 45 45

Table 6. Comparison of LightGBM training results using 5 years of heat energy data and 10 years of

heat energy data.
Training Duration R2 Score MAE [Gcal] RMSE [Gecal] MAPE [%]
10 years 0.9572 7.9886 11.1824 14.18
5 years 0.9591 7.8274 10.9330 13.62

4.1.3. Prediction

After data optimization, the performance of the five models is compared in different
scenarios. As shown in Table 7, each scenario was trained with different periods, and other
conditions were based on the process optimization method.

Table 7. The period of each scenario for heat energy prediction.

Scenario Train Start Year Train End Year Test Year
A 2012 2016 2017
B 2013 2017 2018
C 2014 2018 2019
D 2015 2019 2020
E 2016 2020 2021

Table 8 displays the performance of five models across five scenarios. According to
these results, the LightGBM generally performs well in five scenarios. The R2 score is
high, and the MAE, RMSE, and MAPE are low. Additionally, the training time is relatively
short. Therefore, LightGBM is the best option for this dataset. Catboost can also be
considered as a viable alternative. The Catboost demonstrates similar performance to the
LightGBM, especially in scenario C. It is noteworthy that this model performs well in terms
of training time, as well as predictive performance. Although preprocessing was initially
performed using the LightGBM, it is evident that this approach yields good performance
for other models as well. These results indicate that the proposed optimization method is
model-agnostic and can lead to an overall performance improvement.
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Table 8. Performance comparison of five models in different scenarios for heat energy prediction.

Scenario Model R2 Score MAE [Gcall] RMSE[Gcall MAPE [%] Time [s]

XGBOOST 0.9734 6.2281 8.5325 13.95 0.4
LightGBM 0.9744 6.1804 8.3750 14.30 0.1
A Catboost 0.9747 6.0595 8.3263 13.65 29
MLP 0.9662 7.0645 9.6226 16.80 251.9
LSTM 0.9648 6.9525 9.8138 14.18 765.6
XGBOOST 0.9739 6.2780 8.6891 13.39 0.4
LightGBM 0.9760 6.0781 8.3401 12.61 0.1
B Catboost 0.9755 6.0694 8.4194 12.67 2.7
MLP 0.9662 7.2205 9.8889 16.19 213.7
LSTM 0.9729 6.3732 8.8609 13.27 544.4
XGBOOST 0.9692 6.1756 8.5203 12.47 0.4
LightGBM 0.9700 6.1441 8.4103 12.37 0.1
C Catboost 0.9728 5.8248 8.0139 11.73 27
MLP 0.9545 7.5728 10.3559 15.13 208.4
LSTM 0.9662 6.4732 8.9294 12.57 547.5
XGBOOST 0.9603 7.2034 9.7997 12.75 0.5
LightGBM 0.9616 7.1646 9.6484 12.62 0.1
D Catboost 0.9651 6.7784 9.1990 12.00 27
MLP 0.9644 6.9020 9.2841 12.45 205.7
LSTM 0.9683 6.5697 8.7652 12.34 532.7
XGBOOST 0.9571 7.9204 11.1995 13.55 0.6
LightGBM 0.9591 7.8274 10.9330 13.62 0.1
E Catboost 0.9592 7.6729 10.9144 12.99 27
MLP 0.9579 8.4093 11.0955 17.57 252.7
LSTM 0.9519 8.8235 11.8551 17.22 734.6

Figure 9 shows the prediction results of LightGBM on the test data. The green solid line
represents the predicted values, while the red solid line denotes the real values. The x-axis
and y-axis represent the dates of test data and the heat energy usage [Gcal], respectively.
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Figure 9. Heat energy prediction results for scenario C based on LightGBM predictions using test data.

4.2. Electric Energy Dataset in Jeju, Republic of Korea

This section details the experiments conducted using the proposed architecture with
both district heat energy and electric energy to evaluate its scalability across different do-
mains. Section 4.2.1 provides an overview of the data used in these experiments, whereas
Section 4.2.2 details the process optimization techniques described in Section 3.2. Finally,
Section 4.2.3 delivers a comparative evaluation of five distinct models based on the out-
comes from Section 4.2.2 across different scenarios.

4.2.1. Dataset Description

In addition to heat energy, a dataset from a power generation unit on Jeju Island,
Republic of Korea, was used to predict actual electric energy usage. The data are collected
on an hourly basis from 2007 to 2021, comprising a total of 131,496 data points. Electricity
demand performance refers to the electricity demand amount adjusted to the urgently
required electricity amount at the power generation unit. The unit is megawatt-hour (MWh),
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which represents the amount of electric energy consumed per unit of time. Figure 10
visualizes the electric energy usage, displaying a recurring pattern with a one-year cycle.

Plot of Energy Usage

1000

o ©
=3 =3
=3 =3

Electric energy usage [MWh]
IS
8
3

N
=3
=3

2008 2010 2012 2014 2016 2018 2020 2022
Year

Figure 10. A plot of electric energy dataset.

To understand this repeating cycle, monthly average energy usage and temperature
are visualized as a monthly plot in Figure 11. The x-axis corresponds to the months,
while the left y-axis represents the monthly average electric energy usage, and the right
y-axis represents the monthly average temperature in Jeju. The monthly average value is
calculated by summing the values for the same month in different years and dividing it by
the number of data points for that month. From this visualization, it is evident that energy
usage is higher in high temperatures or low temperatures compared with others.
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Figure 11. Monthly average electric energy usage and temperature.

Figure 12 visualizes the relationship between daily mean temperature and electric
energy usage deviation. Electric energy usage deviation tends to increase at high tempera-
tures or lower temperatures, which may be related to the intense use of electric heating and
cooling devices such as air conditioners, respectively [70]. This trend indicates that there is
a seasonal pattern in energy usage and shows that it is very closely related to weather.

Climate data from Jeju are used to predict electricity consumption in Jeju per hour.
The latitude and longitude coordinates for Jeju are approximately 33.5141 and 126.5297.
The minimum, maximum, average, and standard deviation of the meteorological variables
and electric energy used for prediction can be found in Table 9.
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Figure 12. Daily mean temperature and electric energy usage deviation.

Table 9. The minimum, maximum, mean, and standard deviation of meteorological variables and
electric energy for Jeju.

Name Minimum Maximum Mean Standard Unit

Datetime 1January 31 December i ] ]

2007 2021
Temperature —-53 36.8 16.44 7.96 °C
Wind speed 0 26.6 3.23 191 m/s
Wind direction 0 360 197.54 116.42 16 directions
Humidity 7 100 68.47 15.52 %
Dew-point temperature —18.8 28.3 10.49 9.29 °C
Local atmospheric pressure 972.7 1036.4 1013.92 7.9 hPa
Sunshine duration 0 1 0.38 043 h
Solar radiation 0 4.09 1.03 1 MJ/m?
Visibility 6 5553 1754.03 650.58 10 m
Ground temperature —3.8 66.8 18.16 11.1 °C
Energy 92.30 1012.10 532.31 12491 MWh

4.2.2. Process Optimization Methods

In the process optimization methods, a total of 3360 scenarios are generated based on
conditions. These scenarios are generated by combining 8 different datasets, 4 data split
patterns, and 105 different data splits of ratio and year. Table 10 shows the data split ratio
of 3360 scenarios.

Data split patterns were grouped in the same way as the process optimization method
of heat energy, and 10% of the high-performance data were sorted and combined within
each group and metric. As a result of comprehensively considering the distribution of
data cleaning methods in the top 10% of sorted data, it was determined that dataset3
was to be examined.

Then, the data cleaning was grouped, and the distribution of high-performance data
split patterns was examined to select the data split patterns. As a result, when the data split
pattern was 12 months, the overall performance was high.
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Table 10. The train-to-test ratio of training data and test data for electric energy prediction.
Train Ratio Test Ratio Count Percentage of Count [%]

50.0 50.0 448 13.3
66.7 33.3 416 12.4
75.0 25.0 384 11.4
80.0 20.0 352 10.5
83.3 16.7 320 9.5
85.7 14.3 288 8.6
87.5 12.5 256 7.6
88.9 11.1 224 6.7
90.0 10.0 192 5.7
90.9 9.1 160 4.8
91.7 8.3 128 3.8
92.3 7.7 96 29
929 7.1 64 1.9
93.3 6.7 32 1.0

Total 3360 100

Finally, the data split ratio was determined by grouping based on the previously
selected dataset3 and 12 months. Based on the sorted top data, the data split ratio that
demonstrates the highest performance is identified. Despite the differential training of data
split ratios, it can be confirmed that the case trained with a ratio of 87.5:12.5 exhibits the
highest performance.

Table 11 presents the maximum, minimum, and average values for each indicator in
3360 cases, obtained by combining eight data cleaning methods, four data split pattern
methods, and 105 methods that consider the data split ratio and frequency for electric
energy. For the entire case, the difference between the maximum and minimum values for
each average indicator is 0.7494 for R2 score, 32.0729 for MAE, 40.0391 for RMSE, and 4.29
for MAPE. For 0.8868 with a maximum value based on the R2 score in the total number
of cases, MAE, RMSE, and MAPE did not demonstrate the best performance, at 24.0195,
32.8413, and 3.81, respectively, and when MAPE had the best performance at 3.80, R2
score, MAE, and RMSE did not have the best performance, at 0.8827, 24.0023, and 33.4396,
respectively. If the MAE had the highest performance at 19.9757, the RMSE also had the
highest performance at 25.1399, but the R2 score and MAPE at this time were 0.7142 and
4.83, respectively, which were not the highest performance values. This result was the
same as heat energy, and it was confirmed once again that it is important to consider
evenly because the optimization method of the model may vary depending on which
indicator is focused. Table 12 shows the maximum, minimum, and average values of the
performance of each evaluation index for cases that satisfy the data cleaning method and
the data split pattern method selected through a proposed method that evenly considers
the used evaluation indicators. While the highest performance values for each indicator
in Table 12 may differ from those in Table 11, a comparison of the average values shows
overall improved performance.

Table 11. Categorized cases performance summary for electric energy dataset.

Metrics R2 Score MAE [Gcal] RMSE [Gcal] MAPE [%]
Max 0.8868 52.0486 65.1790 8.09
Mean 0.7279 34.4093 42.9820 5.74
Min 0.1374 19.9757 25.1399 3.80
Count 3360 3360 3360 3360

Furthermore, a comparison of the results obtained through the proposed method with
those obtained from training all but the same test data revealed that the R2 score was
improved by 0.0098, the MAE was 1.1626, and the RMSE was improved by 0.17. This result
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demonstrates that the use of an appropriate amount of data for the analysis of time series
patterns, such as thermal energy, can result in satisfactory performance.

Table 12. A set of cases performance summary for electric energy dataset which satisfied selected
data cleaning and data split pattern.

Metrics R2 Score MAE [Gcal] RMSE [Gcal] MAPE [%]
Max 0.8868 42.6838 52.6884 6.74
Mean 0.7743 32.3221 40.0210 5.41
Min 0.6114 20.7920 25.7141 3.81
Count 105 105 105 105

4.2.3. Prediction

In nine different scenarios, five models compared their performance by using opti-
mized data. As indicated in Table 13, scenarios were trained in a different year, and the
other condition was determined by the process optimization method.

Table 13. The period of each scenario for electric energy prediction.

Scenario Train Start Year Train End Year Test Year
A 2007 2012 2013
B 2008 2013 2014
C 2009 2014 2015
D 2010 2015 2016
E 2011 2016 2017
F 2012 2017 2018
G 2013 2018 2019
H 2014 2019 2020
I 2015 2020 2021

Table 14 shows the performance of five models in nine scenarios. Each model excels
in various aspects, making the selection of the final model a challenging task. The LSTM
demonstrates remarkable R2 score performance in some scenarios, particularly in modeling
sequential data like time series. However, it incurs relatively long training times. MLP
also excels in multiple scenarios in terms of MAE and RMSE, showcasing its ability to
model nonlinear relationships. Nonetheless, they can be time-consuming. Additionally,
boosting models such as Catboost, LightGBM, and XGBOOST are capable of rapid learning,
with Catboost excelling in R2 score, MAE, and RMSE in certain scenarios. Taking the
experimental results into comprehensive consideration, Catboost emerges as the preferred
choice as the final model for the given dataset and scenarios. These results indicate that the
proposed architecture improves the performance not only in heat energy but also in electric
energy, opening up possibilities for extending the architecture to other energy predictions.

Figure 13 illustrates the electric energy prediction results for scenario I using LightGBM
on test data. The green solid line denotes the predicted values, whereas the red solid line
represents the observed values. The x-axis displays the dates of the test data, and the y-axis
represents the electric energy usage [MWh].
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Figure 13. Electric energy prediction results for scenario I based on LightGBM predictions using
test data.
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Table 14. Performance comparison of five models in different scenarios for electric energy prediction.

Scenario Model R2 Score MAE [MWh] RMSE[MWh] MAPE[%] Time [s]

XGBOOST  0.7309 30.8266 36.0503 5.95 0.4
LightGBM  0.7154 31.7121 37.0707 6.08 0.1
A Catboost 0.7396 30.7598 35.4616 5.92 2.8
MLP 0.8521 20.1635 26.7258 3.94 255.0
LSTM 0.8313 21.9466 28.5437 4.22 659.2
XGBOOST  0.6730 32.6795 38.5980 6.05 0.4
LightGBM  0.6560 33.3752 39.5839 6.14 0.2
B Catboost 0.6959 31.5410 37.2187 5.84 29
MLP 0.8437 20.1325 26.6869 3.84 250.0
LSTM 0.8714 18.3526 24.2021 3.48 649.6
XGBOOST  0.7543 30.4345 37.1846 5.37 0.4
LightGBM  0.7679 29.7199 36.1433 523 0.1
C Catboost 0.7726 29.4492 35.7776 5.19 3.2
MLP 0.8691 20.1768 27.1443 3.65 305.5
LSTM 0.8207 24.3074 31.7660 4.51 929.2
XGBOOST  0.7410 35.5428 44.7229 5.86 0.4
LightGBM  0.7487 35.4434 44.0572 5.82 0.1
D Catboost 0.7594 34.8588 43.1042 5.75 3.0
MLP 0.8381 26.0602 35.3564 433 301.0
LSTM 0.8602 24.1559 32.8527 4.08 894.6
XGBOOST  0.7727 38.1528 45.7795 5.99 0.4
LightGBM  0.7879 36.6678 44.2164 5.73 0.1
E Catboost 0.7826 37.5471 44.7658 5.89 3.1
MLP 0.8456 28.5964 37.7340 4.68 265.5
LSTM 0.8907 23.8404 31.7486 3.82 652.4
XGBOOST  0.8109 35.9928 44.4130 543 0.4
LightGBM  0.8109 36.1888 44.4181 543 0.1
F Catboost 0.8249 34.6577 42.7370 522 3.0
MLP 0.8735 27.2717 36.3355 4.30 255.4
LSTM 0.8880 25.3480 34.1788 3.93 651.5
XGBOOST  0.8549 29.0200 36.7715 4.37 0.4
LightGBM  0.8491 29.4623 37.4979 4.40 0.1
G Catboost 0.8619 28.2419 35.8748 425 3.0
MLP 0.8054 32.4475 42.5840 5.18 301.7
LSTM 0.8908 23.2536 31.8907 3.60 910.5
XGBOOST  0.8766 25.1140 34.3171 3.96 0.4
LightGBM  0.8824 24.4052 33.5056 3.87 0.1
H Catboost 0.8885 23.5458 32.6237 3.74 29
MLP 0.7968 32.5388 44.0326 5.18 301.8
LSTM 0.8239 30.9385 40.9914 4.95 893.0
XGBOOST  0.7895 39.2159 48.2842 6.08 0.4
LightGBM  0.7887 39.5257 48.3825 6.11 0.1
I Catboost 0.7986 38.8042 47.2304 6.01 29
MLP 0.5811 58.2610 68.1151 8.72 2444
LSTM 0.7272 47.1241 54.9711 7.19 652.2

4.3. Prediction Results and Discussions

Empirical results using heat energy and electric energy confirmed the following: data
cleaning, data slit patterns, and data split ratios, selected as conditions for optimizing data,
significantly impacted model performance. This underscores the importance of selecting
conditions tailored to the specific data. Additionally, high performance across various
indicators was achieved by considering both the characteristics of the indicators and the
inherent properties of time series data.
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This section describes the input variables that influenced the model’s results through
the application of XAL The prediction models of heat energy and electric energy are ex-
plained, respectively, and compared and analyzed for the two domains. Figures 14 and 15
visualize the importance of variables using SHAP for a LightGBM applied to predict heat
energy and electric energy. In a summary plot generated using SHAP values, the y-axis
displays the importance of features in descending order, with the most important features
at the top and the least important at the bottom. And the x-axis shows the SHAP values,
indicating their contributions to increasing the output when positive and decreasing the
output when negative.

In heat energy, the top five important variables selected are ground temperature,
temperature, hour, month, and solar radiation (Radiation). Figure 14 explains that high
values of ground temperature and temperature contribute to predicting lower energy
usage, and lower values contribute to predicting higher energy usage. In the case of time, it
contributes to predicting lower energy usage when it has low values and higher energy
usage when it has a high value.

High

Ground temperature ‘T
Temperature b—
Hour *

Month

oo
Solar radiation +
- ——
.‘.
.'.
4
\|
l.
+
I.

Day

Feature value

Sunshine duration
Visibility

Wind direction

‘Wind speed
Dew-point temperature

Local atmospheric pressure

Humidity +

20 0 20 40 60 80
SHAP value (impact on model output)

Low

Figure 14. SHAP explanation for heat energy prediction.

On the other hand, in electric energy, the top five important variables selected are year,
hour, temperature, ground temperature, and month. Figure 15 explains that the low values
of Year and Hour contribute to predicting lower energy usage, and high values contribute
to predicting higher energy usage. In the case of ground temperature and temperature,
it is explained that if the value is too low or too high, it contributes to predicting more
energy usage.

These indicate that different features have a significant impact on the model depending
on the dataset. It can be interpreted that energy types like heating are more influenced by
temperature, while electric energy is interpreted to be greatly influenced by time. These
results suggest that seasonal and social issues affect energy prediction such as temperature,
time, and day.

The primary factors influencing energy output were identified through the XAI
methodology. The analysis revealed that time and temperature variables significantly
impact energy output. SHAP values provided detailed insights into the model’s decision-
making process by quantifying each feature’s contribution. Elucidating these influential
factors through XAl clarifies how the model makes predictions and why. This enhances the
model’s robustness and predictive accuracy. Furthermore, this approach can be applied to
other tasks, such as dimensionality reduction or feature selection, thus improving overall
model performance and reliability in various applications.
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Figure 15. SHAP explanation for electric energy prediction.

Two experiments have confirmed that the optimization data determination method
in the preprocessing phase leads to performance improvement. Choosing a low-carbon
method for energy production by accurately predicting energy consumption in advance
with improved performance can be an effective way to achieve carbon neutrality. In
addition, despite the different patterns of heat and electric energy, the proposed architecture
has been confirmed to be effective not only in heat energy but also in electric energy. These
results can be expected to have scalability that can be effectively applied to other energy data
affected by climate, lifestyle, and time. If energy consumption is predicted by effectively
utilizing various energy data, energy management and optimization will enable energy
conservation and sustainable energy use directions to be planned. Besides, it is expected to
help with energy management and optimization by providing a way to build and interpret
a data-based energy prediction model.

In this study, the preprocessing of time series energy data and the use of SHAP
were employed to develop a robust, generalizable model. Key features with significant
temporal changes and high fluctuation likelihood were carefully considered to ensure
model reliability. Additionally, the model is designed to utilize four metrics to assess
its performance. While this provides a robust foundation for evaluation, future research
could involve the incorporation of additional evaluation metrics. This would enhance
the assessment process, providing a more comprehensive understanding of the method’s
performance across different conditions and datasets.

The approach proposed by the authors emphasizes enhancing the model’s generaliz-
ability through comprehensive experimental design and robust preprocessing techniques.
Methods such as MinMaxScaler for normalization, advanced imputation strategies for
handling missing data, and careful feature engineering were incorporated to ensure that
the model could effectively adapt to various time series datasets. These preprocessing
steps help maintain the integrity and consistency of the data, which is crucial for achieving
reliable predictions across different contexts. Furthermore, the model was evaluated using
a diverse set of prediction algorithms, including XGBoost, LightGBM, CatBoost, MLP, and
LSTM. This multimodel evaluation demonstrated that the proposed approach consistently
improves performance, regardless of the specific algorithm used. The use of SHAP values
for explainability also contributed to the model’s robustness by identifying and emphasiz-
ing the most influential features, thereby enhancing the interpretability and reliability of
the predictions. Experimental results indicate that the proposed method not only achieves
high predictive accuracy but also maintains strong generalizability across different datasets
and conditions. This is evidenced by the consistent performance improvements observed
in various test scenarios, highlighting the adaptability of the proposed approach. However,
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certain limitations, such as sensitivity to extreme outliers and domain-specific nuances, are
acknowledged and may require further attention in future research.

A superior model performs well under all circumstances. It is crucial to investigate
models that demonstrate exceptional performance and adaptability to sudden data changes.
Future developments will focus on generating virtual data representing anomalous phe-
nomena using generative adversarial networks or other generative models. This approach
aims to create models capable of simulating and adapting to unusual events, thereby
enhancing their robustness and applicability.

5. Conclusions

This paper focuses on exploring effective preprocessing techniques and proposes a
time series prediction architecture based on these techniques. In time series prediction, to
enhance the accuracy of predicting results, three aspects are considered when finding the
optimal data optimization methods: data cleaning, data split patterns, and data split ratios.
Data cleaning considers potential issues with missing data that may arise in time series
data analysis. Data split patterns consider characteristics such as temporal dependencies,
seasonality, and periodicity, inherent in time series data.

Lastly, data split ratios are determined by considering factors such as temporal is-
sues, trends, and the amount of data. Empirical results show performance improvements
achieved through data optimization and confirm the importance of data preprocessing
methods. The evaluation of five different prediction models confirmed that the proposed
preprocessing method enhances predictive results, regardless of the model employed. In
the final step, XAI was applied to the prediction results to analyze the factors influencing
energy prediction. Furthermore, electric energy prediction experiments were performed to
confirm the improvement in prediction performance and to show the scalability to other
types of energy prediction by using the same input variables as heat energy.

An enhanced energy prediction method enables the determination of required produc-
tion volumes in advance and the selection of appropriate low-carbon energy production
methods for supply. Future research will focus on extending the proposed architecture to
more advanced models, such as hybrid deep learning frameworks, and exploring its ap-
plication in different geographical regions and energy systems. In addition, incorporating
real-time data from Internet of Things (IoT) sensors and investigating the integration of
renewable energy sources in energy forecasting will be key areas for further study.

Author Contributions: Conceptualization, ].S., HM. and S.L.; investigation, C.-].C. and T.S.; writing—
original draft, J.S. and S.L.; writing—review and editing, J.S., H.M. and S.L.; visualization, E.K,;
supervision, HM. and S.L.; project administration, HM. and S.L.; funding acquisition, H.M. and E.K.
All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the Institute of Information & communications Technol-
ogy Planning & Evaluation (IITP) under the metaverse support program to nurture the best tal-
ents (IITP-2023-RS-2023-00254529) grant funded by the Korean government (MSIT), and by the
Ministry of Education of the Republic of Korea and the National Research Foundation of Korea
(NRF-2017S1A6A3A01078538), and by the Institute of Information and Communications Technology
Planning and Evaluation (IITP) grant funded by the Korea government (MSIT) (No. 2022-0-00106,
Development of explainable Al-based diagnosis and analysis framework using energy demand big
data in multiple domains).

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Acknowledgments: The authors would like to express their sincere gratitude to Hyoung-Kyu Song,
for his invaluable support and guidance throughout the course of this research. His contributions,
particularly in providing the necessary funding and insightful advice, were instrumental to the
completion of this project.

Conflicts of Interest: The authors declare no conflicts of interest.



Electronics 2024, 13, 3885 25 of 27

Abbreviations

The following abbreviations are used in this manuscript:

DHS District heating system
ML Machine learning
XAI Explainable artificial intelligence

XGBoost Extreme gradient boosting
LightGBM  Light gradient-boosting machine
CatBoost Categorical boosting

MLP Multilayer perceptron
LSTM Long short-term memory
GBDT Gradient boosting decision trees
SVM Support vector machines
SHAP Shapley additive explanations
R2 score R-squared or coefficient of determination
MAE Mean absolute error
MSE Mean square error
RMSE Root mean square error
MAPE Mean absolute percentage error
Geal Gigacalories
MWh Megawatt-hour
IoT Internet of Things
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