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Abstract: Accurate and interpretable short-term load forecasting tasks are essential to the optimal
operation of liberalized electricity markets since they contribute to the efficient development of
energy trading and demand response strategies as well as the successful integration of renewable
energy sources. Consequently, performant day-ahead consumption forecasting models need to
capture feature nonlinearities, analyze system dynamics and conserve evolving temporal patterns
in order to minimize the impact of noise and adapt to concept drift. Prominent estimators and
standalone decomposition-based approaches may not fully address those challenges as they often
yield small error rate improvements and omit optimal time series evolution. Therefore, in this
work we propose a combinatorial component decomposition method focused on the selection of
important renewable generation component sequences extracted from the combined output of
seasonal-trend decomposition using locally estimated scatterplot smoothing, singular spectrum
analysis and empirical mode decomposition methods. The proposed method was applied on five
well-known kernel models in order to evaluate day-ahead consumption forecasts on linear, tree-
based and neural network structures. Moreover, for the assessment of pattern conservation, an
intuitive metric function, labeled as Weighted Average Unanchored Chain Divergence (WAUCD),
based on distance scores and unanchored time series chains is introduced. The results indicated
that the application of the combinatorial component method improved the accuracy and the pattern
conservation capabilities of most models substantially. In this examination, the long short-term
memory (LSTM) and deep neural network (DNN) kernels reduced their mean absolute percentage
error by 46.87% and 42.76% respectively and predicted sequences that consistently evolved over 30%
closer to the original target in terms of daily and weekly patterns.

Keywords: load forecasting; electricity demand prediction; load curve analysis; renewable energy
integration; forecasting performance evaluation; machine learning; time series analysis; preprocessing;
data mining; time series chains

1. Introduction

Energy time series analysis and efficient load forecasting tasks contribute towards
the optimal operation of liberalized electricity markets since they enhance a plethora of
submarket processes and improve the overall grid stability. Accurate load sequence pre-
dictions enable dynamic supply and demand balancing through the optimal matching
of consumption and generation bids. This results in the optimization of resource allo-
cation processes within the market structure since shortages and excess capacity could
be prevented. Furthermore, robust forecasts reinforce market operations through the
improvement of decision-making processes, assisting market participants in performing
well-informed transactions. Consequently, accurate forecasts form a layer of risk man-
agement that enables hedging against electricity price volatility and contribute towards

Energies 2024, 17, 2844. https:/ /doi.org/10.3390/en17122844

https:/ /www.mdpi.com/journal/energies


https://doi.org/10.3390/en17122844
https://doi.org/10.3390/en17122844
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-7452-4083
https://orcid.org/0000-0001-8285-8972
https://orcid.org/0000-0003-0154-175X
https://orcid.org/0000-0003-1051-6302
https://doi.org/10.3390/en17122844
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en17122844?type=check_update&version=3

Energies 2024, 17, 2844

2 of 45

the development of optimal trading strategies that focus on the minimization of invest-
ment losses. Additionally, performant load estimation could be beneficial towards the
integration of renewable energy sources since the relationship between total demand and
renewable generation could be identified and studied extensively in order to obtain a
thorough understanding of power system dynamics. The interpretation of energy analytics
and the demystification of relationships between load and prominent influential drivers
assists in the development of sophisticated demand response approaches since the detailed
behavioral analysis of consumption could lead to the detection of insightful patterns and
peak demand periods. Moreover, the examination of these patterns could contribute to
the avoidance of frequency imbalances, voltage fluctuations as well as extreme events
that could compromise grid reliability [1,2]. Therefore, it is evident that load forecasting
tasks have a valuable multipurpose role within each submarket and impact the types of
market participants differently. In day-ahead markets load forecasting tasks are utilized
primarily for demand predictions that target each hour of the next day [3]. On the other
side of the spectrum, intraday markets utilize load sequence predictions for near real-time
market position adjustments and past prediction updates [4]. Balancing markets utilize
load forecasts for the identification of scheduling deviations and capacity markets can
ensure the availability of generation capacity through robust forecasting techniques [5].
In terms of market participant impact, accurate load forecasts assist transmission system
operators with congestion management through the examination of load patterns and dis-
tribution system operators with distributed energy resource integration as well as voltage
level management. Additionally, the risk management benefits derived from robust load
predictions could enable the emergence of more competitive pricing plans at the retail
level [6]. Lastly, consumers are exposed to the indirect effects of load forecasting tasks since
consumption adjustments in demand response program participation is heavily influenced
by load pattern studies [7].

The overview of the role and importance of load forecasting denotes the accrescent
need for robust learning frameworks that capture most of the useful temporal patterns that
contribute towards the identification of seasonal effects and dynamic system behaviors.
Evidently, the complexity of modern electricity market structures and grid characteristics
indicate that the relationships between the target variable of load, commonly referring to
electricity consumption, and prominent independent influential factors such as renewable
generation are non-linear. These non-linearities typically stem from the intermittent be-
haviors of the independent variables, since renewable sources do not provide constant
electricity generation, as well as underlying weather dependencies, geographical and sea-
sonal variability. Additional non-linearities could be introduced due to storage challenges
and technological constraints that may impact the efficiency of renewable generation [8,9].
Consequently, simpler linear architectures that operate under strict assumptions with re-
gards to the structure of the input data often fail to capture meaningful patterns and result
in higher prediction error and unsatisfactory generalization capabilities. The negative
impact to generalization could be observed clearly on models that produce multi-sequence
output based on a target window since the error rate could have an increasing trend for
sequences closer to the end of the specified interval [10,11]. The inspection of generalization
issues highlights several abnormal error behaviors that enrich the interpretation and evalu-
ation of noisy forecasts, resulting in time series analysis that expands beyond the simple
detection of suboptimal predictions. Challenges with regards to error stability could be
identified, denoting that substantial oscillations of error metrics across different sequences
may not constitute desirable behaviors in the process of interpreting temporal patterns.
Furthermore, the random overestimation and underestimation of adjacent data samples
within the same sequence could introduce significant complications in pattern recognition
processes. It is observed that load time series data often contains consumption patterns that
follow long evolutionary paths illustrating the overall behavioral shift in system dynamics.
The potential injection of noise in the aftermath of the forecasting process through those
subsequent overestimations and underestimations could reveal drastic changes to the evolu-
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tionary paths that contribute to the distorted interpretation of patterns and in some extreme
scenarios the disqualification of observations due to their classification as outliers. It is
worth noting that the injection of noise that leads to this drastic performance deterioration
could occur due to a plethora of design choices and data-related challenges. The selection
of model parameters that either deviate drastically from the baseline default configuration
or do not describe the data structure accurately may result in poor generalization capability.
Moreover, the challenges of data drift and concept drift [12,13] could contribute to the
eventual undesirable mutation of the evolutionary paths in time series subsequences since
changes to the data distribution as the model receives new input observations or difficulties
in the mapping between input and target variables during recalibration could result in
noisy predictions. Therefore, more complex non-linear architectures coupled with robust
preprocessing and evaluation techniques are usually preferred in order to minimize error
and interpret patterns accurately.

The scientific fields of machine learning [14] and statistical time series analysis [15]
contributed significantly towards the development of robust pipelines featuring preprocess-
ing, forecasting and evaluation techniques that address those important generalization and
interpretation issues. Prominent preprocessing methods focusing on these issues include
feature selection and time series decomposition techniques. Feature selection methods
focus on dataset filtering in order to utilize only the most influential features for prediction.
Robust feature selection methods often rely on feature importance metrics derived from
the training parameters of kernel estimators such as the Extreme Gradient Boosting model
(XGBoost) or from the inspection of feature contribution from permutation-based explain-
ability frameworks such as the Shapley Additive Explanations method (SHAP) [16]. On
the other side of the spectrum, time series decomposition methods focus on the isolation of
data patterns, the separation of noise from the original sequence and the efficient handling
of non-stationarity. Commonly used methodologies such as the Seasonal-Trend decomposi-
tion using Locally estimated scatterplot smoothing (STL) and Singular Spectrum Analysis
(SSA) focus on the derivation of seasonal, trend and residual components in order to form
fine-grained representations of the input. Furthermore, data-adaptive multiresolution
decomposition methods such as Empirical Mode Decomposition (EMD) target the efficient
representation of intrinsic oscillations and the inspection of local behaviors within time
series sequences in the time-frequency space without forming any a priori assumptions [17].
These preprocessing methods are typically connected to several standalone and combi-
natorial forecasting structures for the robust estimation of time series sequences. Linear
models such as Linear Regression (LR) [18] and the regularized variants of Ridge [19] and
Lasso Regression [20] are often developed to derive a simple and interpretable baseline
that denotes the impact of observed nonlinearities through performance deterioration. Fur-
thermore, tree-based regressors such as Random Forest and XGBoost algorithms provide
computationally efficient, parallelizable and flexible solutions to the prediction of nonlin-
ear load time series and are often utilized as standalone or hybrid kernels in forecasting
frameworks [21,22]. Lastly, neural network models such as the Multi-Layer Perceptron
(MLP) and the Long Short-Term Memory network (LSTM) are black-box approaches that
enable adaptive and accurate approximation of complex non-linear functions and exhibit
improved resilience towards missing values and outliers [23-28]. It is worth noting that
advances in neural network research led to the integration of attention mechanisms such
as self-attention and multi-head attention [29]. These attention mechanisms enhanced
the interpretability of complex neural network architectures and contributed towards the
development of models that focus on the most important parts of the data in order to
express non-linear relationships. The performance evaluation of those forecasting pipelines
is heavily dependent on the study and visualization of error metrics. Error functions such
as Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean Squared
Error (MSE) and Root Mean Squared Error (RMSE) constitute insightful metrics that study
different characteristics of the deviation between the actual and predicted values. The
inspection and visualization of each standalone error metric enables robust model compar-
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isons. Moreover, the co-inspection of those error metric values and graphs assists in the
interpretation of large error impact [30,31].

Several recent research projects examined the application of feature extraction and
decomposition techniques on statistical and machine learning models for load forecast-
ing tasks and proposed interesting methodologies. Dong et al. [32] presented a hybrid
regressive neural network model that utilizes EMD and genetic algorithm optimization
in order to extract knowledge from the nonlinearities of load observations. The proposed
model was evaluated through the point forecasting metrics of absolute and relative error as
well as the comprehensive error metrics of MAE, RMSE and MAPE denoting high fitting
ability and error stability. Qiuyu et al. [33] presented a case study highlighting the effec-
tiveness of STL decomposition on Support Vector Regression (SVR) and artificial neural
network models, illustrating significant decrease of the average MAPE and the error of
maximum load. Cheng et al. [34] developed a Deep Neural Network model (DNN) for very
short-term load forecasts based on correlation and principal component analysis for feature
selection and EMD for pattern extraction. The proposed methodology outperformed deep
neural network variants utilizing the original dataset and wavelet decomposition. Bedi
and Toshniwal [35] introduced a technique utilizing Variational Mode Decomposition
(VMD), an autoencoder and an LSTM network for average and peak demand predictions
evaluated through MAPE graphs and RMSE for the training and test set. This complex
architecture outperformed state-of-the-art demand prediction models denoting the po-
tency of decomposition-based hybrid approaches at the cost of convergence time. Safari
et al. [36] examined the performance issues and limitations of EMD as a standalone de-
composition technique in load and renewable time series forecasting, highlighting the
need for methods that address the impact of incomplete cycles near the edges of time
series sequences. Langenberg [37] studied the performance of decomposition-ensemble
algorithms and concluded that the multiple STL variant coupled with the double seasonal
additive Holt-Winter’s method and multivariate adaptive regression splines outperformed
hybrid models using neural network and linear regression structures. Taheri et al. [38]
decomposed the target load variables through EMD and utilized an ensemble consisting
of LSTM members to derive the aggregated predictions. The proposed model yielded
lower error metrics when compared to standalone LSTM, LR and XGBoost approaches,
outlining the significance of time-frequency decomposition methods in order to address
load uncertainties and non-linearities. Stratigakos et al. [39] applied SSA on MLP and
LSTM models for multiple sequence predictions and observed that in terms of MAPE, the
LSTM combination outperformed the standalone baseline models as well as the MLP-SSA
combination. Moreover, Pham et al. [40] combined SSA with a backpropagation neural net-
work and an LSTM network and through an electrical load demand case study reinforced
the observation that the SSA-LSTM combination performs better than other decomposition-
kernel model variants. Zhang et al. [41] coupled VMD with a stacked ensemble model for
short-term load predictions utilizing XGBoost, LSTM, SVR and k-nearest neighbor (KNN)
kernels. This method yielded significantly improved performance over the standalone ker-
nels that did not apply decomposition. Liu et al. [42] forecasted user energy consumption
through noise-assisted complete ensemble EMD and LSTM networks. This project showed
improved performance in terms of RMSE and MAE when compared to standalone LSTM
and recurrent neural networks, illustrating the derivation of stable components that reflect
periodicity and trends. Sun et al. [43] utilized VMD and kernel extreme learning machines
in order to decompose the target variable of demand-side load and subsequently predict
each sub-modal component, resulting in a methodology that achieves lower error metrics
when tested on different types of electricity consumption. Duong et al. [44] highlighted the
RMSE and MAPE improvement of a combinatorial STL-LSTM method when compared
to standalone artificial neural networks such as the LSTM structure and the combination
of convolutional neural networks with LSTM for peak load forecasts. Huang et al. [45]
proposed a two-stage short-term forecasting model which utilized SSA and VMD for de-
composition, an LSTM for high-frequency component prediction and a multiple LR model
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for low-frequency component prediction. The experimental evaluation of this method
illustrated increased predictive potency and stability in terms of RMSE, MAE and MAPE
values at the cost of computing time. Wood et al. [46] utilized EMD for feature engineering,
k-means clustering for outlier detection and LSTM networks for day-ahead load prediction
in a forecasting framework that often outperforms the naive moving average method
and results in more robust forecasts. Sohrabbeig et al. [47] acknowledged the presence of
multi-seasonal components in time series datasets and developed a multi-seasonal trend
decomposition model for the separate forecasting of trend, seasonal and residual load
components through linear layers. The results of this work demonstrated the superiority
of this method in terms of MSE and MAE when compared to transformers and several
linear benchmarks. Yin et al. [48] utilized EMD and fluctuation analysis in order to detect
different types of long-range intrinsic mode functions and coupled with the derivation
of the linear and periodic components, extract the aggregated predictions through an
LSTM structure. The proposed model yielded impressive performance on high resolution
load data, outperforming the standalone LSTM structure as well as combinatorial LSTM
structures utilizing the STL and SSA decomposition techniques.

Evidently, the examination of the literature surrounding the application of decomposi-
tion methods in load forecasting tasks highlighted significant performance improvements
when these approaches are applied to the input for the construction of descriptive and
robust feature sets as well as the output for the aggregation of load component forecasts.
Additionally, LSTM networks often process the component structure more efficiently in
those approaches, resulting in more stable predictions. However, it is observed that recent
research studies often overlook two important areas with regards to the application and
evaluation of decomposition methods.

Firstly, most component-based feature sets utilized for prediction tasks are extracted
from standalone decomposition methods. Clearly, there are several pitfalls that stem
from the sole reliance on standalone decomposition approaches and recent research may
not address them sufficiently. Decomposition methods differ in terms of their pattern
sensitivity and while a standalone method may yield improved performance, the set of
patterns discovered and captured by two different methods does not exhibit a full overlap.
As a result, the selection of a standalone methodology may lead to the omission of some
important patterns that could yield lower error metrics and more stable predictions. In
more extreme scenarios, the dependence on standalone decomposition approaches could
result in performance deterioration due to the incompatibility between the assumptions of
the model and the underlying structure of the data. Consequently, the oversimplified or
misinterpreted representation of input or target features across more diverse datasets may
not address temporal data intricacies effectively. This effect could be considered as model
selection bias that could negatively impact forecasting performance since it would result in
limited adaptability and robustness.

Secondly, the evaluation of decomposition-based models in recent studies focuses
on the visualization of case-specific intervals, the inspection of prominent error metrics
as well as the examination of interpretability functions in order to study the impact of
errors, derive conclusions on model stability across different sequences and quantify the
compatibility between the forecasted target and the component-based structure. While
these evaluation approaches may be considered robust in terms of error analysis standards,
they do not provide direct information regarding the impact of the forecasting methodology
on the conservation of the intended pattern evolution across multiple sequences. Therefore,
while the values of error metrics could indicate predictions that are close to the actual
sequences, slight overestimations and underestimations may result in significant temporal
pattern distortion, altering the behavior of the forecasted series. The consequences of
this effect become apparent during the examination of the unconditionally longest time
series chains within load sequences. Since these chains denote the longest evolutionary
paths within a sequence, they are significant in the study of load time series dynamics
and the underlying temporal structure. As a result, the temporal distortions could lead



Energies 2024, 17, 2844

6 of 45

to forecasted load time series that evolve in completely different ways when compared
to the actual load. This deviation in evolutionary paths could easily remain undetected
during model evaluation since the starting points of long time series chains may differ
drastically from the endpoints. Omitting the goal of evolution preservation could lead
to interpretability issues and performance deterioration as more significant deviations
through time could fail to provide a descriptive representation of the original target series.
Concludingly, the development of performant combinatorial decomposition methods and
the conservation of evolutionary time series paths constitute important research areas that
are not sufficiently explored.

In this study, we focused on the development of a combinatorial decomposition-based
methodology for day-ahead load forecasting. Additionally, we examined the conservation
of the longest evolutionary paths after the forecasting process through a novel evaluation
method. The proposed methodology combined STL, SSA and EMD in order to extract time
and frequency domain components that capture seasonality, trend and residual patterns
from influential renewable generation features as well as lagged load variables. The most
important components derived from an XGBoost scoring method were utilized for the
prediction of 24-hourly load sequences through five different kernel models. The set
of kernel models consist of different types of prominent estimators including a linear
regressor, an XGBoost model, an MLP, an LSTM and an attention LSTM variant utilizing
self-attention. The model performance was evaluated through a case study featuring
five years of electricity consumption, solar and wind generation observations for the
Greek power system. The error analysis consisted of prominent error metrics including
MAE, MAPE, MSE and RMSE. Additionally, the evaluation of evolution conservation
considers the data mining primitive of time series chains and through the extraction of
the unanchored chains for each hourly sequence, the weighted average unanchored chain
closeness is calculated based on the distance between actual and predicted subsequences
within each chain for daily and weekly patterns. This calculation considers the Euclidean
distance [49] in order to derive a more pessimistic closeness estimate and Dynamic Time
Warping (DTW) [50] in order to derive a more optimistic estimate due to the minimization
of temporal distortions within each subsequence.

The contribution of this research work is threefold. Firstly, the development of the
combinatorial decomposition method explores the effects of different data representations
at the preprocessing stage and highlights important behaviors of prominent estimation
structures in the day-ahead load forecasting task. As a result, this approach provides
insights towards the design and development of sophisticated decomposition pipelines
that involve processes focusing on influential component-based fusion. This combination of
methodologies addresses the simultaneous local and global decomposition in the time and
frequency domains while utilizing information extracted from paradigms that consider dif-
ferent levels of data-specific assumptions. The novelty of this approach is evident due to the
lack of versatile combinatorial methods in recent literature. The introduction of performant
component-based methods that blend load decomposition techniques directly addresses
most pitfalls in standalone component-based modeling since it exposes estimators to a
wider spectrum of nonlinear patterns and addresses the unexplored performance benefits
of this approach under an interpretable importance-based framework. Additionally, the
study of different kernel estimator types provides a holistic view of the predictive potency
that those methods could enable when utilized in frameworks that handle non-linearities
at different levels of granularity.

Secondly, the examination of model performance beyond the typical error analysis,
reinforces the value of this method and introduces a novel evaluation approach based on
the intuitive concept of time series chain similarity. Since most studies rely on a specific set
of traditional error metrics, the effects of temporal drift within the decomposed sequence
structure and the evolutionary behavior of the target are often omitted. The distance-
based scores obtained by the proposed approach directly address the uncertainty in the
quantification of evolution conservation and the inspection of temporal distortions in the
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longest chains of daily and weekly subsequences. Furthermore, the proposed evaluation
method offers increased flexibility since the type of distance kernel, the length of the studied
subsequences and the length of the time series could be configured. The adjustment and
future enhancement of those parameters could enable the examination of different types of
evolutionary paths, boosting the adaptability and interpretability of this method.

Thirdly, this work contributes to the design and development of a combinatorial
approach that could yield more accurate and stable short-term forecasts across several
types of estimators, assisting in the efficient discovery of relationships between renewable
generation and electricity consumption and subsequently optimizing several energy market
processes that focus on optimal renewable integration. The inclusion of the proposed
evaluation method provides more intuitive tools at the disposal of developers and analysts
in the energy sector, highlighting processes that focus on important time series data mining
primitives. Therefore, it is evident that this research project could enable field-specific
advancements through the improvement of component-based forecasting methods and
performance evaluation metrics. Additionally, this project could influence modern market
applications towards increased future energy market efficiency.

In Section 2, we analyze methodologies that contributed towards the development
and evaluation of the proposed combinatorial method referencing, decomposition methods,
kernel estimators and time series chains concepts.. The following subsections include the
dataset overview, decomposition and estimator model configurations as well as important
implementation characteristics. Furthermore, the performance metrics utilized in the
evaluation of this approach are analyzed, presenting an overview of traditional error
metrics and introducing the pattern conservation metric. In Section 3, we present the
results derived from our experiments and evaluate the proposed forecasting structure
through a detailed comparison with baseline models utilizing different estimator types. In
Section 4 we discuss about the overall performance of the model while addressing important
advantages, disadvantages, development challenges and future research directions. In
Section 5, we provide a concise overview of concluding comments on our research findings
and we summarize our thoughts on the importance of this research contribution.

2. Materials and Methods
2.1. Time Series Decomposition Methods

Time series decomposition methods constitute powerful feature processing tools since
they enable pattern extraction in the time and frequency domains. The set of temporal
components extracted from those techniques typically includes trend, seasonal and residual
sequences, each representing a different type of behavior for the original time series variable.
Trend sequences aim to describe the secular variation in time series variables and could
indicate an increasing or decreasing direction of sequence values. The analysis of trend
could also uncover cyclical behaviors associated with recurrent aperiodic variations that
depend on the time series structure. Seasonal sequences represent the variations that occur
at regular time intervals due to the dependence of the original variable to time-domain char-
acteristics and exogenous factors such as weather variables. Residual sequences describe
irregular variations in time series that often stem from the randomness introduced by noise
and other data anomalies. Prominent decomposition methods focusing on the derivation
of temporal components often consider the structure of an additive or multiplicative model
based on the relationship between the variations around the trend component and the level
of the time series. The additive model considers the addition of the trend, seasonal and
residual component for the reconstruction of the original sequence while the multiplicative
model considers the product of those components as described in the following formulae,
where y; represents the target sequence at timestep t and T}, S¢, and Ry represent the trend,
seasonal and residual component respectively for the same timestep:

yr =T+ 5+ Ry 1)

yr =T X 5t X Ry 2)
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It is worth mentioning that the temporal components may not be linear since the struc-
ture of the time series could indicate non-linearities through more complex trend patterns,
non-linear variations in the amplitude of seasonal effects or the intrinsic irregularities in
the residual sequence. On the other side of the spectrum, in the frequency domain, the
oscillatory behaviors are commonly represented as a set of sinusoidal functions that express
the frequency content of the series or as a set of intrinsic mode functions that capture
different oscillatory patterns and through their envelope properties define boundaries
where those behaviors occur in dominant frequencies. The decomposition methods offer
increased flexibility and adaptability since they can be applied on the input as well as on
the target output, resulting in enhanced preprocessing approaches. The decomposition of
input variables alters the dimensions of the dataset in order to explicitly define sequences
that represent important patterns. In this context, the learning process becomes easier as the
unraveled data exposes the structural characteristics clearly and could contribute towards
improved estimator accuracy. The decomposition of the target output enables distributed
forecasting through advanced hybrid and ensemble methods that use multiple different
estimators for the prediction of each component [51]. Consequently, these approaches could
yield performance benefits due to the increase of tunable model parameters and clarity of
target representation but they could also become more computationally expensive. For
the purposes of this study, we utilize the combination of three prominent decomposition
methods to examine the performance benefits that stem from the selection of the most
influential components with regards to well-known standalone estimators. The following
subsections present a concise overview of the STL, SSA and EMD methodologies that were
utilized for component extraction.

2.1.1. Seasonal-Trend Decomposition using Locally Estimated Scatterplot Smoothing

The STL decomposition method combines local regression with an iterative process in
order to derive the seasonal, trend and residual components from a given time series. This
iterative process consists of two recursive methods, forming an inner loop and an outer loop.
The inner loop performs component smoothing through regression curves and derives
updated representations of the seasonal and trend sequences. Polynomials fit to local
subsets of data within each component and the contribution of each data point to that local
regression process is calculated through neighborhood weights that reflect the distance of
each data point to the target observation. The outer loop derives the residual sequence and
calculates robustness weights that reflect the impact of deviations on the trend and seasonal
components. Those weights are initialized to the value of 1 and express the reliability of an
observation relative to the others. In the smoothing processes, the integration of robustness
weights is achieved through their multiplication with neighborhood weights.

Furthermore, the STL algorithm is sufficiently flexible since various types of seasonal
behaviors and trends could be modeled through the control of parameters such as the
seasonal and trend-cycle window that regulate the rate at which those components change.
The convergence of this method commonly depends on threshold methods that examine the
difference between consecutive estimates of component sequences as well as the number of
iterations for the outer and inner loops. This method is robust to outliers since the impact
of noise mainly affects the residual component [52].

2.1.2. Singular Spectrum Analysis

The SSA decomposition method is a nonparametric spectral estimation approach
that focuses on the derivation of seasonal, trend and residual components through lag
embedding and the inspection of eigenvalues and eigenvectors. In the first step of this
approach, lag embedding occurs through the transformation of the time series into a
Hankel trajectory matrix Y where each column represents a lagged time series segment in
the multidimensional space. Following this step, Singular Value Decomposition (SVD) is
applied to this matrix in order to derive the diagonal matrix A containing singular values
A; and the orthogonal eigenvector matrices P and PT containing left-singular vectors /; and
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right-singular vectors r; respectively. This decomposition is expressed by the following
formula, where the superscript T indicates the transpose of the respective matrices:

YY" = pAPT (3)

Subsequently, the trend, seasonal and residual component sequences are derived from
the inspection of eigentriples (I;, A;, r;). The observation of large and slowly decaying
singular values within the eigentriples may indicate the existence of a trend or seasonal
pattern. Smooth and gradual variations of left-singular vectors as well as gradual and
systematic patterns on right-singular vectors could contribute towards the extraction of the
trend sequence. Periodic and repeating behaviors on left and right-singular vectors could
contribute towards the extraction of the seasonal sequence. The remaining eigentriples
that do not exhibit any of the previously discussed characteristics could assist in the
identification of the residual sequence. Consequently, each component could be extracted
from a reconstruction process involving sums of eigentriples that share those characteristics.
The following formula denotes the calculation of T, S;, and R; at timestep t after the
discovery of n relevant eigentriples:

n
Ty, S, Re = Y Ailir] (4)
i=1

In terms of user-defined parameters, SSA implementations commonly feature the size
of the sliding window that determines the length of the subseries used for the creation of
the trajectory matrix and the number of groups that denotes the total number of extracted
components [53].

2.1.3. Empirical Mode Decomposition

The EMD method is a data-driven and adaptive approach that focuses on the intuitive
representation of oscillatory time series behaviors in order to study sequence dynamics.
This methodology, unlike the Fourier Transform, aims to isolate temporally adaptive basis
functions and derive frequency dynamics directly from them, instead of attempting to inter-
pret the complex combination of multiple harmonics. Consequently, this approach presents
an alternative perspective where sequence dynamics such as instantaneous amplitude,
frequency and phase are not obtained from static basis functions but from adaptive intrinsic
mode functions (IMF). The IMFs are functions obtained from the sifting algorithm in the
time domain and share several similar characteristics such as local symmetry around zero
and equality between their extrema and zero-crossings. The sifting algorithm is an iterative
approach that extracts oscillatory time series components, starting from the identification
of the fastest dynamics and proceeding until a non-oscillatory trend remains. At the first
step of this algorithm, the local extrema of the time series are identified. Following this step,
upper and lower envelopes are formed by connecting the extrema through cubic spline
interpolation. The first IMF is extracted by subtracting the mean of the envelopes from the
sequence. Subsequent iterations consider the last extracted IMF as the source sequence and
repeat this process until the last non-oscillatory component is identified.

The set of prominent parameters utilized in EMD implementations includes the num-
ber of IMFs, the interpolation method and the stopping criterion. The selection of the
number of IMFs is typically data-specific and constitutes an integral part in the design of
load forecasting modes involving EMD since the extracted oscillatory components need to
express sufficiently fast and distinct dynamics in order to provide meaningful information
during the learning process. The interpolation method mainly influences the smoothness
of the extracted IMFs and as it was previously mentioned, cubic spline interpolation is
commonly preferred in the sifting algorithm. Lastly, the stopping criterion could be defined
as the threshold denoting that the residual IMF is non-oscillatory or as a maximum number
of iterations that is selected due to computational constraints [54].
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2.2. Forecasting Models
2.2.1. Linear Regression

Linear regression constitutes one of the simpler machine learning approaches for load
forecasting models since it focuses on the search for the line of best fit. The goal is to find
the linear combination of independent input variables that minimizes the prediction error
for each of the target sequences. Linear regressors in their general form could include an
autoregressive component, derived from the selection of target time series lags as input
variables, as well as an exogenous component stemming from a plethora of influential
factors included in the dataset. Following this general form, each target sequence y can be
expressed as the linear combination of input sequences x; that contribute to the model at a
level described by their weights w;. These weights, also known as regression coefficients,
could be interpreted as slopes in the context of line fitting. The following formula presents
this combination given the initial weight wy denoting the line intercept and the error term
¢ derived from the sum of squared differences between actual and predicted values:

k
y=wo+ ) wix;+e (5)
i=1

This type of estimator could derive the coefficients analytically through the ordinary
least squares (OLS) method or iteratively through stochastic gradient descent optimization
in order to minimize the error term. After this minimization process and the discovery of
the line that best fits the data, the influence of input features could easily be interpreted
through the examination of the weight magnitudes and signs as well as several statistical
tests that focus of the quantification of variable significance in load predictions. The inspec-
tion of the absolute weight values could lead to the extraction of information regarding
the impact of input variables. The sign of regression coefficients could assist in the iden-
tification of the direction in the relationship between the input and target variables since
positive coefficients could indicate value changes towards the same direction and negative
coefficients could denote value changes towards the opposite direction. Therefore, linear
regression is often utilized in load forecasting tasks due to this profound ease of implemen-
tation and interpretation despite encountering several challenges such as the proneness
to overfitting and the reliance to the restrictive assumptions of linearity, homoscedasticity,
weak exogeneity, imperfect multicollinearity and statistical error independence [55]. For
the purposes of this study, the OLS linear regression is utilized as a naive linear kernel for
the estimation of baseline and combinatorial component performance in order to challenge
the impact of the previous assumptions and study the behavior of the model when several
components that express non-linearities are present in the input.

2.2.2. Extreme Gradient Boosting

The XGBoost algorithm is a performant regression method in load forecasting that
relies on the structure of decision trees and utilizes ensemble learning principles in order
to derive accurate and robust time series predictions. According to this methodology, a
series of weak decision tree learners are trained sequentially, with each subsequent learner
focusing on the correction of errors made by previous estimators. The training process aims
to modify several parameters in order to minimize an objective function consisting of the
loss function and the regularization term. The loss function I measures model performance
with regards to the deviation of the predicted values ij; when compared to the observations
y; in the training set. The regularization term () is formed with regards to each decision tree
member f; and penalizes the complexity of the model to prevent overfitting. The objective
function L(¢) of the XGBoost method is expressed by the following formula:

L(p) = Zl(?i/yi) +;Q(fk) (6)
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Decision tree members are built using a breadth-first approach and the best split
points are identified through the evaluation of candidate splits with regards to maximizing
the improvement of the objective function. Prominent model parameters considered
during the training of XGBoost regressors include the learning rate that modifies the
contribution of tree-based learners, the maximum tree depth, the minimum split loss,
sampling percentages for input features as well as regularization parameters and structural
parameters influencing the data needed for the creation of a new node. The boosting
process involves the repeated computation of loss function gradients, weak learner fitting,
prediction updates and application of regularization. The final predictions are obtained
through the aggregation of learner outputs when the boosting process meets the specified
convergence criteria such as the maximum number of boosting rounds or a loss function
threshold. The XGBoost methodology provides a scalable and sparsity-aware solution that
is resilient to outliers and sufficiently interpretable due to the underlying tree structure
that forms compact decision rules [56]. In this study, the role of XGBoost is twofold. Firstly,
XGBoost is utilized in the feature selection process for the designation of the most influential
input components. Secondly, this methodology is selected as one of the studied day-ahead
load estimator kernels to examine the performance of a prominent tree-based regressor in
the baseline as well as the combinatorial component-based scenario.

2.2.3. Multi-Layer Perceptron

The multi-layer perceptron extends the perceptron learning algorithm in order to
form the class of feed forward artificial neural networks that share several characteristics
with regards to the model structure and the training procedure. Multi-layer perceptron
estimators rely on the computation units called neurons, that are organized following a
layer structure. This structure typically contains the input layer, several hidden layers and
the output layer. The role of the input layer is to receive the input features and pass them
to the hidden layers. Subsequently, the hidden layers focus on learning and extracting
feature from the input data, resulting in a computational path that connects the input to
the output. The output layer processes the information made available at the after the
last hidden layer and the predictions for the target sequences at each neuron. The flow
of information throughout this structure is regulated by weight matrices and bias vectors.
Additionally, the output of each neuron within a layer is determined by an activation
function. The weights in the MLP structure denote the strength of connections between
neurons in different layers and represent the importance of an input feature from one
neuron to the output of another. Furthermore, the bias vectors indicate the shift in the
neuron outputs that influences their activation by providing additional freedom in the
modeling of more complex relationships. Activation functions produce the output of each
neuron and introduce non-linearities that enhance the learning capabilities of the model.
The main objective of the MLP regressor in load forecasting tasks is to approximate the
function that describes the relationship between the input and the target sequences. This
function approximation process aims to minimize error functions expressing the difference
between actual and predicted values.

For the thorough understanding of the forward information flow in MLP we consider
an example network featuring one hidden layer for the approximation of the function
f: RP — RL, where D refers to the dimensions of input vector x, and L refers to the
dimensions of the output vector f(x). Following the matrix notation, the information
flow from the input layer to the first hidden layer introduces the weight matrix W(?)
that is multiplied with the input vector and the bias vector b(!) that shifts the result
of this multiplication. The derived term combining weights and biases passes through
the activation function s, producing the output of the hidden layer. Symmetrically, this
process continues for the expansion of the approximated function in order to express the
information flow from the hidden layer to the output layer through the introduction of
weight matrix W), bias vector b(2) and activation function G. Consequently, the function
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expressing the forward information flow for this example structure is defined by the
following formula:

f(x)=G (b<2> + W@ (s (b<1> + w<1>x) )) 7)

An overview of the MLP structure with one hidden layer is presented in Figure 1 for
the approximation of m output sequences given n inputs, where each symbol corresponds
to the symbols of Formula (7) [57,58].

Input Layer Hidden Layer Output Layer
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w1 w2
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Figure 1. MLP with a single hidden layer.

The training of MLP regressors commonly relies on the back propagation algorithm
and the gradient descent process in order to adjust weight and bias values through several
data passes until convergence is achieved. Convergence in the context of MLP training is
interpreted through the examination of the error function as well as the maximum number
of data passes. Therefore, convergence could be observed when the values of the error
function do not improve significantly through subsequent data passes. Alternatively, the
output of the model at the maximum number of iterations could be accepted for perfor-
mance evaluation due to computational constraints. Commonly used hyperparameters for
the design of this model include the number of layers as well as the number of neurons
per layer, the type of activation function and the learning rate of the optimizer [59]. In
this study, an MLP architecture with two hidden layers and structural hyperparameters
proportional to the input is considered as a baseline and combinatorial component kernel
in order to study the behavioral shift in the forecasting process of deep artificial neural
networks when influential sequence components are considered.

2.2.4. Long Short-Term Memory Networks

Long short-term memory networks belong to the class of recurrent neural networks
(RNN) and focus on the identification of long-term data dependencies, rendering them use-
ful for sequence modeling tasks. The LSTM architectures improve upon the RNN baseline
since they address the vanishing gradient problem that often impacts RNN generalization
capabilities when attempting to extract knowledge from long-term data dependencies. The
structure of LSTM networks consists of processing units knows as LSTM cells. Each cell has
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its own state that expresses the global memory of the network through time, allowing the
model to capture and preserve long-term dependencies. Additionally, each cell contains
a hidden state that captures short-term information about the sequence. The current cell
state of an LSTM cell ¢; is influenced by the cell state of the previous time step c;_1 as well
as the information that could potentially be included at the current timestep. The current
hidden state of the cell /; is directly influenced by the derivation of the current cell state.
This relationship between the cell state and the hidden state is expressed computationally
through several data modifications that occur in each cell. A set of gates within each
cell operates in order to apply those adjustments and form the current cell and hidden
state. Each cell contains an input gate, a forget gate and an output gate. The input gate
at timestep t, denoted as i; utilizes the current input x; and the previous hidden state of
the cell i;_ in order to determine which values will be updated and stored in the current
cell state. The output gate at timestep t, denoted as o, determines which information will
be transferred to the output of the cell, influencing the current hidden state through the
processing of the current input and the previous hidden state. The following formulae
express the information processing of the input and output gates, where w; and w, are the
respective weights of those gates, b; and b, are the biases, and ¢ is the sigmoid function:

it = o(wilhy—1, x¢] + b;) (8)

or = o (wo[hy—1,x¢] + bo) ©)

The forget gate at timestep ¢, denoted as f;, selects the information that will be removed
from the cell state through the examination of current input and the previous cell state.
Given the definition of wy weights and by biases, the forget gate is expressed as:

fi = o (wylin 1, %] + by) (10)

The information that could potentially be stored to the current cell state define the
candidate sequence d;, derived from the previous hidden state and the current input
through the subsequent definition of weights w,; and biases b;. Therefore, the candidate
sequence and the derived cell state and hidden state are expressed with regards to the
application of the previous gates through the following formulae:

dy = tanh(wglhs_1, x¢] + by) (11)
ot = frrcpq+ipxdy (12)
hy = o x tanh(cy) (13)

Figure 2 presents a high-level overview of connected LSTM cells for the derivation of
the hidden LSTM states and the updates to the current LSTM state at each timestep.

The training of LSTM networks commonly involves the back propagation algorithm
through time and the gradient descent method for error minimization. The performance
of this type of neural network could depend on several structural parameters such as the
number of cells and the number of hidden LSTM layers. Additionally, the selection of
activation function, the introduction of dropout and the control of weight initialization,
weight decay rate, learning rate and momentum strategies could impact the final forecasting
output [60].
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Figure 2. LSTM cells containing the input, forget and output gates for the derivation of hidden and
current states. This computational process starts with the modifications of the initial hidden and
current states at cell 1 and leads to the derivation of the final hidden and current states at cell n after
subsequent gate computations.

It is worth mentioning that given a specific LSTM configuration, attention mechanisms
could be applied to the output sequences of LSTM layers in order to enable the model
to selectively focus on different parts of the input sequence and dynamically adjust the
importance of time series observations. The integration of attention mechanisms involves
the definition of attention layers that utilize predefined input sequences representing
network states or time series embeddings as the main processing sources. Following the
definition of the input, attention scores are typically derived through computations applied
on the trainable parameters of the layer involving scoring or alignment functions that
assist in the quantification of relevance or importance of each input element with regards
to a specific context. The extracted attention scores are transformed into a probability
distribution that is suitable for weighting the input sequence through the softmax function,
which ensures that the sum of the outputs equals to one, deriving attention weights. The
weighted sum of input sequence elements using attention weights produces the context
vectors that could be utilized as standalone sequences or as complementary features in
subsequent processing steps for the generation of robust and interpretable predictions. The
inclusion of attention layers in LSTM architectures could simplify the processed time series
structures and provide memory-efficient and context-aware alternatives that address the
challenge of dimensionality through the utilization of context vectors [61]. Consequently,
in this study two LSTM variants are examined. The first contains a hidden LSTM layer
and the second enhances that structure through the inclusion of an attention layer for
the examination of the combinatorial component performance based on extracted context
vectors. Figure 3 illustrates the learning task for n inputs based on context vectors through
the integration of an attention strategy in a single layer LSTM structure.
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Figure 3. Integration of attention in the single layer LSTM structure, highlighting the processes of

attention score calculation, weight transformation and context vector derivation within the atten-
tion layer.

2.3. Time Series Chains

The evaluation of load forecasting model performance is prominently expressed
through error metrics that measure the deviation between actual and predicted values.
These methods could be utilized for the robust point-by-point monitoring of convergence,
the impact of large prediction errors within the output sequences or the error stability
across different time series lags. These methodologies emphasize the inspection of point
observations during the training stages as well as after the derivation of the complete
output sequences. Point observations offer high granularity in error analysis but they are
limited in scope since information about the evolutionary paths within sequences and the
comparison between drifting patterns is not explicit and interpretable. As a result, the
consideration of subsequence analysis and the inspection of time series chains is crucial for
the thorough understanding of time series evolution and pattern conservation.

Intuitively, time series chains are temporally ordered sets of time series subsequences.
Each subsequence that belongs to a time series chain is similar to the preceding subsequence.
However, as the subsequence evolves and the time series chain increases in length, the
dissimilarity between the first and last subsequences is likely to increase, resulting in
arbitrarily dissimilar start and end points for the chain. The derivation of time series
chains depends on the concept of matrix profiles that denote the directionality of evolving
subsequence patterns. Matrix profiles focus on the efficient computation and storage of
nearest neighbor information through the application of distance metrics. The left and
right matrix profiles constitute vectors of z-normalized Euclidean distances between each
subsequence and its left and right nearest neighbor respectively. The indices extracted from
the left and right matrix profiles are utilized in order to link the subsequences and express
directionality. Consequently, the subsequence links could be represented by forward and
backward arrows. Forward arrows point to the right nearest neighbor and backward
arrows point to the left nearest neighbor. Therefore, within a chain, pairs of consecutive
subsequences need to be connected by a forward as well as a backward arrow. Figure 4
presents an example time series chain featuring 24-h load subsequences for the inspection
of daily pattern evolution. Time series chain discovery methods utilize the Scalable Time
series Ordered-search Matrix Profile (STOMP) algorithm for the efficient computation of
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left and right nearest neighbor information in scalable time series analysis packages such
as STUMPY [62].
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Figure 4. Time series chain for the examination of daily load patterns. Each element is a subsequence
of 24 data points that is connected to adjacent elements through the forwards and backward arrows
denoting the right and left nearest neighbor relationship in terms of distance.

Two types of time series chains are supported through this method, the unanchored
and anchored chains. Unanchored chains refer to the unconditionally longest chains in
a sequence that consist of subsequences containing a specified number of observations.
This type of chain does not need a prespecified starting point and aims to express the
evolutionary paths that describe general sequence behaviors. On the other side of the
spectrum, anchored chains refer to the chains that start with a particular subsequence. This
type of chains may not include the longest paths since the specified starting point may be
connected to patterns that have a short duration. In the context of load sequence analysis
and evaluation, we observe that the study of anchored chains based on specific starting
points could either be exhaustive and computationally expensive or incomplete and biased.
In both cases, the resulting methods could include patterns describing non-impactful events
that are not representative of the evolutionary temporal structure [63]. Consequently, in this
study the unanchored chains featuring the minimum average distance between consecutive
components are considered for the development of a performance evaluation method
in order to examine the quality of pattern conservation and the impact of combinatorial
component forecasting on the temporal load structure.

2.4. Problem Framing and Proposed Methodology

This study focuses on the design, implementation and evaluation of combinatorial
component-based forecasting methods for day-ahead load predictions influenced by lagged
load observations as well as renewable generation sequences. The models developed in this
project integrate five different types of estimators including Linear Regression, XGBoost,
deep neural network (DNN) following the MLP architecture, LSTM and attention LSTM
(Att-LSTM) in order to study the behavior of prominent linear, tree-based and neural
network structures. According to the previous outline of research questions and research
gaps with regards to the implementation of standalone decomposition methods and the
performance evaluation of component-based structures applied on those estimators, there
are several observations that contribute towards the conceptualization of this methodol-
ogy. Firstly, the omission of pitfalls in standalone decomposition-based modeling for the
preprocessing phase often overshadows the need to explore the benefits of more robust
combinatorial methods, limiting the scope of feature representations. Secondly, the lack of
knowledge regarding the shift in the forecasting performance of combinatorial component
methods when compared to baseline models often results in the shift of design perspective
that leads to the exploration and development of combinatorial estimators. This shift
transfers the complexity of the designed methodologies from the early feature preprocess-
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ing steps to the design of function approximation structures. Evidently, this approach
could prioritize prediction accuracy over interpretability and explainability and use them
as a tradeoff in order to achieve lower error metrics. Additionally, this complexity shift
could contribute towards the emergence of computational challenges since most methods
that experiment on the function approximation structure, introduce new hyperparameters
and heuristic methods. Thirdly, the lack of pattern observability during error analysis
renders the evaluation of those methods incomplete due to the uncertainty surrounding the
quantification of pattern conservation quality. The evolutionary path of the predicted series
and its association to the actual sequences often remains unexplored, since the impact of
temporal distortions introduced by the learning process is not sufficiently examined.

In response to those observations, several modifications to the stages following the
dataset preprocessing and error evaluation of decomposition-based forecasting structures
are proposed, resulting in the examination of combinatorial component architectures and
the development of additional predictive potency metrics. Firstly, after the preliminary
dataset preprocessing steps including lag transformation, data cleaning, correlation and
stationarity analysis, normalization and train-test splitting for the derivation of the suitable
input and output sequence structure in this day-ahead load forecasting task, the unraveling
of input features through the STL, SSA and EMD methods produces a dataset including
pattern and oscillatory behavior representations in the time and frequency domain. The
integration of STL and SSA methods yields a total of six sequence groups featuring diverse
representations for the trend, seasonal and residual sequences. On the other side of the
spectrum, the integration of EMD considers the first five IMFs representing the most promi-
nent oscillatory behaviors and excluding the ones that fail to capture dominant modes of
variability since those random fluctuations could be associated with noise. Consequently,
the combination of multiple decomposition methods results in substantial increase of the
input feature space dimensions and could introduce additional forecasting uncertainty due
to the unknown degree of influence for each individual component sequence. Therefore,
following the combinatorial decomposition, a feature selection process is implemented
based on the XGBoost estimator. The importance scores extracted from this tree-based
method assist in the derivation of an influential component dataset that is close to the di-
mensions of the original input dataset. Following this step, the component representations
are passed to the five forecasting kernels and produce 24 hourly load sequences in the
output. Figure 5 outlines the proposed architecture that serves as the core structure for
our experiments and highlights the enhancement of the preprocessing stages through the
implementation of combinatorial decomposition.

Secondly, the performance evaluation process is enhanced through the introduction of
an evolutionary pattern conservation metric that complements the prominent error analysis
which includes metrics such as MAE, MAPE, MSE and RMSE. The proposed metric focuses
on the unconditionally longest time series chains from each output sequence that share
the strongest nearest neighbor relationship in order to examine evolutionary paths formed
by actual and predicted subsequences. The closeness between the elements of the chains
detected in the actual data are compared to the values of the corresponding indices in the
predicted data in order to study the impact of temporal distortions and search for the model
that achieves the minimum average distance between those data regions. Since the hourly
resolution of observations is utilized in the day-ahead load forecasting task, this study
considers the evaluation of pattern conservation quality for unanchored chains formed
by daily and weekly subsequences in order to maintain sufficient pattern granularity.
The proposed approach utilizes the Euclidean and the Dynamic Time Warping (DTW)
distance kernels for the computation of closeness scores for the holistic interpretation of
daily and weekly chain deviations. Figure 6 illustrates the extension of the evaluation stage
and highlights the inclusion of the pattern conservation quality metric. In the following
subsections, the detailed configurations of the proposed forecasting models as well as the
definitions of the evaluation metrics will contribute towards the thorough understanding
of the experiments carried out in our case study.
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2.5. Performance Metrics
2.5.1. Error Analysis

In this subsection we present the definitions of prominent error metrics in decomposition-
based load forecasting tasks as well as an overview of their role towards the interpretation
of forecasting performance in order to highlight their usage within the scope of this research
work. First, Mean Absolute Error [64] evaluates the accuracy of those forecasting models
through the calculation of average absolute differences between each predicted and actual
value of each output sequence. This metric constitutes an interpretable loss function that
provides a natural and scale-dependent measure of error. MAE is commonly utilized in load
forecasting tasks for model comparison due to its simplicity and robustness with regards to
outliers. However, the model evaluation process through MAE as a standalone metric may
not be considered complete since the derived scores do not consider the magnitude and
direction of errors as impact factors for this performance examination. Given the predicted
values y; and actual values x; in a sequence of n observations, the mean absolute error is
computed by the formula:

MAE = Z?:lh/i _xi|
n

(14)

Second, Mean Absolute Percentage Error [65] is a prominent metric in regression
model evolution that expresses the error as a percentage through the calculation of absolute
percentage differences between the actual and predicted values, divided by the total number
of observations. This metric is scale independent and produces a measure of relative error
for the studied models, rendering it highly interpretable and thus suitable for baseline
and combinatorial component model comparisons in this research work. Challenges
associated with MAPE include the sensitivity of the function to small actual values that
could lead to large percentage errors, the limitations with regards to zero division that
results in undefined values and denotes difficulty in handling values that are close to zero
and the potential introduction of bias in the scenario where large percentage errors are
overweighted due to the existence of outliers or extreme values. Given the information for
the calculation of MAE, MAPE scores are calculated through the following formula:

n
MAPE = 100

i=1

Yi— Xi

. (15)

Finally, the quadratic loss functions of Mean Squared Error [66] and Root Mean
Squared error [67] are included in order to examine the impact of large errors. The values
of MSE are derived from the squared differences between actual and predicted values,
divided by the total number of observations. Extending this definition, RMSE values are
obtained through the square root of the calculated MSE scores. Both metrics are expressed
in the same units as the target sequences, rendering them equivalently interpretable and
suitable for the performance comparison presented in this case study. It is worth noting that
both metrics are sensitive to outliers and extreme values and tend to penalize large errors
through those square differences. Additionally, the co-inspection of MAE and RMSE could
provide useful insights with regards to the occurrence of large errors and the degree of error
variation, indicated by the proportional difference between the metric values. Given the
information for the calculation of the previously defined metrics, MSE and RMSE values
are computed by the following formulae:

n Y
MSE = }_ i —x)” (16)
i=1 n

(17)
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2.5.2. Evolutionary Pattern Conservation Quality

It is evident that while the combined examination of MAE, MAPE, MSE and RMSE
could provide a robust interpretation of predicted value deviations from the actual sequence,
the consistency in the representation of important patterns and the impact of distortions
in the evolution of time series are not explicitly explained. Furthermore, it is observed
that this error analysis is typically enhanced by sequence visualizations that focus on the
point-to-point comparison of important data regions, selected non-deterministically for
the purposes of each learning task while mainly reflecting domain knowledge. As a result,
the knowledge extracted from those visualizations may not enrich the interpretation of
model performance beyond the characteristics associated with the mathematical properties
of those metrics. These observations highlight the need for intuitive and interpretable
metrics that focus on the quality of the captured patterns as they evolve over time. In
forecasting models involving the integration of decomposition-based methods, the need for
pattern-oriented metrics becomes accrescent since the boost in accuracy is mainly attributed
to component representations that assist the forecasting structures in the process of learning
evolutionary paths and hidden feature relationships. Consequently, researchers in this
sector need to be able to identify models that exhibit divergent evolutionary behaviors and
evaluate drifting motifs. Therefore, in this section we introduce a flexible and interpretable
metric based on the data mining primitive of time series chains for the quantification of
pattern conservation quality considering important sets of subsequences.

The metric introduced in this study, considers the weighted average distance between
the most compact unanchored time series chains identified across the actual target out-
put sequences and the corresponding predicted values derived from the load forecasting
structures. The characteristics of this metric assists in the interpretability of time series
pattern evolution and the impact evaluation of temporal distortions, denoting the ability
of the predicted sequences to preserve the evolutionary paths of the original target series
accurately and consistently through time. This metric is labeled as the Weighted Average
Unanchored Chain Divergence (WAUCD) and utilizes two different distance kernels to
derive the scores for the studied chains. Following the detection of the unanchored time
series chains with the strongest nearest neighbor relationships between subsequences of
user-defined interval length through the utilization of the efficient STOMP implementation
in the STUMPY package, the distance between each actual subsequence c; and the corre-
sponding predicted subsequence ¢, could be calculated through a configurable distance
kernel function through the formula:

dk = diSt(Ck,fk) (18)

For the purposes of this study, the Euclidean and the dynamic time warping functions
are considered as prominent distance kernels for the derivation of subsequence distances.
The integration of the Euclidean distance metric yields a more pessimistic point-to-point
similarity score and imposes strict assumptions with regards to the equality of subsequence
length. On the other side of the spectrum, dynamic time warping yields more flexible
and optimistic scores due to the minimization of alignment-based distortions and enables
further meta-processing that is no longer restricted by the subsequence length. The average
element-wise distance score s; for the unanchored chain detected in sequence i of m total
subsequences is defined as:

m
s = izt (19)

In the univariate output scenario, this average distance score could be considered for
simple model comparison. However, more impactful insights with regards to time series
evolution could be extracted from the multivariate extension of this metric. Considering
the average distance scores for the unanchored chains detected in sequences representing
different timesteps of the target output, a weighting strategy could be formed in order
to denote the importance of pattern conservation quality throughout the target temporal
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structure. This strategy could penalize the distortions and chain divergence exhibited in
distant timesteps, emphasizing model stability and consistency. Therefore, weights w;
could be defined proportionally to the temporal position i of each of the z output sequences
through the following formula:

w; =~ (20)

Subsequently, the scores for WAUCD are computed by the weighted average formula
that gradually penalizes the scores of distant time steps by emphasizing the importance
of maintaining significant chain closeness as the temporal gap between the last observed
input sequence and the target output sequence widens:

Z
Yiq 8iw;
z )
i=1 Wi

WAUCD = (21)

The interpretation of this metric indicates that a multiple-output model forecasting
z time series yielding low WAUCD for p-length subsequences exhibits an evolutionary
behavior that matches the patterns observed in the actual data accurately. High WAUCD
scores express instabilities attributed to the larger errors of distant time steps. The proposed
metric is highly configurable for different types of learning tasks since there is a high degree
of freedom in the selection of structural parameters and evaluation kernel functions. For
the purposes of a given learning process, the subsequence length as well as the chain length
and the neighboring subsequence strength could be adjusted in order to examine different
task-specific temporal patterns. Additionally, alternative weighting strategies and different
kernel functions could be considered for the derivation of different result interpretations.

2.6. Case Study and Experiments
2.6.1. Dataset Overview and Preprocessing

In this subsection, we present the core information with regards to the dataset and
outline the preprocessing stages utilized in the implementation and evaluation of our
proposed forecasting approach. The publicly available dataset utilized in our experiments
was obtained from the Open Power System Data platform [68]. This dataset contained time
series sequences for the Greek power system covering the period between 31 December
2014 23:00 and 30 September 2020 23:00 and consisting of a total 50,400 observations in
hourly resolution. These sequences represent the total actual load as published on ENTSO-E
Transparency Platform by transmission system operators and power exchanges, the actual
solar generation and the actual on-shore wind generation in Greece, measured in MW.
Figures 7-9 present the line plots and the respective average daily, weekly and monthly
profiles for each feature considered in this study in order to provide a concise overview of
the dataset in several resolutions of hourly timesteps that are relevant to short-term load
forecasting tasks. This feature inspection highlights the strong and consistent oscillatory
behavior of the total load and solar generation. Additionally, it illustrates the pronounced
increasing trend of wind generation which could be attributed to a combination of strategic
investments, supportive policies and international backing that contributed towards the
significant growth of wind capacity during this time period.
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Figure 7. Electricity load time series in MW featuring: (a) Total actual electricity load for the Greek
power system. (b) Daily average load profile. (c) Weekly average load profile. (d) Monthly average

load profile.
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Figure 8. Solar generation time series in MW featuring: (a) Actual solar generation for the Greek
power system. (b) Daily average solar generation profile. (c) Weekly average generation profile.
(d) Monthly average solar generation profile.
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Figure 9. Wind onshore generation time series in MW featuring: (a) Actual on-shore wind generation
for the Greek power system. (b) Daily average wind generation profile. (c) Weekly average wind
generation profile. (d) Monthly average wind generation profile.

Since the studied learning task considered the prediction of day-ahead load based on
historical load and renewable generation sequences, the initial dataset was restructured in
order to include 100 features for each initial sequence, formed through the sliding window
method for the derivation of 99 additional lags [69]. Therefore, the target output consisted
of the 24 most recent load sequences and the input consisted of the remaining 76 load lags
as well as 200 sequences for solar and wind generation. Missing values were removed
from the dataset, resulting in 50,224 hourly observations. Furthermore, the dataset was
split into the training set and the test set following the 80-20% split that is commonly used
in the hold-out validation approach [70]. The resulting sets were normalized through the
min-max normalization method [71] in order to scale values between zero and one and
prevent scale-dependent bias during the learning process. Moreover, it is worth noting that
since we focused on the evaluation of estimator performance through the integration of
a combinatorial decomposition method, we aimed to verify that the participating input
features express general linear associations to the target sufficiently well as a baseline,
thus minimizing the impact of uncorrelated sequences and discrepancies in the linear
structure. This initial filtering could assist in the interpretation of the performance boost
stemming from the discovery of additional nonlinear relationships and evolving patterns
within the component representations. Consequently, a threshold method utilizing the
Pearson correlation analysis [72] coupled with a linear regressor was implemented for the
examination of training performance based on the selected features. Table 1 presents the
training error evaluation for 0.6, 0.8 and 0.9 as the minimum absolute correlation thresholds.
The threshold value of 0.6 corresponds to the exclusion of wind generation sequences. The
threshold of 0.8 corresponds to the subsequent exclusion of solar generation sequences
and the value of 0.9 corresponds to the 24 lagged load sequences with the highest absolute
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correlation. This analysis denoted that the exclusion of wind generation sequences resulted
in the derivation of a more compact and clearly associated training set with an acceptable
minimum correlation threshold value of 0.6, without resulting in substantial performance
deterioration due to dimensionality reduction.

Table 1. Correlation analysis of input sequences on the training set.

Correlation \/\pE ()  (MSEMW?) RMSE (MW) MAE (MW) Features
Threshold
0.6 4.387 138,804.030 365.158 254.618 176
0.8 4431 143,084.162 371.018 257.459 76
0.9 4.679 157,491.127 391.781 271.264 24

Following this step, a statistical stationarity analysis was performed through the
Augmented Dickey Fuller (ADF) test [73] in order to verify that the resulting 176 input
sequences were stationary. Stationarity could affect the performance of decomposition
methods, since stable statistical properties for the studied sequences could prevent model
assumption violations during component extraction and reduce value variability with
regards to spurious fluctuations that could render the detection of trend and seasonality
more challenging. Additionally, stationarity could contribute towards the clear isolation
of the residual component without the erroneous inclusion of systematic patterns that
could result in correlated and heteroscedastic errors as well as biased parameter estimation.
Consequently, through the inspection of the critical value assessment and the p-value
assessment we verified that the input sequences were stationary. Figure 10 indicates that
the test statistic value is significantly lower than the critical values for all sequences and the
p-value is lower than 0.05, rendering the input dataset stationary.
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Figure 10. Stationarity analysis of input dataset including: (a) Critical value assessment for the
comparison of the test statistic; (b) Assessment of p-values for the rejection of the null hypothesis.

2.6.2. Decomposition and Estimator Configuration

The proposed methodology applied STL, SSA and EMD on the preprocessed dataset.
Following the previously presented model structure, STL and SSA derived three compo-
nents for the representation of trend, seasonal and residual sequences while EMD consid-
ered the first five IMFs in order to represent the most prominent oscillatory patterns in the
data. This decomposition step resulted in the increase of dataset dimensions, producing
1936 component input sequences. A feature selection method based on importance scores
extracted from the XGBoost algorithm was applied in order to reduce the dimensions of
the input dataset and retrieve the most influential component representations. Therefore,
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based on the optimal split of the tree-based learners in this ensemble method, the top
200 sequences were selected for the day-ahead load forecasting task in order to define a
combinatorial component dataset that was similar to the preprocessed input in terms of
dimensions.

This case study considered five estimator kernels utilizing common parameter config-
urations in order to analyze the performance of different machine learning architectures
on the original and the combinatorial component dataset. A linear regressor following
its default configuration was trained in order to obtain a naive estimate from the linearly
approximated sequences and an XGBoost method with default parameter values extracted
the baseline tree-based ensemble performance. In terms of neural network structures, a
deep neural network and two LSTM network variants were considered. The deep neural
network followed the MLP structure and featured the input layer, two hidden layers and
the output layer. The first hidden layer followed the dimensions of the input and included
176 neurons for the base case and 200 neurons for the combinatorial component scenario
while utilizing the Rectified Linear Unit (ReLU) activation function. The second hidden
layer halved the number of neurons to 88 and 100 respectively and utilized a linear ac-
tivation function. The output layer included 24 neurons, each one producing an hourly
sequence for the day-ahead load forecast through linear activation. The first LSTM network
variant represented a simple LSTM network that included the input layer, an LSTM layer
and a dense output layer. The LSTM layer followed the dimensions of the input including
176 LSTM cells for the base case and 200 cells for the combinatorial component scenario
while utilizing the hyperbolic tangent activation function [74]. The dense output layer
included 24 processing units for the prediction of each hourly sequence through linear
activation. The second LSTM network variant extended the simple LSTM structure through
the integration of an attention layer that derived context vectors from the weights of the
returned hidden states that were extracted from the previous LSTM layer, following the
concept of Bahdanau attention [75]. Consequently, the dimensions of the attention layer
matched the dimensions of the LSTM layer. This variant investigated the isolated predictive
potency of context vectors derived from the original as well as the component-based input.
Figures 11-13 illustrate the structure and the forward information flow of the previously
described neural network structures.

InputLayer | input: | [(None, 176)] InputLayer | input: | [(None, 200)]
float32 output: | [(None, 176)] float32 output: | [(None, 200)]
Dense | relu | input: | (None, 176) Dense | relu | input: | (None, 200)
float32 output: | (None, 176) float32 output: | (None, 200)
Dense | linear | input: | (None, 176) Dense | linear | input: | (None, 200)
float32 output: | (None, 88) float32 output: | (None, 100)
Dense | linear | input: | (None, 88) Dense | linear | input: | (None, 100)
float32 output: | (None, 24) float32 output: | (None, 24)
(a) (b)

Figure 11. Deep neural network structures featuring: (a) Base DNN for the original preprocessed
dataset; (b) DNN for the important combinatorial component dataset.



Energies 2024, 17, 2844

26 of 45

InputLayer | input:

[(None, 1, 176)]

InputLayer | input:

[(None, 1, 200)]

float32 output:

[(None, 1, 176)]

float32 output:

[(None, 1, 200)]

LSTM | tanh

input:

(None, 1, 176)

LSTM | tanh

input:

(None, 1, 200)

float32

output:

(None, 176)

float32

output:

(None, 200)

Dense | linear

input: | (None, 176)

Dense | linear

input: | (None, 200)

float32

output: | (None, 24)

float32

output: | (None, 24)

(a)

(b)

Figure 12. LSTM network structures featuring: (a) Base LSTM network for the original preprocessed

dataset; (b) LSTM network for the important combinatorial component dataset.
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Figure 13. Attention LSTM network structures featuring: (a) Base attention LSTM network for

the original preprocessed dataset; (b) Attention LSTM network for the important combinatorial

component dataset.

2.6.3. Experiments and Evaluation Strategy

This study examined and compared the performance of LR, XGBoost, DNN, LSTM
and attention LSTM estimators on the original preprocessed dataset and on the dataset
featuring important components derived from the combinatorial decomposition method.
The training of XGBoost and LR was completed based on default convergence criteria and
for the neural network models the number of total epochs was set to 4000 in order to provide
ample space for the effective convergence of the learning processes. Furthermore, for the
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prevention of overfitting, early stopping [76] was implemented featuring a patience interval
of 100 epochs. This interval provided the necessary space for validation loss reduction
and constituted the proportionally small segment of the learning task where the models
attempted to achieve consecutive performance improvement. The DNN model utilized a
stochastic gradient descent optimizer with learning rate of 0.0005, decay rate of 0.000001
and momentum of 0.8. The LSTM models utilized the Adam optimizer [77]. Additionally,
the batch size parameter for the neural network models was set to 72 training samples.
The selection of prominent training approaches, static commonly used parameter values
and structural configurations contributed to the consistency of the results, assisting in the
deterministic comparison of the estimator performance before and after the derivation of
influential input components.

The evaluation strategy for the studied models included the monitoring of loss func-
tions for the training and test set, the examination of error metrics and the interpretation
of pattern conservation quality for the forecasted sequences. The error analysis consid-
ered the prominent metrics of MAE, MAPE, MSE and RMSE for the robust interpretation
of data point divergence. The analysis of pattern conservation quality utilized the pro-
posed WAUCD metric for the longest chains including 24-h and 168-h strongly related
subsequence elements. This approach examined the aftermath of the forecasting process
with regards to the preservation of daily and weekly patterns. Moreover, the Euclidean
and DTW distance kernels were considered for the calculation of the WAUCD scores in
order to provide a more flexible interpretation of the resulting distances. The experiments
presented in this study were implemented in Python 3.8.18, using the packages pandas
2.0.3 and numpy 1.24.3 for data processing. Additionally, statsmodels 0.14.0, emd 0.6.2
and pyts 0.13.0 were selected for the implementation of the decomposition methods. The
packages scikit-learn 1.3.0, tensorflow 2.10, keras 2.10 and xgboost 1.7.3 were utilized for
the implementation of the forecasting models. In the evaluation stages, stumpy 1.12.0, and
tslearn 0.6.2 were utilized for the inspection of time series chains. Lastly, matplotlib 3.7.2
was selected for result visualization. It is worth noting that any model parameters not
mentioned in this section follow the default values of those packages. The baseline as well
as the combinatorial component models and the corresponding experiments were executed
on a desktop computer with an AMD Ryzen 1700X processor, 8 gigabytes of RAM, and a
NVIDIA 1080Ti graphics processor. The code of this study, containing the preparation of
the dataset as well as the analysis of the proposed day-ahead load forecasting approach
and evaluation method, is publicly available on GitHub [78].

3. Results

This section presents a detailed performance overview for the studied forecasting
approaches, examines the behavior of the baseline estimators that utilized the compact
dataset of load and solar generation input sequences and compares this baseline perfor-
mance with the performance of the estimator structures that selected influential input
components from the combinatorial decomposition approach. Following the evaluation
strategy outlined in the previous subsection, the results are split into three segments, cover-
ing three different evaluation perspectives. The first segment addresses the training and
test set behavior through the examination of loss functions towards the convergence of
the models. This segment includes the learning curves of iterative optimization methods,
focusing primarily on the training paths of the tree-based XGBoost algorithm as well as
the neural network structures since there are valuable insights that could be extracted
for the thorough interpretation of these complex learning processes. The second segment
addresses the error analysis of the produced sequences on the test set, highlighting the
performance of the models on each sequence and providing the average multi-output error
metrics. Lastly, the third segment examines the quality of pattern conservation and its
shift after the implementation of the proposed forecasting structure through the time series
chain-based metric.
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3.1. Learning Curve Examination

The side-by-side comparison of train and test loss over the total number of training
iterations could provide useful information towards the evaluation of learning stability,
overfitting or underfitting tendencies and the degree of smoothness as the models approach
convergence. Figures 14-17 present the learning curve comparison between the baseline
models utilizing the preprocessed load and renewable generation sequences and the models
utilizing the most important component-based inputs. It is evident that all models were
sufficiently complex, achieving balance between bias and variance, since there were no
significant gaps observed between the training and test loss functions. This observation
indicates that the studied models did not exhibit overfitting or underfitting and managed to
extract patterns from the given sequences, learning from their temporal structures. Conse-
quently, the consistency and robustness of these learning curves could contribute towards
the clear interpretation of behavioral changes that occur due to the utilization of the com-
binatorial decomposition method coupled with the importance-based feature selection
strategy. Influential components benefit the learning process of each estimator differently,
rendering this comparison important for the evaluation of this forecasting performance
shift. The baseline XGBoost regressor exhibited a trend of increasing divergence between
the training and test loss curves, denoting that additional boosting rounds could widen
the gap between them, resulting in overfitting. The important component-based XGBoost
estimator suppressed this behavior, resulting in a narrower gap and lower loss function
values for the same number of boosting rounds without compromising the smoothness of
training. The DNN architectures exhibited similar behaviors for both types of inputs in
terms of learning stability since the training irregularities in the first 25 epochs and the small
fluctuations in the test curve appear in both scenarios. Combinatorial component-based
input mainly affected the generalization capability of the DNN since the estimator achieved
additional improvements of the test loss, triggering the early stopping mechanism after an
extended number of epochs. Lastly, the behavioral shift of both LSTM variants highlighted
the improved learning smoothness during initial epochs and the enhanced generaliza-
tion capability stemming from the utilization of the proposed approach. Therefore, this
preliminary examination of iterative optimization methods outlines the overall positive
impact of the proposed strategy in the day-ahead load forecasting task, denoting important
refinements in the predictive potency of tree-based and neural network structures.
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Figure 14. Learning curves of the XGBoost model plotting the train and test loss functions for 100
boosting rounds. The subfigures represent: (a) Baseline XGBoost model on default preprocessed
dataset; (b) XGBoost model utilizing important combinatorial components as input sequences.
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Figure 15. Learning curves of the DNN model plotting the train and test loss functions for all training
epochs given the integration of an early stopping mechanism. The subfigures represent: (a) Baseline
DNN model on default preprocessed dataset; (b) DNN model utilizing important combinatorial
components as input sequences.
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Figure 16. Learning curves of the single-layer LSTM model plotting the train and test loss functions for
all training epochs given the integration of an early stopping mechanism. The subfigures represent:
(a) Baseline LSTM model on default preprocessed dataset; (b) LSTM model utilizing important
combinatorial components as input sequences.
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Figure 17. Learning curves of the attention LSTM model plotting the train and test loss functions for
all training epochs given the integration of an early stopping mechanism. The subfigures represent:
(a) Baseline attention LSTM model on default preprocessed dataset; (b) Attention LSTM model
utilizing important combinatorial components as input sequences.
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3.2. Error Analysis

In this subsection, a detailed overview of error scores is presented, including the
MAE, MAPE, MSE and RMSE metrics for each output sequence as well as the average
scores for the studied estimators. The inspection of error metrics for each sequence in the
24-h interval could provide useful insights towards predictive stability and the impact of
large errors through time. The average multi-output scores illustrate the overall model
performance, providing a concise and descriptive evaluation strategy for the studied
forecasting horizon. Figures 18-22 present the side-by-side comparison of error metrics
for each hourly sequence between the baseline and proposed models. The proposed
models utilizing the combinatorial decomposition method are prefixed with “CC” in the
following graphs.

The examination of the hourly error metrics leads to several observations regarding
the performance of the studied models. The increased focus towards the representation of
non-linearities through the combinatorial decomposition approach had a negative impact
on the performance of the linear regressor, resulting in inconsistent hourly error metrics
and the rapid escalation of error scores in distant timesteps. This error analysis renders the
linear regressor as the least compatible kernel estimator for the component-based dataset
due to the overall unpredictability of the error profile which suggests that some information
could be interpreted as random noise during the learning process. The tree-based XGBoost
model and the neural network architectures benefited significantly from the rich and clear
representation of patterns in the component-based sequences and yielded substantially
improved error scores while maintaining a stable error profile, exhibiting the expected
increasing error trend for distant timesteps within the 24-h interval. The DNN structure and
LSTM variants yielded the most substantial error improvements, with the DNN achieving
impressive performance for the first six hourly sequences and the LSTM variants producing
more accurate forecasts for the last six hourly sequences. The co-inspection of MAE and
RMSE scores for the stable forecasting models verifies the lack of large errors and indicates
a small degree of error variation in both input strategies since the values of those metrics
do not diverge drastically.

Following the hourly performance overview, the average multiple output performance
of the models is outlined in Table 2. The average error scores indicate that the combinatorial
decomposition approach led to the substantial improvement of the models that are able
to process the non-linearities of the dataset. The DNN structure performed well in both
scenarios and the LSTM variants achieved the most substantial error reduction due to
the efficient prediction of distant timesteps. The single-layer combinatorial component
LSTM yielded the best performance across all studied estimators and the attention LSTM
variant demonstrated that robust predictions could be derived from the simplified context
vector structure without significant accuracy loss. Additionally, the co-inspection of the
average RMSE and MAE for the XGBoost and neural network structures illustrates the
overall reduction in error variation. Furthermore, the large difference between the average
RMSE and MAE scores of the linear regressor denote the instability and unreliability of this
kernel estimator.
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Table 2. Average error metrics for baseline and combinatorial component models.

Estimator MAPE (%) (MSE MW?) RMSE (MW) MAE (MW)
DNN 3.404 69,935.336 256.917 186.294
Att-LSTM 3.596 75,568.823 267.788 196.423
LSTM 3.444 69,168.608 256.490 188.313
XGB 4.126 101,673.878 311.678 225.034
LR 4.229 115,121.543 329.446 236.201
CC-DNN 1.949 24,424.991 143.828 106.340
CC-Att-LSTM 1.889 22,025.744 141.471 102.045
CC-LSTM 1.830 21,006.097 138.484 99.247
CC-XGB 3.043 56,562.717 231.141 166.753
CC-LR 3.207 734,619.059 709.685 181.810
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Figure 18. Error metric comparison between the baseline linear regressor and the linear regressor
following the proposed combinatorial decomposition method. The subfigures present the following
metrics: (a) Mean absolute percentage error. (b) Mean squared error. (c) Root mean squared error.
(d) Mean absolute error.
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Figure 19. Error metric comparison between the baseline XGBoost regressor and the XGBoost
regressor following the proposed combinatorial decomposition method. The subfigures present the
following metrics: (a) Mean absolute percentage error. (b) Mean squared error. (c) Root mean squared
error. (d) Mean absolute error.
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Figure 20. Error metric comparison between the baseline DNN and the DNN model following
the proposed combinatorial decomposition method. The subfigures present the following metrics:
(a) Mean absolute percentage error. (b) Mean squared error. (c) Root mean squared error. (d) Mean
absolute error.
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Figure 21. Error metric comparison between the baseline LSTM and the LSTM structure following
the proposed combinatorial decomposition method. The subfigures present the following metrics:
(a) Mean absolute percentage error. (b) Mean squared error. (c) Root mean squared error. (d) Mean

absolute error.
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Figure 22. Error metric comparison between the baseline attention LSTM and the attention LSTM
following the proposed combinatorial decomposition method. The subfigures present the following
metrics: (a) Mean absolute percentage error. (b) Mean squared error. (c) Root mean squared error.
(d) Mean absolute error.
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3.3. Pattern Conservation Quality

In this subsection, the evolutionary patterns of the load sequences are studied through
the data mining primitive of time series chains for the quantification and evaluation of
conservation quality on the longest strongly related subsequences within the given temporal
structures. This analysis focused on daily and weekly subsequences that belong to those
unanchored chains for each actual and predicted hourly sequence. Moreover, the Euclidean
and DTW are selected as distance kernels for the holistic derivation of distance scores. In
the first stage of this analysis, the side-by-side comparison of the average chain similarity
for daily and weekly unanchored chains detected in each hourly sequence is presented
in order to identify differences on the impact of temporal distortions for the baseline and
combinatorial component models. The respective Euclidean and DTW scores are plotted in
Figures 23-26.
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Figure 23. Average daily unanchored chain similarity for each hourly sequence based on the DTW
distance metric for: (a) Baseline models; (b) Combinatorial component models.
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Figure 24. Average daily unanchored chain similarity for each hourly sequence based on the Euclidean
distance metric for: (a) Baseline models; (b) Combinatorial component models.
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Figure 25. Average weekly unanchored chain similarity for each hourly sequence based on the DTW
distance metric for: (a) Baseline models; (b) Combinatorial component models.
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Figure 26. Average weekly unanchored chain similarity for each hourly sequence based on the
Euclidean distance metric for: (a) Baseline models; (b) Combinatorial component models.

This evaluation stage highlights the improvement in the stability and the consistency
of evolutionary time series behaviors in the predicted sequences that stems from the in-
tegration of the proposed combinatorial decomposition method. The fluctuations of the
distance scores coupled with the increasing trend through time indicate that the forecasted
subsequences exhibit significantly divergent behaviors when compared to the actual sub-
sequences the at the corresponding timesteps. This phenomenon could compromise the
interpretation of time series evolution, resulting in interpretability and explainability dete-
rioration at later time steps. The integration of the combinatorial component sequences
contributed to the flattening of distance curves and the suppression of the increasing trend
as the distance values are reduced across the stable neural network kernel estimators.
The LSTM variants exhibited the most stable performance across all hourly sequences.
Furthermore, it is worth noting that the XGBoost model exhibited distinctly higher dis-
tance metrics in both baseline and combinatorial component scenarios. The clear outlier
in this approach is the linear regressor. This estimator was not capable of processing the
sequences representing non-linearities efficiently, resulting in more erratic fluctuations and
high distance scores.

The second stage of this evaluation process considers the proposed WAUCD metric
which encapsulates the average multiple output pattern conservation quality for the studied
models and penalizes the distortions occurring on distant timesteps. Tables 3 and 4 present
the WAUCD scores with regards to the DTW metric and the Euclidean distance, respectively.
The scoring tables consider daily and weekly patterns.
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Table 3. Daily and weekly WAUCD scores based on the DTW distance metric.

Estimator Daily WAUCD (MW) Weekly WAUCD (MW)

DNN 849.828 1991.259

Att-LSTM 827.099 2017.401

LSTM 802.560 1955.416

XGB 832.679 2141.502

LR 884.997 2413.976

CC-DNN 560.374 1305.394

CC-Att-LSTM 548.654 1347.603

CC-LST™M 519.105 1316.265

CC-XGB 684.187 1824.870

CC-LR 2190.861 4564.749

Table 4. Daily and weekly WAUCD scores based on the Euclidean distance metric.

Estimator Daily WAUCD (MW) Weekly WAUCD (MW)

DNN 1055.510 2969.447

Att-LSTM 1003.591 3161.184

LSTM 970.596 2899.150

XGB 1075.868 3177.605

LR 1027.712 3960.668

CC-DNN 648.328 1745.038

CC-Att-LSTM 634.231 1701.846

CC-LST™M 590.069 1636.850

CC-XGB 821.412 2501.816

CC-LR 2255.940 4838.714

The examination of the WAUCD scores consolidates the overall improvement of the
kernel estimators in producing evolutionary paths that are significantly closer to the paths
of the actual sequences when the influential component inputs are integrated. Additionally,
this score reduction reflects the enhanced resilience of the proposed models towards
temporal distortions since the emphasis on the chain closeness in distant timesteps imposes
a restrictive perspective of pattern similarity. Since model performance is expected to
deteriorate in the prediction of timesteps farther in the future due to the challenges of
concept and data drift, the attention to those divergent subsequences provides a robust
closeness estimate that covers the most sensitive target regions of the multiple-output
estimators. Similar to the first stage, the LSTM variants and the DNN model yield the
most substantial average distance reduction, rendering them the most compatible kernels
for the combinatorial decomposition approach. Lastly, the inability of the linear regressor
to learn from the multiple-component input structure resulted in WAUCD scores that
greatly surpassed the baseline. Moreover, the impact of the combinatorial decomposition
approach on the pattern preservation quality could be observed through the visualization
of the unanchored chain start and end subsequences. The following sample visualizations
presented in Figures 27-30 explore the divergence of the start and end subsequences
extracted from the daily and weekly unanchored time series chain of the last time series
in the studied interval. Since this sequence refers to the last timestep of the 24-h period,
forecasting distortions are expected to be easily discernible due to the larger magnitude of
errors. Therefore, the effect of the combinatorial decomposition method could be observable
at an equivalent level of clarity from those graphs.
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Figure 27. Comparison between the first daily subsequence elements in the unanchored chains of the
last actual and predicted load sequences. Subfigures include: (a) Baseline model forecasted output;
(b) Combinatorial decomposition model output.
Last 24-hour Subsequence Last 24-hour Subsequence
7000 A —— Actual
7000 4 —— CC_DNN
—— CC_ATT-LSTM
6500 —— CC_LST™M
6500 - —— CC_XGB
= —— CC_LR
Z 6000 )
6000 - =
°
©
5500 A S 5500 1
i
o
5000 1 actual = 5000 A
~— DNN
= ATT-LSTM
4500 1 — (stm 4500 -
- XGB
- LR
4000 — - - - - 4000 1 . . . .
0 5 10 15 20 0 5 10 15 20

Timesteps Timesteps

@) (b)

Figure 28. Comparison between the last daily subsequence elements in the unanchored chains of the
last actual and predicted load sequences. Subfigures include: (a) Baseline model forecasted output;
(b) Combinatorial decomposition model output.
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Figure 29. Comparison between the first weekly subsequence elements in the unanchored chains
of the last actual and predicted load sequences. Subfigures include: (a) Baseline model forecasted
output; (b) Combinatorial decomposition model output.
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Figure 30. Comparison between the last weekly subsequence elements in the unanchored chains
of the last actual and predicted load sequences. Subfigures include: (a) Baseline model forecasted
output; (b) Combinatorial decomposition model output.

The inspection of those visualizations indicates that the integration of important
component-based features resulted in the consistent modeling of time series patterns since
the neural network models and the tree-based estimator produce forecasted series that
exhibit fewer fluctuations. Consequently, the interpretability of the estimated patterns
is reinforced due to the enhanced error stability. Evidently, the forecasted series did not
represent a drastically different evolutionary behavior when compared to the actual output
values. The weekly subsequence elements highlight the negative impact of the proposed
methodology on the performance of the linear estimator, where the inaccurate interpretation
of specific data regions resulted in greatly increased output errors.

4. Discussion

This research project introduced an importance-driven combinatorial decomposition
approach for day-ahead load forecasting and evaluated the performance of several kernel
estimators in terms of prediction error and pattern conservation quality through a case study.
This case study examined the relationships between hourly target sequences representing
the total Greek electricity load and input time series representing total renewable generation
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and lagged load observations. The error analysis focused on the prominent error metrics
of MAPE, MSE, RMSE and MAE in order to extract error profiles for each hourly target
sequence and study the average model performance in the baseline and combinatorial
component scenarios. The evaluation of pattern conservation quality integrated time series
chain concepts in order to introduce an intuitive and flexible metric for the monitoring
of evolutionary path divergence between the actual and predicted series. The hourly
distance-based analysis of average chain similarity provided a fine-grained overview of the
distortion profile for each estimator and the proposed WAUCD metric enabled the concise
description of overall model divergence through the inspection of the most important daily
and weekly unanchored chains.

The experiments denoted that the utilization of influential components, improved
model generalization and reduced the error of load predictions substantially for estimators
that are capable of extracting complex non-linear time series patterns. The inspection of
learning curves highlighted the extended improvement of loss function values and the
overall smoothness of training. The examination of error profiles illustrated the improved
model stability and verified the significant reduction of error metrics for each hourly se-
quence. The overview of average error metrics denoted that the combinatorial component
LSTM (CC-LSTM), attention LSTM (CC-Att-LSTM) and DNN (CC-DNN) models are the
most compatible estimators for the implementation of the proposed forecasting approach
since they yielded the most significant error metric improvement. The CC-LSTM yielded
the improved MAPE value of 1.830 surpassing the baseline LSTM MAPE of 3.444. The
CC-Att-LSTM and CC-DNN achieved MAPE values of 1.889 and 1.949 which were substan-
tially lower than the respective baseline values of 3.596 and 3.404. The shift in error metrics
highlights a significant boost in predictive potency that surpasses baseline improvements
observed in relevant research efforts [34,35,38-41,48]. Through this error analysis, we
observed that while the DNN estimator was able to perform well for the prediction of
the first several sequences in the baseline and the component-based scenarios, the LSTM
structures benefited from the unraveling of features and were able to produce significantly
more accurate sequences near the end of the studied interval, leveraging their intrinsic
characteristics with regards to long time dependencies. The inspection of evolutionary
patterns through the evaluation of unanchored time series chains showed the enhanced
resilience of component-based estimators with regards to temporal distortions. The average
chain similarity scores for each load sequence indicated the increased stability and consis-
tency of pattern conservation through the integration of the proposed approach. Moreover,
the overview of WAUCD scores elucidated the overall ability of studied estimators to
capture the actual evolving behavior of load. The coupling of the proposed decomposition
strategy with LSTM variants resulted in efficient pattern matching, since CC-LSTM and
CC-Att-LSTM yielded 519.105 and 548.654 for daily subsequences as well as 1316.265 and
1347.603 for the respective weekly subsequences with regards to the DTW distance metric.
Similarly, the Euclidean scores highlighted the robustness of those two architectures with
590.069 and 634.231 for daily subsequences as well as 1636.850 and 1701.846 for weekly
subsequences. Lastly, it is worth noting that the component-based inputs introduced more
complex sequences in this forecasting task. As a result, the interpretability of neural net-
work structures remains challenging due to their black-box nature that stems from their
intrinsic characteristics such as their non-linear transformations, complex layered structure
and high parameter dimensionality. Furthermore, simpler approaches such as the linear
regression exhibited performance deterioration.

This study explored the impact of component fusion highlighting several advantages
and disadvantages of this method based on the behaviors of different types of estima-
tors. The proposed method merged the assumptions of several decomposition methods
and produced inputs that reflected the most influential representations of patterns and
oscillatory electricity load and renewable generation behaviors. The combined properties
of those methods contributed towards the fine-grained interpretation of complex time
series behaviors and resulted in significantly more accurate forecasts that maintain the
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evolutionary temporal structure of the actual target sequences. This was a crucial step
towards the thorough interpretation of system dynamics through time since this approach
streamlined the error profiles and suppressed the potential emergence of misleading or
divergent patterns due to overestimations or underestimations. Consequently, the fore-
casted time series would be more useful towards meta-processing techniques due to the
improved quality of the preserved temporal structure. It is worth mentioning that the
forecasting series processing through time series chain concepts enabled the emergence
of context-based analysis, complementing and expanding on the observations extracted
from the error analysis. This processing step is erroneously omitted in most decomposition-
based studies, resulting in the limited implicit deduction of pattern conservation quality.
Moreover, the flexibility in the configuration of this approach could contribute towards
the development of robust estimators that are compatible to the learning task in terms of
structural and training parameters.

On the other side of the spectrum, the datasets processed through this method become
increasingly complex since the component-based inputs represent intricate time series
behaviors. This component fusion could be incompatible with some estimator structures
due to their intrinsic approximation capabilities. Therefore, the lack of simplicity during the
early processing steps encourages the integration of complex and more resource intensive
estimators, increasing the computational requirements for the day-ahead load forecasting
task. Furthermore, it is worth noting that the implementation of a combinatorial compo-
nent extraction method in the input may not increase the total execution time prohibitively
since the previously discussed decomposition methods typically yield fast and moderate
execution times on datasets containing adequately explainable historical features, ranging
from several seconds to several minutes. Additionally, the integration of XGBoost in the
derivation of importance scores aims to streamline the component selection process under
an estimation framework that is well-known for its convergence speed. The proposed
method could be easily parallelizable since the main interaction between time series compo-
nents occurs at the XGBoost regressor. Therefore, the computational requirements could be
minimized to consider solely the slowest decomposition method, the XGBoost importance
extractor and the kernel estimator. In this case study, the slowest decomposition method
would be the EMD due to the intensive computation of intrinsic mode functions and the
slowest selected kernel would be the Attention LSTM due to its more complex architecture
when compared to the other estimation kernels. However, limiting the number of the
extracted mode functions to the ones that describe the most prominent oscillatory behav-
iors for our experiments resulted in acceptable execution times of the sifting algorithm
that were consistently and significantly lower than the input sampling rate, allowing for
model recalibration as new observations could be added to the historical dataset for all
studied regressors.

Future research work could expand on the fusion of decomposition methods and
explore several variants of the studied methodologies in order to improve the performance
of different forecasting tasks. Additionally, since the extraction of context vectors resulted in
promising error and pattern conservation scores, meta-processing attention-based architec-
tures could learn from the residual pattern divergence and derive simplified complementary
feature sets that could refine the performance of the baseline models further. Lastly, there
are several possible extensions to the proposed evolutionary pattern examination process
that could contribute to the integration of more time series chain concepts. Depending on
the studied horizon and the temporal characteristics of the target variables, the detection
region and chain length could be adjusted in order to outline the long-term impact of spe-
cific data anomalies. Alternatively, the contextual analysis of chain evolution could assist
in tracing the pattern changes that contributed to error profile changes in distant timesteps
and evaluate the strength of causal relationships between important subsequences for the
forecasted output.
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5. Conclusions

The day-ahead load forecasting task involves the analysis of complex time series
patterns and the processing of non-linear relationships between the input and the output.
The decomposition of time series features contributes towards the efficient identification
of patterns and the development of compatible load estimator architectures through the
isolation of noise and the thorough understanding of trends. However, the challenges of
standalone decomposition methods limit the generalization capabilities and the adaptability
of those estimators, often resulting in assumption-sensitive and biased models that provide
an incomplete or distorted interpretation of the underlying temporal structures and system
dynamics. Therefore, the research shift towards combinatorial decomposition approaches
and the behavioral study of different estimator types could lead to the development of
more stable and accurate forecasts through the holistic overview of important feature
representations. Additionally, it is important to note that while error analysis constitutes a
robust and prominent strategy for the quantification of estimator accuracy in this learning
task, it could be considered a limited and incomplete approach for the quantification
of decomposition impact since the consistency in the interpretation of patterns and the
evolution of the predicted sequences are often implicit and ambiguous. Consequently,
evaluation methods that address the evolution of patterns and the similarity of important
subsequences could complement the error metrics and extract meaningful insights that
enrich the interpretability of decomposition-based structures.

In this work, a robust combinatorial decomposition approach was developed to ex-
plore the performance benefits of well-known estimators through the importance-based
fusion of STL, SSA and EMD methodologies for the extraction of influential input fea-
ture representations and a novel evaluation metric was introduced for the robust and
configurable assessment of output evolution. The main conclusions of this work were the
following:

e  The important spectrum of nonlinear components enhanced the generalization capa-
bilities of tree-based and neural network architectures since the diverse fine-grained
representation of the input resulted in lower and more stable error profiles.

e  The LSTM and DNN architectures benefited the most from this combinatorial method
since they were able to capture the exposed nonlinearities more efficiently. The CC-
LSTM model exhibited reduced MAPE by 46.87% when compared to the baseline.
Similarly, the CC-DNN yielded a MAPE improvement of 42.76% over the baseline,
reducing its MAPE measurement to 1.949. The studied models achieved a greater
performance boost when compared to baseline improvements observed in relevant
literature.

e  Simpler linear kernels such as the LR model exhibited distinct instabilities due to their
inability to handle the intrinsic nonlinearities of the decomposed input.

e  The introduction of an intuitive and simple evaluation method based on the concept
of time-series chains enabled the enhancement of the traditional error-focused frame-
work in a direction that is aligned with the goals of modern decomposition methods
regarding pattern evolution. This method provided an evaluation perspective that
was unexplored by the literature of decomposition-based short-term load estimators.

The evaluation of pattern conservation quality denoted the superiority of LSTM and
DNN kernels in the derivation of sequences that evolve closely to the original target in this
combinatorial component approach. Namely, evaluating WAUCD through the dynamic
time warping distance kernel highlighted the 35.31% distance score improvement of the
CC-LSTM and the 34.07% improvement of CC-DNN in subsequences that describe the
evolution of daily patterns. Equivalently, the examination of weekly pattern preservation
highlighted the 32.69% distance score reduction of CC-LSTM and the 34.46% reduction of
CC-DNN, compared to the baseline estimators.
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Abbreviations

The following abbreviations are used in this manuscript:

ADF Augmented Dickey-Fuller

Att-LSTM Attention Long Short-Term Memory

CC-Att-LSTM  Combinatorial Component Attention Long Short-Term Memory
CC-DNN Combinatorial Component Deep Neural Network
CC-LR Combinatorial Component Linear Regression
CC-LSTM Combinatorial Component Long Short-Term Memory
CC-XGB Combinatorial Component Extreme Gradient Boosting
DNN Deep Neural Network

DTW Dynamic Time Warping

EMD Empirical Mode Decomposition

LR Linear Regression

LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

MLP Multilayer Perceptron

MSE Mean Squared Error

ReLU Rectified Linear Unit

RMSE Root Mean Squared Error

RNN Recurrent Neural Network

SHAP Shapley Additive Explanations

SSA Singular Spectrum Analysis

STL Seasonal-Trend decomposition using Locally estimated scatterplot smoothing
SVD Singular Value Decomposition

SVR Support Vector Regression

VMD Variational Mode Decomposition

WAUCD Weighted Average Unanchored Chain Divergence
XGBoost Extreme Gradient Boosting model
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