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Shortterm forecasting processes constitute an integral part of data analysis in the energy
sector since their integration in demand response programs, energy management systems,
smart grid and energy market applications is valuable towards the examiraftmmplex

and volatile time series variables such as load and electricity price. -@®nortload
forecasting models offer valuable insight towards consumption patterns through the
inspection of influential factors and introduce intelligent ways of momitg electricity
demand as well as the occurrence of irregular events in order to improve the decision
making processes of electric utilities and reinforce grid stability respectively.-®nort
electricity price forecasting models address the challengarice volatility and contribute
towards the development of robust strategies towards efficient resource management and
optimal energy transactions for all types of energy market participants and consumers. It
is evident that methods focusing on load aelectricity price time series follow a similar
structure including preprocessing, forecasting and output modules for the estimation of
the target variables after data collection. Therefore, this dissertation acknowledges the
shared and overlapping structiiof those forecasting processes and addresses prominent
challenges and research gaps associated with each component through the development
of optimal design strategies that improve the overall model performance. The study of the
preprocessing module letb the assessment of robust feature selection and highlighted
the role of rule generation for efficient examination of the studied environments. Since
prominent challenges in data preprocessing are connected to dataset dimensionality and
feature interpretaility, a method towards the generation of a compact and interpretable
set of rules through hybrid feature selection was proposed. Furthermore, the study of the

main forecasting framework denoted challenges with regards to standalone, combinatorial

Xiv



and met-modeling design philosophies. In standalone modeling, the uncertainty
surrounding estimator selection due to the insufficient exploration of edge cases often
hinders research progress and leads to confusion with regards to training behavior.
Consequentlya comparative study examining the baseline performance of neural network
methodologies for high resolution predictions addresses one of the edge cases where the
brevity of the training process and time constraints could provoke this uncertainty.
Regardig combinatorial modeling, the uncertainty of estimation member selection in
ensemble methods coupled with the challenges of concept and data drift could lead to
arbitrary design decisions and suboptimal model combinations. As a result, a novel design
strategy focusing on the deterministic selection of estimator members based on the
structural characteristics of peak and npeak indices was proposed in order to generate
performant ensemble learning models. Moreover, the examination of rmetaeling
approacles highlighted the performance benefits of additional forecasting layers and led
to the introduction of a forecasting approach that estimated load consumption through the
inspection of similarity and causality for the derivation of alternative time series
representations. This approach improved the error metrics compared to the base LSTM
ensemble model, denoting the impact of community factors when the quality of the input
dataset is far from ideal. Lastly, following this a posteriori design method, thiy stithe
output module identified the need for performance refinement through additional
structures that estimate and minimize error values towards increased model stability and
improved accuracy. In this scope, an error compensation module was devdiopadds

the performance improvement of a deep learning structure for the task of sieom
electricity price forecasting. This approach introduced an autoregressive model for the
estimation of residual training error, resulting in more consistent preoiictiand overall
lower error metrics when tested in different training scenarios. Additionally, this method
discussed the potential addition of hyperparameters that configure the error
compensation module for future applications and benchmarks. The extensiothe
strategies presented in this dissertation could enable the development of more flexible and
adaptive forecasting pipelines that could enhance the capabilities of future energy

applications.
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Chapter1 LY U0NRRdzOGAZ2Y

1.1 Motivation

The evolution of power systems coupled with the growtid the increased complexity of
electricity markets introduce a plethora of challengas well as interesting research
guestionsoften connected to thestudy and processing tifme seriedatasuch as load and
electricity price Modern power griddesignfocuses on the development of robust data
driven strategies that could control the bidirectional flow of information between
electricity providers and consumers since the penetration of renewable energy sources and
the increasein energy demand could lead to uakle operation, poor resource
management and inefficient schedulingesulting inimbalanced demand response and
consumer dissatisfaction[1]. Additionally modern electricity markets often adopt
sophisticated datalriven methods for the design of smart energy polictkge to the
phenomenon of price volatilitin order to perform efficient electricity tradinf]. Short
term forecasting tasks involving loaddalectricity price time series add immense value to
those datadriven approaches since the ability to predicesle valuesaccuratelyover a
prediction horizon ofseveralminutes or hoursprovides the necessary knowledge for
optimal decisioAamaking.Accurateshortterm load forecastingcontributes towards the
effective planning and reliable operation of modern power grids since irregular events
could be avoided andemand response flexikiyi could be improved. On a consumer level,
shortterm load forecastingcould indirectly influence thaescheduling of daily tasks
through intelligent analyticsfor the optimization ofelectricity consumptionand the
optimal response to financial incentivesMoreover, load forecasting enalslethe
development ofcosteffective consumptionstrategiesthat could assist in flattening the
demand curve3]. Accurateshort-term price forecastingcontributesto the efficiency of
energy transactiondue to the minimization of uncertainty, giving market participants the
opportunity to react to changes in price appropriately and follow price tref@jsBoth
categories of energy forecasting taslgse valuable to the development of ret@ne

applications and energy management systems.
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Shortterm forecasting task®r the prediction of load oelectricityprice typically follona
regression analysig order to interpret the relationships betweethe dependent time
serieswhichexpresseshe target variableand several independent influencing factors such
as temperature fuel costor historical load and price values derived from previous
timesteps Recent research on the field shows thgbrominent methods for those
regression tasks stem from a statistical and artificial intelligence background. Statistical
methods follow a more traditional path towards the discovery of linear and nonlinear
relationshipsbetween the data based on assumptions that leadthe construction of a
mathematical model which best fits the datas€hese forecasting approaches often follow

a simple and easily interpretable structure, requiring less computing power for data
processing. blwever, the resulting modelsare often limited dueto those initial
assumptions about the dataset that could impact the discoverability of patterns and trends
negatively. Furthermorehis simplicity of structure could hinder the predictive potency of
statistical methods since the resulting mathematical models may be capable of
explaining all data dependenciesjually well as the dataset becomes larger and the
relationshis between features become increasingly compl®ethods such as linear
regressiorand autoregressive moving average are commonly utilized in those time series
forecasting tasks in order to predict future values of load and price through the

interpretation o trends andthe examination of influencing factofs].

On the other side of the spectrum artificial intelligence methods approach function
approximation in a more flexible wathrough the development of freeorm models that
adapt to the input anditeratively learnthe relationships between the variable$his
categoryof models often has a more complex structure with computations becoming
increasingly difficult to followand interpret as the scale and the cqgotexity of the
forecasting problera increase, essentially rendering them as btaok approachesA
major set of artificial intelligence methods in this research spapensists ofmachine
learningmodels. Machine learning approachedeaturing prominent supervisedearning
algorithmssuch agandomforestand gradient boosted decision trees offer scalable and
performant solutions to regression tasks in the energy sedttmreover, neuralnetwork
modelssuchasmulti-layerperceptron(MLP)and long shorterm memory networKLSTM)

greatly contribute towards the development of dynamic and adaptive forecasting
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structures thatprocess time dependencies efficiently and are capable of identifying all
possible interactions between independent ialesas theyfollow animplicit detection
process for complex nonlinear relationshigfie main disadvantages of machine learning
methods that could be encountered more frequently in neural network models are the lack
of interpretability, the increasedamputational burden and th@roneness tooverfitting.
Thesedisadvantagesould result in suboptimal prediction accuracy and generalization
issues as thesenodels are integrated in real world plications. Complementary to
machine learning methods, fuzzy logic approaches aim to reinforce the interpretability of
forecasting models by introducing a set of rules that expresses the relationships between
features, rendering feature selection a manageable tasknfiost artificial intelligence

algorithms[6].

Lastly it is worth mentioning that while the categorization of the most prominent
forecastingmethodshighlights the contributions of linear and nonlinear statistical models
as well as machine learning algorithms and fuzzy systems, these approaches are not
necessarily utilized as standalomstimators for every load or price forecasting task.
Therefore we have to acknowledge the broad set of design philosophies that lead to hybrid
modeling[7]. Hybrid modeling focuses on the combination of multiple estimatians the
previously discussed categories in order to develop robuigtturesthat process the iput
simultaneously or sequentiallyAs an example, fuzzy neural netwsrkerge elements from
fuzzy inference systems and neural network design in ordentiize those pmciples
cooperatively or as a fully fused entity in time series forecastingddition to those
combinatorial approaches, hybrid modeling includes the plethora di@methodshat
focus on the transformation or decomposition of the output for the purposes of a new
model which mayfunction as an additional processing laydrissubcategoryof hybrid
forecastingmodelsform the set of metamodeling approacheand offer significant value

to shortterm forecasting research as they represent the extra steppmbinatorial design
that couldfurther improve predction accuracy8]. Figurel.l showsthis categorizationn
short-term load and price forecasting, denoting the most prominent types of methods in

this research space that substantially influentlee content of thisdissertation
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Figure 1.1: Categorization of prominenshortterm load and price forecastil

methods and modeling methodologies.

1.2 Overview ofChallenges and Research Gaps

Thissectionoutlines several prominent challenges and research gapthe design and
implementation of shorterm forecasting models in the energy secgtdenoting the core
research directions followed in thiBssertation First, it isevidentthat since load and price
are influenced by a plethora of factors, the number refevant features included in
datasetsis large forming a higkdimensional space whetde sparsityand dissimilarity of
some featuregroupscould hinder the accurate generalization of the model and increase
the overall complexity of the forecasting structui@onsequently, the emergence of the
dimensionality challenge could contribute towards the emergence of interpretability issues
sincea large amount of training data would be required for efficient learning #mel
relationships between the studied variablesuld become too difficult to follow. The
challenges of dimensionality and interpretabiléyiow a degree of codependeneand
could afect the performance oftatistical as well as artificial intelligence methdég In
statistical methods, interpretability issues avéten strongly connected to dimensionality
since the initial set of assumptions for the dataset and the mathematicaletsadilized

are relatively simpleln artificial intelligence methodghe challenge of interpretability
could affect models utilizing lodimensional feature spaces independently, when the

forecasting method followa blackbox approackor parameter tuning as it isommonly
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observedin neural network structureslt is evignt that fuzzy inference systemsould
reinforce the interpretability of a model since tltecomposition of variables in linguistic
terms and theextraction of an accurate set of rules coutarly explain the complete
relationshis betweenfeatures.However,the algorithmic discovery of minimal rule sets
that maintain high levels of accuraoymains an open research question since most rule
bases on higlilimensional spacesither consider all possible rulesesulting in inefficient
inference systems that ignore the challenge of dimensionalitytdize expert knowledge

which inherently does not define a deterministic and easily interpretable process

Second,some research gapeelated to the participation of estimators in forecasting
frameworks could be identifiedin standalone modeling, research works often present
state of the art models as parts of a novel forecasting pipelinetiberte are not enough
research projects aimed & comprehensive performance overview of a speafate of

the art approach in fundamental supervised learning tasks that utilize load or price time
series. Additionally, studies do not sufficiently cover forecasting tasks that could be
considered as edge cases in terms of training and convergence Gomsequently,
uncertainty often surrounds the selection of a specific model configuratioen the most
prominent models such as the long shtetm memory network have several performant
structures that could be applied on the same forecasting tasks. Tdrerewithout the
guidance of research workasxploringthis gpace extensiveand repeatedtesting could
delay the development of useful forecasting approachiascombinatorial modeling and
especially in the development of ensemble forecasting methodssmainty surrounds the
selection of the estimator members as these are often included arbitrarily due to their
relevance or due toheir prominence irrecentresearchwork. As a result, load and price
forecastingmodelsthat utilize diverse feature sets wbh follow different distributions
often fail to adapt to the inputThe research spacd# deterministic strategies that generate
optimal estimator sets is not sufficiently explored and there are still several steps that need
to be taken towards the development of moremodular, adaptive and generative
processesMoreover, metamodeling inshort-term forecastingis an active and evolving
research topic since the intricacies of the data collection process reinforce the need for
models that generatand processlifferent interpretations of the target variables in order

to efficiently capture patterns in noideal data structures.
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Third, the value of prediction refinement in combinatorial modeling should be
acknowledged sinceecent reviews and beshmarks do nobften include postprocessing
techniques in the forecasting pipelinét. is importantto note that feedback systems
capable of processing residual error values could introduce several useful hyperparameters
for model selection as well as imgvedprediction accuracyl he inclusion of those systems

in enhanced and modular forecasting pipelireaild reinforce prediction stability within

the specified prediction horizon, providing an additional tool against ntsgcasts.
Furthermore,the study or error compensation systems could addithesinconsistencies

in the performance evaluation of estators as error fluctuations in hourly or minutely

predictions could be reduced.

1.3 DissertationOutline andContributions

Thisdissertationaims to address the previously discussed challenges and resgapshn
the design and development of shedrm load and price forecasting methodologies
through the analytical presentation ofesearch projects that contribute towards the
enhancement of widely usefbrecasting processes in the energy secftherefore this

dissertationis structured as follows:

In Chapter 2a thorough examination of the shetérm forecasting structure for time series
in the energy sector is presented and the main modules and processes utilineoistn
recent research efforts conductingegressionanalysis for the prediction of loaand
electricity price are discussed. The individual inspection of fitecesses that form
forecasting models in this research space enables the analytsie ohallenges that could
potentially hinder the performance of each module and denote speciBasmwhere our
research contributions could bapplicable.This chapter highlights the roles of the data
collection module, the preprocessing modultke forecasting frameworland the output
module, forming the baseline forecasting structufidarough the study of eachprocess
suitable approaches from the literature are highlighted for several prominent skant
forecasting scenarios where the intricacies of each task arailddt Furthermore, the
most prominent prediction evaluation techniques asatlined through the definition of
widely used error metricd.astly,an enhanced version of the forecasting process pipeline

is presentedsuggesting proposed adjustments that tdbenefit the initial structure and
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improve the forecasting performance of several forecasting tasks when one or more of
thoseadjustments are applied’hisenhancedversionof the forecasting pipeline is directly

connected to the research worlsesented in the following chapters

In Chapter3, the enhancement of the preprocessing module is studied through the design
and implementation of a fuzzy system that features a hybrid feature selector towards the
reinforcement of interpretabilityandthe reductionof the initialfuzzy dataset This system
follows the forward chaining Mamdani approach and utiliaesimproveddecision tree
linearization for the generation of a small and accurate rule baAdéitionally, the hybrid
feature selector combinesnetrics from extreme gradient boosting and decision tree
structures in order to derive a concise setimiportant features.Since severanachine
learning methods utilize neural networks and nedozzy systems foconsumerload
predictions and recommendations in energy management systérafficient processing

of additional fuzzy parameters such as weather data is an important step towards the
complete and accurateiscoveryof relationships between independent and dekamt
variables This discovery boosts the overall transparency of the model as the fuzzy rules
that connect the remaining features could clearly explain the values of neural network
parameters without the need to retrace every step of the computation pssce
Additionally an algorithmic approachfor rule base generation often speeds up data
processing methods in thecope as expert knowledge and briftece approachesould

no longerbe viable for highdimensional fuzzy dataset$urthermore robust feature
selection strateges are valuable tools towards dimensionality reduction, finding wide
application in mostshortterm load and price forecasting task# this study, the
fuzzificationof weather parameters enables the usage of the hybrid featuegestor for

the discovery of the most impactful featuséatesthat are strongly connected to consumer
load valuesAsa result, the performanceevaluationof this fuzzysystem showed that a
drasticallysmaller andslightlymore accurate rule baseould be generateat a lower time
framewhen compared to the baseline decisitee linearizationdue to theintegration of

the hybrid feature selector.

In Chaptes 4, 5 and § an indepth study of the forecasting layaddresses challenges and
research gaps istandalone, combinatorial and metaodeling approaches through the

analysis of several research workgst,in Chapter 4a study presentinga comprehensive

41



performancecomparison between muHiayer perceptronconvolutional neural network
and several long shoterm network structures on the task of minutely active power
forecastingaims to present the behavior of widely used neural network models on a
fundamental shorterm forecasting approach. This research wattempts to guide and
motivate research on similar tasks in the energy sector through the presentation of
prominent methodsand the examination of error metrics as well as training time. This
project shows that while théorecasting performance of neural network structures on a
baseline configuration does not exhibit drastic differences in terms of error metrics, the
training time and thecomplexity of each architecture play an important rote model
selection since load and price predictions in the sherin horizon need to be derived
within strict intervals of minutes dnours as the models get recalibrated in order to include
newly recorded sampled herefore, this studylenotesthat severd important decisions
that need to be taken in standalone modeling when model complexity, prediction horizon

and computingesource availability are considered.

Secondin Chapter 5a research project presenting a noestimator selection strategy for
ensemble learning models addresses theerall uncertain and often arbitrary inclusion of
base estimators in combinatorial modelirgince accurate sheterm electricity demand
forecasting is vital to the evolution of smart grids and the development of robust demand
side management strategies, the selection of estimators that are most compatilbe to
given input is an important tasioreover, it is evident that as the scale of the forecasting
problem increases and time series from a diverse set of consumers are utilizegeed

to transition from static and centralized standalone predictors to more adaptive and
generative approaadss that could manage the intricacies of those divela& distributions
becomes accrescent herefore, this research project is motivated the clusterbased
aggregateframeworkand introduces a flexible structural ensemble approach where the
base estimtors are selected through the crogxamination of error metrics from the
evaluation of peak and nepeak indies. The use case presented in this study shows the
intended behavior of this strategy since this implementation enables the generation of

ensembé models that achieve the expected performance boost in a deterministic way.

Third, in Chapter gthe impact of metamodeling techniques towards the reduction of error

metrics is explored through research project that introduces a shderm forecasting

42



model utilizing the combined effects of similarity and causality fortimistestimation of
load. Data abnormalities stemming from a nadeal data collection processuld hinder
the accuracy of estimators and the inherent diversity of client time seoeldcomplicate
the interpretation of relationshipshroughout the training processherefore, this novel
approach shows that the utilization of different input datasdts the estimation of
additional load time series components through long skierm memory ensemblesould
derive similar and causal data representatiolbese components angassed to a muki
layer perceptronwhich functions as a metprocessing estimation layer that derives the
target output. Our experiments indicated that the inclusion of this metadeling
structure in the forecasting pipeline and tbembined processing similarity and causality
features resulted in more performant models when compared to neural network

ensembles utilizigonly one output data representation.

In Chapter7, a research work presenting a novel a posteriori processing methodology for
shortterm electricity price forecastingased on residual error estimation addressks
research gaps derived from the undeitigation of error compensation systenis
combinatorial modeling and the lack of related hyperparameters in recent reviews and
benchmarksThe improvement of the output time series is the decisive final step towards
robust estimation in the energy secteince it enableshe derivation of more stable error
profiles and the emergence of useful evaluation parameters tbatild be used in
optimization processesThe proposed methodologutilizes a benchmark deep neural
network structure for the prediction of daghead electricity prices and enhances the
output module with thedevelopment of an autoregressive process tuned by several
information criteria for the reduction of the error coropent in the final price prediction.
Our experiments indicated that this approach yields improved error metrics when
compared to the baseline deep learning structure in several training scenanigbghe

refined predictions shared increased stabitityoughout the forecasting horizon.

In Chapter8, a comprehensive summanmyf the contributions is presented with additional
comments based on the results of our experiments that highlight the advantages and
disadvantages of the proposedethodologies Theintegrationof those methodsin future
energy applications and benchmarks is discussed and the overall enhancement of the

forecastingpipeline with the inclusion of one or more of those methods is addressed.
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Furthermore, the motivationdr future research work is included in this chapter dumttire
directions towards the expansion and the combination of the proposed methods are
analyzedwith examplesand use caseselevant to the research arsaof shortterm

forecastingand demand respons@a the energy sector
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Shortterm forecasting tasks in the energy sector focus on the processing of time series
data for the derivation of egthated values for the prediction of load aetkctricity price.

This forecastin@orizoncoverspredictions for ugo one week ahead with mongrominent

tasks targeting minutely, hourly and daily predictions. Pphedicted values for load and
pricecould reflect the expected value in that timeframe or the probability that summarizes
future events, expressed as a set of different outcomes. The estimation of the expected
values of load and price is commonly derived from tasks involving the approxmuites
mapping function which aims to interpret the relationships between input and output
variables. This forecasting approach is known as regression predictive mad€in®n

the other side of the spectrum, models predicting the occurrence of specifacomes and
categorizing time series in groups are typically designed as classification and clustering
tasks respectively. Classification tasks take advantage of labeled time series features in
order to assign a label to a new and unlabeled time sera&sed on common patterns.
These tasks could contribute towards the efficient association of consumer time series to
specific categories, formed by load and price policies, through the examination of historical
data and customer characteristigkl]. Clusteing time series tasks focus on the separation

of unlabeled time series and the discovery of distinct groups based on patterns, distance
and similarity metrics. Load and price forecasting models often utilize clustering in order to
discover groups of similaconsumers. Additionally, time series clustering approaches are
utilized for anomaly detection in power grids as well as energy marikets In this
dissertation we focus on the study and interpretation of relationships between the core
energy time seds variables of load and price and the independent influencing factors that
affect them for the accurate prediction ¢érget values. Therefore, weelectregression
predictive modeling as the base design philosophy for the presentatiomxaination of

the time series forecasting structure. Classificatzm clusteringmethodologiessupport

this structure indirectly as optional processing tasés supplementary forecasting tasks

when the time series data represent the consumption of @die consumer base.
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2.1Pipeline Overview

A hightlevel examination of the processes that contribute towards the development of
predictive regression models for load and electricity price time sel@esls to the
distinction of several modules that form the thafrom the construction of the input to the
prediction of the outputThe data collection module utilizesset of methodologies for the
collectionof raw dataand organizatiorof valuesinto time series featuresThe output of
this moduleisthe initial datasetmade available for regression research and development
This initial datasetonsists of data points indexed in time order and includes the target
variables as well as a plethorainfluencing factors. Thealuesof those factors coul@ither

be connectedto the target time series based on specific timestampsttwey could
independently characterize the entire time serid$e featuresobtained from the data
collection moduldypically include modime series characteristics such as trends, seasonal
and nonseasonal cycles, pulseps and outliers[13]. Additionally,dependingon the
quality of the data collection process, the initial dataset could have missing values, noisy

data and features that may not be strongly connectedhe variables of load or pridd4].

Some time series characteristics such as trends and segsattains are valuable for the
development of robust estimatoras their detection is an integral part of most models.
Sudden temporaryor permanent shifts in the series level resulting in pulses and steps
respectively could lead to uncertainty and poor nebditting when theunderlying events

are not properly explained-urthermore it is evident that the existence of missing values
as well anoisy andnsignificant features could increase forecasting error, resultinpor

load and price estimatiorit is also worth mentioning thahe initial dataseimay not meet
several compatibility criterighat satisfy the fundamental assumptions of a model sash
data distribution sample sizeand dataset dimensionsresulting in poor training
performance Additionally,the scopeof application forshort-term forecasting taskm the
energy sectors closelyconnected to thestudieddata structure. For example, modelsat
predict load values from a diverse set of consumers follaiffarent datastructurewhen
compared toindividual consumption predictionsModels aimed at larger groups of
consumergypicallyincludeload featuredor each consumer, increasitige dimensions of

the dataset and often requiring the application of clustering and classification methods for

optimal feature division.Therefore the initial datasetis passed tahe preprocessing
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module where a set oflata transformationsdecompositions andeature engineering
techniquescould be applied in order to finalize the dataset structurand providea
compatible data representatiofor each forecasting tasheoutput of the preprocessing
modulecontainsthe input and output features of the modelime series splitting strategies

are utilizedbefore any data transformation and feature engineertagk is executedin

order to split the input and outputfeaturesinto training, validation and test setgiven a
specified ratio.The training setypically contains the larger percentage of sampes is

used for thediscovery of patterns and relationships between features duringl¢aening
process.Thevalidationsetincludesa smaller percentage of samplesdis often utilized

for parameter tuning during trainingnd for the prevention of overfitting.astly the test
setoften contains a percentage of samples comparable to the validation set and is used to
evaluate the performance of thiorecasting models on unknown data after trainifidnis
performance evaluation aims to deriwenbiased metrics thatlenote the generalization
capabilities othe model as well as the magnitude of errbrata processing methodologies
aretypicallyapplied tased on the data available in the training samples in order to ensure
that information from the sets used for model evaluation do not influence feature
engineering decisions, hence eliminating the bias of involving samples that are supposed

to remain unknevn [15].

Followingthe data preprocessingthe resulting training and validation sets for input and
output features are passed to the forecasting framewofke forecasting framework
includes the estimation models as well as the supporting heuristics and algoritians
could reinforce model seletion, hyperparameter tuning and model fittingSeveral
forecastingframeworksin shortterm load and electricity price forecasting utilize a single
estimator due to recalibration andomputation power constraintdt is evidentthat newly
proposed models in this research space are rarely compared in terms of their
computational requirementsand their deployment in real world applications could be
uncertain due to the tradeoff between computation time and cofl6]. It is worth
considering hat complex standalone estimator structures and robust combinatorial
approachesmay offer marginally better forecastbut the overall benefitsfrom this
application may be lower than the execution cost of the model on more powerful systems

whenappropriate computational power is availabkdditionally, recalibration constraints
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mayhave an impact omodel selection in this forecasting horizon since new datddhe
sampled within short time intervals. Therefomaodels need to be executed faist order

to reflect the changes in the output based on newly received batches of san@piethe
other side of the spectrumgcombinatorial modeling typically utilizes copies of the same
estimator structure or several different estimators in order to pravichore accurate
forecasts. Combinatorial modeling is a caremponentof shortterm load and price
forecastingapproachesas novel approaches in this space could adapt better to a wider
range of scenarios and appropriately answer more complex researchigness the
learning process becomes more intrica@&yventhe previouslydiscussedonstraintsand
challenges, combinatorial approaches offer performant alternatives that reinforce
prediction accuracy through the simultaneouspessing of the same dataset or the partial

processing of different data segmerjtis/].

Theoutput of the forecasting framework could dete the estimated values of loaxt price

time seriesvhichare then visualized and compared to the actual values in terms of several
error metrics However recentload and price forecastingresearchdoesnot strictly utilize

the output of the forecasting model as the final estimate since therfprmance of
estimators could be improved posterioriwith the implementation of metanodeling
techniques anderror refinement algorithmsin this scope, he metamodeling module
often receivesthe outputs of the forecasting framework angenerates a subsequent
forecasting task on the same problem formulatidthen the metamodeling technique
shares the same structure as the forecasting framework, metaeling approaches
function as an additional pcessing layer for prediction refinemenHowever, the
integration of meta-modeling techniques issuallycoupled with several changes to the
forecasting frameworkin this scenarig the main forecastingmodel may utilize different
versions of the given dataset in order to derive intermediate predictions of time series
features,enabling the creation of the metmodeling input datasefThis new input dataset
may not reflect the estimated values of loadpricedirectly, but it may contain time series
features that express clegratterns that arestrongly connectedo the target output
variable.Therefore the goalof the metamodeling approach becomes the approximation
of the target output based on théatures extracted from the intermediate forecasting

stage[1§].
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Lastly, the output module includes the visualization and prediction evaluation tasks that
measure the overall performance and accuracy of the model. Reseayelxarsinethose
results in order tomake insightful comments towards the enhancement of future
forecasting approaches in the energy secf@8]. Furthermore, this module could be
considered as the second stage afposterioriprocessing asubsequent modelgould
utilize the estimated time series to extract and analyze the error component through
feedback mechanismgfter the completim of the above processes the model could be
deployed on real world applications and integrated into energy management systems.
Figue 2.1 presentsthe diagramof the short-term forecasting pipeline in the energy sector
after the distinction of the main modules and tasks presented in this seclioa following
sections analyze each modut@me by oneand provide a thorough presentation of the
prominentmethodsas well as a direct association of several challetigegscould have an

impact on the performance of each process.

Daia Collection Preprocessing Forecasting Framework

Madel Structure

Feature Standalone Combinatorial
Collection/Generation * Modeling OR Modeling

Error Refinement

Figure2.1: Process pipeline f@hort-term time series forecasting in the energy sec
Solid arrow lines denote the typical flow of information from the data colle
module to the predicted output and dashed arror lines denote the nratadeling

direction often followed in novel resech projects.
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2.2 Data Collection

The emergence of new and digital technologies has enabled the development of several
energy data collection strategies for theegistration and managemenbf essential
forecasting variables such as load and price as sedlexeral influencing factors such as
weather and geospatial dat&ecent shorterm forecastingmodelstypicallyutilize energy
enduse time series data obtained from administrative sources, surveys, metering
techniques and generative modelBhesestrategies could provide large amounts of data
to researchers for the study and development of effectareergypolicies as well as the
optimal control of energy demandConsequently,hie data collection modules an integral

part of shortterm forecastingmethodologies in the energy sector since the quality of the
available dataset often determines the level of processing that will folodthe level of
accuracy that is expected from a mod€&herefore, it is important to highlight the most
prominentsouces andprocessesnvolvedin energy endusedata collectionfor research
purposes denote the main advantages and disadvantafggseach one and evaluate the
impact of theseapproacheon the output dataset. Figure 2.2 presents the categorization

of data collection approaches andé following subsectionsanalyze each strategy,

providing an overview okidely usedpracticeq20].

Data Collection

Administrative . Generative
Surveys Metering . .
Sources -’ Collection
' /\ /\
Third-Party . . . .
Y Smart Devices Sensor Networks Modeling Simulation
Databases

Figure2.2: DataCollection Methods

2.2.1Administrative Sources
Time series features collected froradministrative sources are often provided by

governmental entitiesagencies operating at a national, stadéad local level energy

utilities and energy market participant$hesedatasetsoften includedetailedstatisticsfor
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energy consumptionprice and several macroeconomic parameters at high volumes and
flexible sampling rate§.he data is typically stored in databases and made availatdagh
websites and published reportsTherefore, the datasets utilized in forecasting
methodologiesare often obtained through direct access, data mining techniques and web

crawling approaches.

It is evident that there are several significant advantages inctiikection of energy data
through administrative sources. Firtite storageof datain databasesand theinclusion of

a wide range of parameteifer each record enables fast and castedive retrievalwhile
ensuringhigher quality standardsTime series samples are protected against duplicates
and the overall higher data granularity enables more complex querkigrgce boosting the
interpretability of featuresSecondtime seriescollectedfrom administrativesourcescould
provide better population coverage since the participating entities have the resources to
monitor the energy activity of a wide range of consumers and the usaggvefal building
types.The advanced monitorincgpabilities othose organizational unitsoupled with the
potential for realtime simultaneousdata collection from multiple sources through the use
of modernweb crawling tools often resulh the extraction of featurerich datasets that
capture complexelationships within the client base¥hesedatasetsare suitable for a
wide range of forecasting tasks depending on the sampling ratecaotti be utilized by
several different studies for the examination of a plethora of events in the erssgipr.
Moreover, sincethat data is provided by establishedsources in the energy domaithe
validity and integrity of the datas reinforced when compared to other open access

alternativesand synthetic datasets

On the other side of the spectrum, seaérdisadvantges and challengescould be
associated with data collection based on administrative soudtesmadeclear that the
resulting datasetsnay not always satisfy the needs of a specific research question directly
as the featurs and the records may be defined differently in order to meet the needs of
the providers.Therefore several processing steps may be necessary for the data to be
rendered suitable forforecasting modelsThisprocessmay slow down research output
significantly as a thorough data exploration is need@&lient and building identification as
well as feature association could be difficult challenges since the diversity of registration

formats leads to inconsiencies in data linking-urthermore,access to those datasets
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couldbe difficult and more timeconsumingsince bureaucratic proceduresay be involved
for the approval to utilize and modify the data for research purpogedditionally, third
party data providers may consent to the use of datis but the presentation and access of
that datathrough published worknaystill be limited or restrictedConsequently, research
utilizing those datasets could lead to irreproducible resahs conclusions that may not
be easily traceabléhence imposig more restrictions on future research efforts due to that

lack of transparencf21].

2.2.2Surveys
Surveys could be conducted for the collection of energy datader tocapture consumer

behaviors and patternsvaluable to energy demand managemensurveybased
methodologies could be divided into two commonly used types, the production and
consumption surveysProduction surveys primarily focus on energy supply and gather
information about fuel receipt, generatip production and shipmentConsumption
surveys gather endse energy consumption data from different types of clients and
buildings in order to cover several use cases, such as the examination of residential or
industrial load patterns throughout the yea8urvey design focuses on thesignationof

the optimaltype and frequency of data as well as the selection of an appropriate target
group in order to extract unique and unbiased samfiteseach use casédditionally, the
selection of an effective sanipg method coupled with a robust validation and
dissemination strategy could lmnsidered for the development of an insightful survey in
the energy sector.Surveys could be conducted through the traditional papased
guestionnaires andnterviews or through more modern methods such as website forms

and smart phone applications.

The utilization of surveyscould be beneficial towards the collection of energyated
featuresand the organization of robusshort-term forecastingdatasets sice there are
severalargumentsthat denote the positive impact adurveys in this research spadene
flexibility of structure and thancreased availability of survey methods resimtcost
effective data collection processes thaiuldtarget specific esearch questionand follow
the research scopelosely Sincethe overallscope of surveys tends to be relatively narrow,
data selection becomes more efficieritloreover, the types of questions answered in

surveys lead to a more natural interpretation of energy data that could boost the predictive
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performance of forecasting tasks after additional processkgptures extracted in the
form of linguistic variables or numericaalues that could be mapped to differefgature
statesenablethe utilization of fuzzy logic approachks the interpretation of relationships
through the derivation of fuzzy rule$herefore surveyfeatures could be used directly as
the input of certiin forecasting approaches or serve as complementary data that boosts

the interpretability of more complex models.

Surveysdd significant value tthe data collection module but there aeveral drawbacks

that need to beoutlined in order to fullyunderstand the role of these methodsirst
surveys could require a higher amount of available resources andrasied staff in order

to guarantee high quality dat&ince those prerequisiteare not always disclosed in the
final endpoint where survey data becomes available to research@ssyncertainty could
impact the overall interpretability of research effort§econd there is uncertainty
surroundingthe content of surveyresponses as some survey questions may remain
unanswered or receive incomplete and biased responses from the populdins results

in datasets thaimay containmissing values and sometimes noisy data, requiring further
processing in order to extract sable features.Furthermore samplingerrors such as
duplicaterecordsare more likelyto occur in survey data since the first layer of record
registration and storage may not be as robust as the one utilized by administrative sources.
Lastly, survey datanay have access restrictions based on data policies regarding data

protection, hence resulting in limited data availability for future research t42Rk

2.2.3Metering
Metering methodologies are becoming increasingly popafgroachedor data collection

in the energy sector as technological advances enahke use of sophisticated
infrastructures that are capable of measuring large volumes of energy Négtering
approachesrely primarily on smart devicessuch as smartneters sensors lighting and
plugsin order to extract features related to electricity consumpti@onsumer patterngs
well as several influencing factors such as environmental and weatherMataring data

is utilized in a plethora of forecastinstudies since the integration of these types of
equipment results in granular measurements that are suitable for direct use in-tdrant

and very shorterm forecasting taskslhese methodologies could contribute towards the
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enrichment of survey and modeling datasets, providing a detailed view of dynamic and

evolving environments through thexgraction of time series.

The contribution of metering methodologies and tlrerole in energy enduse data
collectionprocessewary dependingn the type of metering equipmenithe integration

of smart devicesuch as smart appliancaginforces the concept of the Internet of Things
and leads to the extraction ofeal time information, catributing towards the thorough
understanding of consumer pattern&mart devices provide direct feedback eoergy
applications and management systems as well as indirect feedbatiefdevelopment of
billing strategies and energy auditsurthermore, smart meterenablethe measurement

of electricity and gas related features, resulting in the efficient aggregated tracking of
energy demandlt is evident that smart meters record large volumes of data and often
expose user characteristicedt could be exploited by certain models. Therefastrage,
security and privacy risks need to be addressed for optimal smart meter data collection.
Moreover, wireless sensor networksmart thermostats and smart lighting contribute
towards direct metemg methodologies thatollect environmental features anttack
heating and cooling parametersThe examination of influential variables such as
temperature, humidity and light intensity isrucial for the development of robust
forecasting models since thegupport the estimation of loadnd contribute towards
improved decisiormaking Lastly, smart plugs provide a simple data collection pipeline
that involves consumption and voltage measurement through hardware and data

organization through a management glarm.

Moreover, it is worth mentioning that there are severahallenges and drawbacks in
metering data collectiomethods.First, the high cost of equipment and maintenance often
limits the implementation of largscale infrastructuresConsequently the resulting
datasetsoften targetthe consumptionpatterns of smaller groups of clients and monitor a
limited set of building. Additionally, the datasets produced by sensors and smart meters
often have high storage and processing requirememnesidering someshortterm data
analysis tasks infeasible due to the lack of computing pamelrthe difficulty of deriving
results withn short time intervalsHowever technological advances in the energy sector
should lead to more costffective solutions for infrastructures that utilize metering

devices resulting inthe largescale utilization of smart meters and the availability of
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resources for big data processirfgurthermore, advances in distributed computing could
address the computational burden of sensor data through the development of
decentralized modelsSecond, the quality of the resulting datasetis not guaranteed as
there is a possibility toencounter missing values and noisy featurekie to data
interruption, corruption and interception risk¥herefore quality assurance criteria need

to be examinedbefore the datasets are made available for research and energy

applicationgn order to reinforce reliability23].

2.2.4Generative Data Collection
Shortterm forecasting tasks in the energy sector often require large @ of data in

order to study specific use casasd analyze the complex dynamics of energy systaemas
energy marketsSincethe requiredfeaturesthat addressa specific research question need
to be strictly definedvithin the research scopéhe data provided by most wethown data
collection methodologieseeds to be suitable for the formulation of the research problem
and contain a sufficiemumberof sampledor the developmentand validationof robust
forecastng modelsHowever severalthird-party data collection processes follow policies
that maylimit or restrict data accessontributing towards the scarcity of suitable datasets.
Additionally, theavailable data provided to researchers in the energy seotay not
always follow ideal data colldon processes, resulting in poorly structured datasets that
contain a low number of samplel.is also worth noting thatvhen smaltr datasets are
considered for specific forecasting tagkue to their high compatibility withe research
scope, the need to perform larger scale tests for the examination of scalability often
requires dataset expansionTherefore generative data collecton methodologiesare
utilized in order to address the challenges surrounding the ovedificulty of obtaining

high volumes of suitableigh-quality data.

Generative approaches mainly rely on models and simulations in order to increase the
number of sarples from an existing dataset, combine smaller datasets cohesively and
generate data approximations for a given research task when no data points are provided.
Modeling methodologiestypically receive an input dataset and based on a set of
assumptionsmultiple processing cyclagenerate output sampleshistype of generative

data collectionis often utilized for the expansion or combination of smaller datasets since

the required set of assumptions assated with the data distribution andime series
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characteristics could be easily derived from the seradets of sampleq24]. Simulation
processegypically generate datasets based on a set of parameters that denotanitie
state of the environment under studys well as its evolutioaver aspecifiedperiod of time
[25]. It is evident thatsimulations add significant value to data collectiamcsithey could
producehigh volumes of data without the need of an initial input dataset and offer more
flexibility in energy researciResearchers could explore a plethora of scenarios through
simulations given the deterministic process that sets the pweter valuesresulting in
faster and more robust experimentdoreover, hybrid approachescombiningmodeling
and simulation structuresould provide increased flexibility in the selection of input and

the finalization of environmental parameters.

A hierarchicalcategorizationof generative approaches based on thge of input data
utilizedin thesedata collection process distinguishes twdypes of methodologies, the
top-down and bottomup methods The topdown methodsutilize aggregatdeatures in
order to produce more samplethrough the estimation of energy variables such as the
energy demand, whereas bottonnp methods utilizedisaggregated inpu{26]. Since
aggregatanput featuresmay not express the behavior of the individual components of a
systemaccuratelyand disaggregatedhput data may not always comply tall general
restrictions of the systensimultaneously the generated output samples may contain
inconsistenciesas the target generated featurevalues may be overestimated or

underestimated.

The generation of samples for the creation, extension and combimafidatasets involves
several risks that could have an impact on the performance and integrity of forecasting
models. First, it is clear thatmodeling and simulation approaches operate through the
execution of several processing stages in order to proreddily available data that could
easily be integrated in tevant research task3herefore, the quality of the data is directly
dependent on the accuracy of thaerocessing tasks. Additionally, the availability of the
generated samples is dependeoh the complexity and the response time of the models.
These dependenciemdicate that suboptimal and poorly designed processing tasks could
negatively impact the generateshmples, compromisingpe quality of the output dataset.
Furthermore,it is worth noting thatthe development and implementation of a robust

processing pipkne is a timeconsuming task that could delay research outf&econd, the
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dependency of the modeling approaches on data assumptions and the dependency of
simulationson environmental parameters require expert knowledge and a thorough
examination of edgeases in order to reinforce reliabilitfhese dependencies introduce a
level ofuncertainty sincehe studied environments in the energy sector are dynamic and
rapidly evolving.Lastly,transparency and traceability risks coutdnerge andhave an
impact an the integrity and reproducibility of research projects due to th&icaciesof
processing tasks. Thereforesearchon the field should include a comprehensive overview

of the processing tasks utilized for data generatiororder toreinforcethe clarity of the

presented work.

2.3Processing

The processing module is one of the most important components of $bort time series
forecasting approacheis the energy sector since the dataseteds to beappropriately
prepared for model traning. The dataset derived from data collection methodologies
needs to be compatible with the data format of a studied model in terms of structure and
address all model requirements for optimal performanaeditionally, the datasetneeds

to include usefufeatures thatare relevant to the studied research questions auild
boost forecasting accuracylherefore in this section we examine the primary tasks
involved in time series processing for forecasting tasks and discuss about their mnpact
the research pipelineand the respective challenges that may ariSéhe following
subsections present an overview @#ta cleaning, featre representation, data splitting,
transformations and feature engineering approaches sihese are the prominent tasks

executedin this module.

2.3.1Data Cleaning and Feature Representation
The dataset derived from data collection methodologies may incluaéssing values

duplicate data points and errors depending on the quality standards of the data collection
process.t is often observedthat the datasets made available for reseanohthe energy
sedor have undergone a data cleaning procasshe source in order to boost data quality
and reduce the effects of erroneous samples, howeverghisesscould also bexecuted

by the researchers the dataset is still poorly structured.
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2.3.1.1Missing Values

Missing data and missing components of aggregate features beud@tected and omitted
from the initial dataset for simplicity or could be replacadth more useful samples
through data imputationWWhenthe missingrate islow, typically béow 5%, the deletion of
missing data may not have a significant impact on dataset qyalityOn the other side of

the spectrum, data imputation is preferred when the missing rate is high since the datasets
would be incompleteand the task of learning esumption orelectricity price patterns
would not be possibleTherefore,severaldata imputation methodswere developed and
used frequently towards the improvement of energy time series datasddse of the
simplest categories of data imputation methods attempts to replace the missing samples
based on information available in neighborisgmples.Theseapproachescould utilize
simple duplication strategiesin order to carry the last observation fiward or the next
observation backward. Alternativelyvhen rangesof past and future neighboring data
regions are considerednterpolationtechniques based on linear and nonlinear structures
could be utilized to impute missing valuésirthermore, robusheighborbasedmputation
methods take into consideration the aspect of local similarity and based on extensive
examinationof similar datapoints through weltknown clustering approaches such as K
nearest neighborand DBSCATftiey update missing values with the mean value of similar
neighbors. Moreover, constraintbased imputation methods attempt to discover
dependencies and rules between spiesin order to form a set of constraints that could
regulate sample replacemenfheseconstraintscould be derived from similarity and
distance metricas well as graph structures and networkbiscategoryof methods could

be accurate and timefficient but could also be restrictive at a larger scale since the
constraints may not reflect the entirety of dynamics found in real world consumption and

energy market dataset®8].

Efficient data imputation could sb be achieved throughearningbasedmethods since
several subcategorieuld be identifiedeaturingrobust modelsFirst, the subcategory of
statistical methods often utilizes traditional data fitting approaches as weltodsg
statisticsand the use of mean value order to derive suitable data pointonsidering
historical and future data region§econd, regreson models utilizehistoricaldata and

neighboring data points in order to formulate forecasting modelsthe prediction of
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missing valuesMore recent learningbased approaches utilize neural networks the

development of more sophisticated data imjtion models. The most prominent neural
network structures used for this task are the mddtyer perceptron, generative adversarial
networks and severatecurrent neural network architectures coupled with the gated

recurrent unit model (GRU) for the pregsing of longerm data dependencief29].

Alternatively, methodologies utilizing collaborative filtering could also be useful for data
imputation since matrix decomposition models could extract features from the original
dataset and based on correlation metrics reconstrdube original data matrixby
completing the missing value80]. Furthermore, expectationmaximization methods
could be applicable to data imputation tasgsice new data samples that fit the original
data distribution could be derived from the iterativening of model parameterst the
maximization sted31]. It could easily be observed that more powerful data imputation
processegould lead to the development of tirreonsumingstrategies that may include
the formulation of subsequent forecasting tasks. Therefeveecutiontime shouldbe an
additional concern for shotterm and very shorterm forecasting pipelines as model
recalibration could become slowavhen new samples that include missing values pass

through more complex data imputation structuresch as deg recurrent neural networks.

2.3.12 Erroneous Data

Apart from missing values, data cleaning methods address the challenge of erroneous time
series data through several types of error correction algoritimmader to derive less noisy
series with fewer outliersThe selection of error correction method depds on the type

of erroneous data and it is possible that multiple methods could be utilized simultaneously
towards the improvement of the dataselime series datasets typically include continuous,
single point and translational error€ontinuouserrorsreferto abnormalvaluesin multiple
consecutivedatapoints. This type of error typically occurs due to noise or malfunction of
metering equipment. Additionally, supporting features such as geospatial data could
exhibit continuous errors due to iatruptions in data transmission or partial data
corruption. Single point errors refer to isolated data points that have a small or large
distance from the true value. These errored samples could be identified as ousilees

they may noffollow the patterns in the time serieslhe existence of continuous and single

point errors is common ienergy time series surrounding the study of load and electricity
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pricesince the study of consumption reflects the potential instabilities of the smart grid as
well asthe dynamic client habits and the study of electricity priedflects the volatile
nature of energy pricindue to several phenomena suelsrenewable energy penetration
and energy market dynamic&astly, translational errors could occur due to the poor
alignment of timestamps, resulting in a suboptimal arrangement of featsirese sample

values within the same row may not correspond to the same timestep for every feature.

There is a significant evlap between missing value data imputation methods and
erroneous data processing approaches since the improvement of the time series data
dependson the optimal replacement osamples. Therefore, prominent error value
cleaning methods could be classified smoothingbased, constrairbased, statistics
based or in the wide category of anomaly detection algorith@moothingbased methods
attempt to reduce noise through low frequency filteringmoving averageand
autoregressive processddowever, the apptiation of these methods is not extensive since
the risk of data distortion after smoothing could lead toecreased confusion and
uncertainty in model formulation.Constraintbasedmethods focus on thealetection of
several types of dependencies in order to derive rules that could refine the values of
samples.These dependencieare typically detected fronthe order of samples, thealue
difference in consecutivelata samplesthe speed of value changemd the temporal
structure denoting causative and dependent behaviofsurthermore, statistical
approachesoften include maximum likelihood estimationMarkov models binomial
sampling and probabilistic models for the discovery and examination of patterns i
historical data, resulting in the estimation of values that could optimally replace specific
samplesMoreover, anomaly detection algorithms utilize a plethora of learning structures
such as long shoterm memory networks, generative adversarial netwsrkand
autoregressive moving average models in ordeidentify and repair data abnormalities

of sequences as well as standalone samgdlestly, dynamic programming awkstance
basedclustering approaches are utilized towards the mitigation of translational errors and

the optimal alignmenof features[28].

2.3.13 Feature Representation
Thestructure of featuresand the way they are presented within a datasetuld provide

significantbenefits to data exploration, research problem formulatiand forecasting
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model designsince the clear representation of time series variabdesl the detailed
description of influencing factoneinforce interpretability andccould contribute towards
the efficient discovery of pattern®ptimal feature representation techniques shift the
complexity from the forecasting framework and the individual model to the examination
of features. In the engy sector, thiss an important task fomostforecasting models due

to the complex dynamics that exist in smart grids and energy madeetgell as thavide

set of influencing factors that affect client consumptio@onsequently,two main
categories of fature representation methods could be identified. The first category refers
to contextual representation methods that attempt to altexisting features and introduce
new ones in order to enrich or compress the contents of a datakdtowing the
specifiations of the research task closelyhe second category refers to structural
representation methods that mainly alter existing features in ordeatcommodate the
assumptions and the computational path of specificecastingmodels.Both categories
are valuable for data processing and it is evident that a combination of techniques from
those representation method sets fgpically utilized before further feature processing

tasks are executed.

Contextual feature representation methods operate as preliminary feagngineering
and selection layesin order to expand or shrink the available feature space in ways that
increase the compatibility of features with the scope and goals of the reséaskieature
representation methods focusing on feature space expansion typically include
disaggregation, fuzzificatignstatistical and temporal enrichment Disaggregation
techniques areprimarily utilized for the decomposition of existing features intaore
detailed components. These methodsmmonlyapplyunsupervised learning methods

well asedge detectiorto generalconsumption data in order to isolate appliance tig@&s

and denote events in the studied environmeAdditionally, fuzzification techniques could
be appliedin order to generate a new set of linguistic variables from an existing feature.
Fuzzification is suitable for features thakescribe nondeterministic quantities with
uncertainty such as influentialeather variablesThe resultinguzzified features describe
the degree of membership that maps the original value to the linguistic vasabtesting

the overall interpretability of the datasef32]. Furthermore, statistical and temporal

enrichment desgbes the process of feature space expansion through the inclusion of
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additional statistical and temporal variables extracted from the original data$es.simple
process typically involves traalculation of rolling statistics such as rolling mean and the
inclusion of lagged variables that could describe load or price historicaladaliéferent
time steps It is worth noting that temporal enrichment could alsefer to the inclusion of

simpletime variables extracted from timestamps such as the hour or the/ 8i8ly

On the other side of the spectrunfieature space shrinkage may be necessary in some
forecasting tasks since low dimensional datasets containing fewer features that summarize
the fadors affecting the target variables concisely may result in simpler and easily
interpretable models.Contextualfeature spaceshrinkagetypically includesaggregation
tasks.Aggregatiorapproachesitilize simplemathematicaimodels statistical methodsnd
unsupervised learning algorithnirs order to summarize features given a specific research
direction[34]. For example, total demand and price forecasting tasks as well as client group
consumption analysisften require the summatiomf load or price features from multiple
sources and the organization of clients into distinct groups based on their common

characteristics.

Structural feature representation methods focus on alternative dataset organization
approachesuch agime seriesencodingand somedimensionality reduction techniques in
order to derive an equivalent dataset structure that describes existing variables differently
based on assumptions and observatioriEhese methods attempt to increase the
compatibility of the availble dataset to the studied forecasting structure without
significant compromises in data qualitigncoding techniques exploit existing structural
characteristics of some featutgpesin order to derive more detailed representations that
express a more aocate mapping of those features to time series daRrominent
approaches in time series encoding are v, cycli@aland radial basis function encoding.
Onehot encoding typically targets categorical influencing factors and -tieteted
information forthe introduction of dummy variables that have specific valaely in the
rows where the mapping of the sample to the variable is validnsequently, the
introduction of those sparse features may lead to reinforced interpretability and
robustness when copared to the original nossparse representatior[35]. Cydical
encodingmethods acknowledge the continuity of some variablaed transform them

utilizing trigonometre functions such as sine and cosimbis transformation couldlearly
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exposeperiodic patterns in an easily interpretable way that could simplify the training of
some forecasting modelf36]. Radialbasis function encodingnethods utilize distance
metrics in orderto derive curves that denote the closeness of each sample to afspeci
value providing the model with clear relationships of the features to crucial reference
points[37]. The role of @dmensionalityreductiontechniquesin the feature representation
stageremains simplistic sinceomplex transformationghat reduce the shape of features
typically need to be applied after data splitting in order to use onlytth&ing data as
reference. Thereforedimensionality reduction methods in this scopgtend themain
principles of aggredmn tasksthrough the inclusion of compression and vectorization

strategiesthat could boost pattern visibilit}38].

2.3.2DataSplitting
An important step in dataset processing is thgglementation ofdata splittingstrategies

since there are several benefitontributing towards forecasting model robustness and
evaluation fairnessTwo main data splitting directions can be identified in forecasting tasks
in the energy sectorThe first direction refers to data splitting foreéhpurposes of model
training and evaluatiogiven general design guidelines for optimal forecasfinge second
direction refers to problenspecific data splitting in orddo derive several datasets that

could be processed separatdlpm the same forecdsg framework.

Training and evaluation oriented data splitting approaches are mandatory in most
forecasting tasks in the energy sector since they express the general learning procedure
where a model receives a specific set of samfilatare consideredsknown datan order

to tune its parameters in a way thathen new samples considered as unknown data are
given as input, the predicted output of the model is cldeethe actual values in that
unknown data segmeniTherefore, data is typically split inteaining set, a validation set
and a test setThe training set represents the known data segment given to the forecasting
model for pattern discovery anmhitial parameter learning. The validation s&tpresents

the unknown data segment used for tlo@timizationof estimator parametersLastly, the

test set represents the unknown data segment utilized for estimator performance
evaluation.This data splitting process is often executed before any daastormations

and feature engineering techniques are applie@onsequently, feature processing

methodsthat aim to alter the properties of a datasate applied based on training data
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samples in order to eliminate biaShortterm time series forecastingasks in the energy
sector often require several years of historical data for model traiaimg) utilize the most
recent years of data samples unknown datdor parameter tuning and performance
evaluation.The dataset is split based on a specified splttratio. The most commonly
used ratios in the literature split the da&0%10%10%, 70%15%15% or 60%20%20%

for training validation and test sets respectively.is worth mentioning that many
methodologies in this research space unify the validabmd test setsThis unification
leads to the identification of distinct model evaluation strategies such as holdout validation
and crossvalidationthat will be analyzed further in the examination of the forecasting
framework and theoutput modulesince the processing module focuses on the role and

structure of the training modul§39].

Problemspecific data splitting approaches are applied on the training, validation and test
set equivalently in order to deriveseveral smallerdatasets of explicity specified
dimensionsDatasplittingapproaches in this scopéten address research tasks that utilize
load data fromdifferent types of clients and electricity prices from different sourddse
main goals of those methodseto create wellseparated datasets that coulte passed to

the same model or to several different models within a forecasting framework in order to
estimate the values of target variables partially or to provide different output
representations depending ro the structure of the input.Consequently clustering
algorithms such as-keansare utilized for the segmentation of the datasdbased on
distance metrics.This data segmentation could enable diverse and localized data
processing and feature enrichmergahniques as the unique characteristics of each data

segment could be exploited for performance improvempgta.

2.3.3DataTransformations
The separation of data into a known training segment and unknown validation and test

segments enables a series of impactful transformations dipéitnizeand rescalehe input
based on the manipulation ofime seriesproperties for efficient processing in the
forecasting frameworkThesetransformationsare appliedto the training data sement

and the unknown data segments arsubsequently transformed based on the
transformation principles of the training set in order to avoid bias and data leakage.

However, tansformedinput datasampledeadto the derivation of transformed predicted
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output samples that need tde reverted back through the application of the inverse
transformation for performance analysigdditionally, 1 is evident that some research
efforts may utilize only a small number of dataransformations based on model
requirements or no transformations in order to minimize the impact of processing
performance benefits whilesolatingthe forecasting structurdéor performance evaluation
Therefore while there isalargeset of datatransformations for time series data that could
be suitable for forecasting tasks in the energy sectbere areonly afew prominent
methods thatare utilized situationallyThe most widely used methods discussed in this
section include power transformins, differencing techniquesstandardization and

normalization.

It can be observed that due to the complexity of consumption pattemdsthe occurrence
of seasonal trends in load amdectricity priceobservations energy datasetsay include
non-stationary features as the mean and varianskift over time. Consequently the
availabledata may not follow a normal distribution and the overall instability caused by the
increased variance values could affect the performanceoofie statistical and machine
learning forecasting model#s a result, power transformations could be utilizeasider

to stabilize variance and reinforce clarity in feature correlation analf&l$. These
transformationsapply a set of power functions that attempt to nullify the effects of the
trend based on the function that best explains the shift in varianceekample the effects

of quadratic trends could be stabilized through a square root transformation and
exponential trends could beeduced or removed through a logarithmic transformatidm.
this scope it is worth mentioning thatthe boxcox power transformation utilizes the
exponent lambda _ as a decision variable in order to detect the appropriate power
transformation for a given time series resulting in an optimal approximation of a normal

data distribution through the formula

w o p o, 2.7

€
S S
4 =

The impact offiends and seasonalithhat render time series data nestationarycould also

be addressedhrough theutilization of differencingransformationsthat help stabilize the
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mean valuesDifferencingmethodscalculatethe differencedtime seriesby subtracting an
observationat a pasttime stepd € from the current observatiomt timestepo. Sincethe
timestepdenotingthe previoussampling intervais typically utilized for the calculation of
the differenced serieg;, usually takes the value of Howeverthe value ofe depends on

the temporal structure as well as the problem formulatiéurthermore differencing could

be applied multiple times when the trends are nonlinear in order to eliminate any
instabilities that may still persistThe inverse operation involvindhe addition of the
previous observation is applied when the predicted series needs to be converted to the
original scale for performance evaluatipf?]. Given the observed value of the time series

at time 0 denoted asw 0 anda previous observatiod 0 ¢ , the differencingterm at

time 0denoted asQ "Q"@"@anbe definedby the formula

QA0 ©O “o & 2.2

Energy datasets usually contaiime series features of different units with values at
different scales. Therefore, these independent variables may not contribute equally to
regression analysis tasks aoouldlead to biased predictionas they may follow different
distributions As a result, the performance of models that assume a normal feature
distribution such as linear regression and support vector machines could be affected
negatively Standardizations the suitabledata transformation method that could provide

a solution to this problensince the time series features are modified to have a mean value
of 0 and a standard deviation of 1, following the behavior of a standard normal distribution
[43]. Giventhe meanvalue’ andstandard deviation valug of time series featurswith
values denoted am 0 at timestepo, the standardized time series values denoted a% @

could be calculated through the formula:

wo (2.3

Moreover,in scenarios wherthe data distributiormaynot be knownand thecontribution
of features is affected by their value rangbe scale of time seriesould be adjusted in
order to accommodate¢he assumptions of some machine learning methodologies such as

neural networks tharequire an appropriate data scaling strategy for the effective usage of
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activation functionsConsequentlythe normalizationtaskis appliedin order totransform
the data and bring all samples within a common value rafgeicallythe preferred range
for data scaling is between 0 and 1. Tvigcesds appliedto the training set and based on
that scaler, the remaining validation and test sets are sfarmed accordingl{44]. Given
the values of time series observations denotedus at timestepoas well as the minimum
and maximum values of the features denoted @& and & @ o respectively the

normalized values i @ could be calculatethrough the formula:

0o & Qi 2.4
G b 6 0w

2.3.4Feature Engineering
Feature engineering taslexpandon the principles of feature representation and feature

transformation processes in order tierive new features, select the most appropriate ones
for a given model or modify existing onesan attempt at finalizing the input dataset based
on the propertes of the training dataThese tasks focus more on the improvement of
prediction accuracy and convergence timetloé forecasting model andould be utilized

for the development ofa research projecbased on the lowevel inspection of the
forecasting famework. Three categories of prominent feature engineering tasks are
presented in this sectiorlhefirst categoryrefersto feature decomposition approaches
sincethe componentwise analysis may benefit the forecasting performance of some
models.The second category refeis feature projection techniques since the mapping of
the feature set could expose specific characteristics that may be valuable for training or
provide solutions towards dimensionality reduction, resulting in faster convergence times.
Lastly the third category refers to feature selection tasks that evaluate the significance of
features and derive a set of the most important ones for the prediotiof the target

variable.

2.34.1 Feature Decomposition

Feature decomposition approaches focus onéhé&action of recurrent and norecurrent
time series componentRecurrent time series components in the energy sector mainly
consist of the average value lofad and priceincreasing and decreasing trends as \asll

shortterm cycles repeating throughout the year that denote a seasonal pattern in
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consumption, electdity transactions ootherinfluencing factorsuch as weather datd he
primary ron-recurrent componentconsidered in this decompositiomefers to noise that
could be present duéo irregularevents and poor data qualitlternatively, he average
value of the time series including arandomfluctuations that could occur due to the effect

of noise could be treated as thresidualcomponentwhich denotes the values that remain
after the extraction of the trend and seasonal comporgefithese components could be
processed individually for robust estimation wtilized for parameter tuningand model
selection Decomposition approaches mainly consider an additive or multiplicative
relationship between the componentsAdditive decomposition isuitable for datasets
where a changan the average value of the series for a specific time period is not
proportional to the variation exhibited in the trend and seasonal componémisen the
variation of trend and cycle are proportional to the time series level, a multiplicative
decomposition is preferredThe formulation of a purely additive or multiplicative time
series decompositioomethod is usually preferred for simplicitsiven a specific time
period o, atime seriesw, a seasonal componeil, a trend componentY and the residual
seriesY, classical additive and multiplicative decomposition could be formuleétexzligh

the respective equations

O Y Y 'Y (2.5

® Y Y'Y (2.6)

However, additive and multiplicative relationships between components could co&Rist.
phenomenon coupled with the need toontrol how fast each component changesd

handle outliersefficiently lead to more decompdgin methods that extend th&nowledge

of the classical additive and multiplicative approaches such as the Seasonal Extraction in
ARIMA Time Series (SEAT®) X11 and the Seasonal and Trend decomposition using Loess
(STL) methodgts].

2.34.2 Feature Projection
Feature projection techniques focus on the derivation of alternative time series

representatiors that contribute towards dimensionality reductiomd efficient context
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dependent decomposition whilamproving the efficiency of time series clustering
approachesand enabling the application of sophisticated feature selection methods at a
subsequent stepOne of the most prominent methods in this research space is principal
component analysis (PCA) which is utilized for the extractitewetlimensional dataset of
uncorrelated components thamaintain a high percentage of the variantmnd in the
originaldata. This method utilizes an orthogonal transformation in ordemtap a high
dimensional dataset to a smaller set of components through the examination of the
variancecovariance matrixThe algorithm of PCA was modified to accommodate several
time series forecasting tasks in ith researcHield andseveralother alternative methods
focusing on differentaspects of feature engineering were subsequently develdgéil
Piecewise Vector Quantized Approximation is an equally important technique in time serie
dimensionality reduction as firovides a symbolic representation of time sertesough

the mapping of sequence segments based on distance mefrids. methodcould also
enhance similarity analysis and clustering tasks fabust feature selection [47].
Furthermore, methods such as thatbchasticneighborembedding (tSNE) are adapted to
time series in order tovisualize datasetgontaining consumption or price data from
multiple customersat alow dimensional spacand validate the efiency of time series
clustering before the data is passed to the forecasting m@digl. Time series clustering
results could also be enhanced throughe Uniform Manifold Approximation and
Projection method (UMAP) by providing a topologidata represenation strategy[49].
Moreover, Singular ValueDecomposition (SVD)could be utilizedfor dimensionality
reduction as well as separation of random effects that could cause noise for further

examination[50].

2.34.3 Feature Selection

Feature selection methods utilizeportancemetrics and visualization techniques in order

to reduce the total number of featureand derive the set of the most significant ones.
These techniques reduce the dimensions of the dataset and could lead to improved
forecastingperformance as features that could have a negative impact on the training
process and the generalization capabilities of a model are not inclieiedxampleshart-

term load predictions could benefit from the detection of important environmental

features such as temperature and electricity price predictions could be improved if the
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exogenous variables directly connected to price volatility su¢helxosts andystem load

areincluded in the input dataset

It is evident thatseveral dimensionality reduction techniques discussed in the previous
section as well as clustering methodologies contribute towahgsselection of impactful
features.Methods that focus othe mapping of features to a low dimensional space such
as PCAcould provide insightful information towards the identification of important
features through the examination of coefficientsed to combine the datasetolumns
Higher coefficientvalues denote increased importance of the candidate features.
Additionally, clustering methodologies reinforce feature similarity through distance
metricsand focus on the inclusion of features that match a set of criteria while removing
less relevant colmns. These methods provide an indirect quantification of feature

importance that depends heavily on data structure.

On the other side of the spectrum, modeling methodologies and importance scores provide
a more direct quantification of feature significance and result in the straightforward and
simplified understanding of the data that could subsequently lead to a better
understandingof the forecasting modellmportance thresholds are defined based on
research assumptions and performance expectations. The features that are connected to
weights or importance scores below the specified thresholds are elimin&ede shar

term forecasting tasks in the energy sectuilize supervised machine learning regression
techniquesthe coefficients of those models could be used as direct indicatofsabéire
importance. Therefore,widely used feature selection strategies involiging a simple
model such as linear regression on training time series samplesder to derive the
weights that denote the significance of each featukdditionally,decision treebasedasks
adapted to regression methodologienuld be utilized for importance evaluation and
feature selection since importance scores could be extracted based on the reduction of the
criterion that evaluates the quality oflecision rules leading to splits in théwsture.
Consequently, simple decision tigerandom forest models or more sophisticated
stochastic gradient boosting algorithms such as XGBustl retrievefeature importance
scoresGeneralizing the process of deriving importance scores leads iofflementation

of permutation techniques thatould utilize any model as the base structure agiven a

variable combination of features, the importance scores are derived from the iterative
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performance evaluation of the moddPermutation approaches enabthe development
of highly complex model structurdmit the size of the feature set and the training time of
the model impose restrictions in terms of time complexity that could render these
approaches infeasible for sharm forecasting pipelines.More robust feature
importance methods typically utiliza combination of simple models and derive the

optimal set of features based on the siexamination of importance scorgS1].

Furthermore,influential featurescould beselectedthroughthe examinationof causality
Statistical hypothesis tests such as the Granger causality test take into consideration the
evolution of time series varidés and attempt to express a causal relationshigtween
featuresunderthe principles that a causal series happens before the feature that expresses
the effectand the causal series contains unique and useful information about the effect
series.The examination of causality as a feature selection technique is valuableotb

term forecasting methodologies in the energy sector siheeinterpretation of eventshat

could cause fluctuations in the target variables of load and price could be clearly identified
through a smaller set of featurd$2]. Additionally, an equally important criterion that
contributes to optimal feature selection is the quantification sifnilarity. Since the
regression tasks thatre based omlataextracted from diverse customer sets and different
building types is often clustered before forecasting, distanuetrics could support the

identification of the €atures that are more closegonnected to the target variablb3].

Time series datasets in the energy sector may contain influential factors that are not
derived from the target series as well as features that represent the target series at a
previous time stepknown as lagsThe previouslyliscussed feature selection tools could
have general applications on all types of features. However, the examination of correlation
is often considered as one of the most prominent processes for time series feature
selection wherlagged segs are included in the dataseforrelation denotes théype of
association between two variables positive, neutral or negative, depending on htve
values of those variables changeositive correlation denotes a change in the same
direction for bothfeatures neutral correlation denotes the absence of relationship as the
values of the variables change and negative correlation indicates that the values of the
variables change in the opposite directidine detection of significant correlation between

an influential feature and the target variabuld be valuable for the improvement of
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model performance as the inclusion of this feature could strengthen the expression of
patterns and relationships in the datddowever, orrelation between independent
influential factors could be an indicator ahulticollinearity, leading to unreliable
forecasting performance. Consequently, some features may need to be elimiimabedier

to avoid this riskCorrelation could be used to study linear relationships in time series
features under the assumption of a normal distribution and the absence of outliers through
the calculation of Pearson correlation coefficients. These coefficeoi&l be calculated
based on the covarianc@ ¢ and the standard deviation of the featureg54]. Therefore,

given variablegb and @, the Pearson coefficient is calculated as follows:

® & (2.7)

Moreover, the study of nonlinear relationships based on data that may not follow a normal
distribution could be conducted through the calculatioh the Spearman correlation
coefficienti that considers the covariance and standard deviationhaf tanki of
values in each featurfb5]. This alternative correlation coefficient is calculated based on

the formula:

GE DR 2.9)

The values of the coefficients range fronp to p with p denoting perfect negative
correlation andp denoting perfect positive correlationThe study of correlation could
provide significant insights in the examination of lagged time series featuris.
autocorrelation plot is utilized in order to present tkerrelation values for the time series

at different time steps and a confidence interval is specified, denoting that correlation
values outside of its boundariese statistically significanhe autocorrelation denoting

the relationship between a time series feature and a shifted versfdhis seriesat a prior

time stepcontains the direct correlation between them as well as the indirect correlations
that could occur due to intermediatentie steps.This information could beomplex and

for the purposes of feature selection the isolated correlation between the series and the

lagged version may be neededorder to form the decision to keep or eliminatesttagged
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series from the feature setTherefore,the partial correlation could be calculated and
plotted in order to examine this relationsh6]. These computations and visualization
techniques contribute towards more robust statistical and machine learning models since
regression tasksithe energy sector typicalipcludelagged series for the target variables

of load and price in the feature set.

2.4 Forecasting Framework

The forecasting framework is the comgodule of every forecasting process since it is the
main componentfor model design and developmerithis module includes the selection
and implementation of forecasting algorithms as welsageral processes ftine tuning of
hyperparameters and the optimal traininef the modelsbased on known observations.
Theestimated arget variables are provided as the output of this modulenterpretation,
performance evaluation and subsequent processiftieforecastingframework structure
depends primarily on the decision regarding the forecasting philosophy followed for the
resdution of a specific research taskhis decision influences the model selection as well
as the tuning and the training proceds.the energy sector, several approaches utilize a
single forecasting algorithm in order to derive shtatm predictions of lad and priceand
O2ylGAydzZ tfte FTAGSYLW G2 §SELIhugithisRexpomatdNS v i
researchers seek timprove the performance of this standalone structure through several
modifications that are connected to parameter values and chasgin modeling
assumptions Alternatively researchefforts could utilizea combination of forecasting
methodologies in order taderive more reliable and highly performant models at an
increased structural complexitys a result, a plethora of standalone and combinatorial
models that have a statistical and artificial intelligence backgroanedapplied to a wide
variety of resear taskscontributing towards the evolution of this research araad
providing efficient solutions for the prediction of important energy related variables
Therefore in this section an analytical discussion of standalone and combinatorial
modelingapproaches presents the prominent statistical and artificial intelligence methods
the main goals of each structure as well as their respective challenges and limitations.
Additionally an overview of prominent hyperparametertuning techniquesfollows this

analysis since it is necessary to present the methodologies that could optimaaltife the

73



parameters of a forecasting structure towards the exploration of alternative scenamis

subsequenerror reduction.

2.4.1Standalone Modeling
Standalonemodeling approaches focus on the design and implementation of a centralized

forecasting structurehat features a single estimatavhich processes the input dataset
This structure could include a set of parameters timaty be tuned in order to optimizéné
performance of theforecasting structuregloballyand the output typically describes the
estimated target variablesince there is a direct flow of information that connects the
training and evaluation process to thestimated valuesShortterm forecastingin the
energy sector utilizes standalone modeling in order to derive baseline models for
benchmarkingor optimized modelsfor applications thatinvolve more versatile and
modular feature processing methodSincestandalonemodelsfollow a sinde forecasting
algorithm, they are morereliablein terms of training time, rendering them suitable for
applications with strict time constraints. Additionalistandalone models often follow a
simple structure that could reinforce the interpretability of a forecasting task as well as the
reproducibility of research results since implementations and comprehensive experiments
could be easily available through seakresearch effortsStandalone forecasting models
could be organized intéthe two main categorie®f statistical and artificial intelligence

modek which could be further analyzed in the following subsections.

2.4.1.1 Statistical Forecasting Models

Statistical forecasting models refer to traditional parametric and -parametric
methodologies thatattempt to capture and interpret linear and nonlinear relationships
through averagingechniques, time series decomposition and regression analyhisse
approaches were developed based on simpét powerful mathematical conceptthat
could lead to satisfactory shetérm time series predictions without requiring a restrictive
amount of computing resources.The most prominent sets of methodautilized in short-
term energy forecasting are exponential smoothing, moving average asgression

estimators.

Exponential smoothing methodsimarily rely on the formulation of weighted averaging
techniquesthat utilize an exponential decay mechanism in ordecomvey the decreased

impact of time series lags as the time window between the studied series incrédsss.
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category of methods often explores core time series components suciead and
seasonality in order taerive a suitable smoothing techniqgue. Wheand and seasonal
componentscannotbe easily detected y I O@S | LILINR I OK A & dzadz f f
observations at timesteps ¢ have the same value as tkarrentobservationat timestep

0 and the moal focuses on the most recent observatias past observations do not
provide any information about the futurelrherefore any forecastedfuture observation

could be expressed as an average of the current observation where every term has equal
weights. Thisis an edge casethat setsthe basis for exponential smoothing approaches.
Expandingn this concept the smoothing parametetocould be definedwithin the range

of tand p, denoting the level of smoothing increase when the value ofgammeter is

small and smoothing reduction when the value is larff&] Following this stepthe
exponential decrease of the weights that could express the decreased impact of past
observatiors for the point forecast of the next observatiab ¢, given the smoothing
parameter, the total number or observation¥as well as the first fitted valué could be

calculatedthrough the formula:

(2.9
W Wp O W p W «

While simple exponential smoothing could b#ective when no clear trend or seasonal
patterns are detectedseveral extensions of this model cover different scenasibsre a
specific type of trend or seasonal component coulddegected. Consequentlythe Holt
lineartrend method could be utilizedvhen only an additive trend could be detected and
the additive as well as the multiplicative variants of the Hlihters methods could be
utilized when an additive or multiplicative seasonality is present given the detection of an
additive trend[58]. Thesemethodsintroducedtrend and seasonalityequations featuring
additional smoothing parametefs,| in order to regulate the level of smoothing for those
componentsAdditionally, damped versions of those methoslsre developed in order to
stop theindefinite increase or decrease of the trend for future observatibnghe energy
sector, an exponentialsmoothingapproachutilized for load or electricity price forecasting
is typicallynodelled as linear or quadratic curv@he values of the smoothing parameters

as well as the initial fitted observatiotould be tuned for performance optimization in
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order to derive lower error metric&Exponential smoothing methods perform well for point
forecasts but depending on the foresting task these algorithms could be extended in
order to output estimated intervalsTherefore,state space modelsould be developed
from the smoothing equations after the definition of a measurement equation that
represents each observation as the aauh of the previous smoothing level witm error
term, the formulation of a state equatiothat represents the adjustment to the smoothing
level and the derivation of the probability distribution associated with the erfidre
performance optimization of those state space models could be achieved through error
metric minimizationas well as likelihood maximization techniqu&#ncethe state space
modelsare configureddifferently based on the type of trend and seasonadighibited in
the time seriesinformation criteria such as the Akaikg&ormation criterion (AIC) and the
Bayesianinformation criterion (BIC)could be utilized for the selection of a suitable

configuration[59].

An equallyimportant set of statistical methodologies refers tstatistical regression
approaches where the target variables could be expressed as a lineaprinear
combination of featured.inearmodelsconstitute the simplest regression approaches that
attempt to find the line of best fit given training data points through the derivation of
optimal coefficientdhat describe this feature combinatiomhemethodthat setsthe basis
for those approaches iknear regression[60]. Accordingto this method, the predicted
value® 0 ho could be expressed through p coefficientsd andr) number offeatures

w with the formula;

h
(e

WOk 0 0 ® 0 (2.10

The coefficientsare calculated with the goal to minimize the residual sumsqgtiares
between the actual and predicted valueslving arordinaryleastsquares (OLS) taskat

has the following objective function

| EADOL & (2.11)

It is evident that feature independence is crucial for linear regression forecasting since

feature dependences could result in higher error sensitivity due to the effect of
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multicollinearity.Several varigons of the baseline linear regression modere develped
in order to address a wide spectrum of challenges towards optimal forecasRinge
regressionattempts to provide a more resilient solutiotowards the challenge of
multicollinearity throughthe introduction of the penaltyterm ¢ £ on the size of the
coefficients adjusted by a positive complexity paramedethat regulates the level of
shrinkage This penalty term is added to the main objective function and reinforces the
robustness of the algorithmAs a result, the value spacetb€ coefficients is rstrictedand
extreme values occur less frequentfurthermore lassoregressionattempts to derive
more sparsesolutions through the derivation of fewer nezero coefficientsThisapproach
reducesthe numberof influential featuresutilized in the derivation of estimated values.
penalty factorbased on a constartbdenoting the degree of sparsignd thed -norm of

the coefficient vector) £ transforms the main objective function as follows:

| E4; P @0 o oma (.13

Moreover, Elastic Net regression is an equally important linear regression method that
shares the coefficient sparsity tdsso as well as theegularization propdies of ridge
regression. This method appligs and &-norm regularization for the calculation of
coefficients in order taderive a more stable model thatould select multiple correlated
featuresfor the estimation of the output valueS€onsequentlygiventhe degreeof sparsity
parameter@as well as the ratio parametér that controls the convex combination of
anda -norm regularizationthe objective function is transformed as follows:

P wp " (213
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Since shorerm forecasting in the energy sector often utilizes hajmensional data, Least
Angle regression could be utilized in order to provide robust estimattbrsugh the
iterative refitting of residual values, producing a piecewise linear saiupath. This
method follows the intuitive approach of adjusting the coefficients in orderreédlect
correlation equality between influential factors when it occurs getforms similar to

forward selectionregression method$61]. However,noisy output could occur as the
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residual values are fdue to carrying an error term at each iteratidhis worth noting that
probabilistic methods such as Bayesian regression could contribute significantlyeto
development of statistical forecasting techniques since more adaptive models that
consider the distribution of the data artte effect of regularization parameters could lead
to robust predictiong62]. Consequentlyvariationsof previouslydiscussed models such as
ridge regressionould adopt the Bayesian framework in an attempt at improving prediction

accuracy.

From the formulation of linear regressigit could be observed thahe featuresw could
represent independent influential factors as well as past values of the targeable
Therdore, the subcategory ofregression models utilizing the shifted load or electricity
price time series as input features refersaotoregressive methodd.hese modelsould
set constraints on the values of coefficients in ordep&form well with stationary data
Replacinghe generalfeature notation with the given lagged time seriemd including a

white noise term , autoregressive modelsf orderr) could be expressed as:

@ 0 v E 0o - (.14

Alternatively,some regression models could utilize past forecast errors as feptiires in
order to predict future values of energy related variabl€sese models are described in
the literature as moving average models and the formula denoting thecttre of a
moving average modaif orderr) could be easily derived from the replacement of the

lagged time series features from the previous equation with error features follows:

w 0 0 - E 0 - - (2.15

Dependingon the processingand feature selection techniquestilized, the regression
model could combinalifferencedpast forecast featureso and error features- in
order to derivean autoregressive integrated moving average struct(A&RIMA)that
predicts he differenced time series for the target variableneformulation of the ARIMA
modelcould be derived from the separation of coefficients itite autoregressive weights

» and the moving average weights. Since the resulting model integrates the concepts

of differencing autoregression and moving average, the definition of the model depends
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on the parameters denoting the autoregressive ordethe degree of differencin@and
the moving average ordetf;. As a result, thed 'Y ‘'O0nBi] model is defined by the

formula:

W 0 e+ E o — E — - (2.16)

Since time series data in the energy sector exhibit seasonal pattaRI®/IA modelsould

be extended to include seasonal termsolving lagged time series for the seasonal period.
The seasonal terms are typically multiplied by the 1seasonal termsThedefinition of a
seasonalARIMAmModel extends the previous notation by adding a set of autoregression,
differencing, and moving average parameters for the seasonal terms with capital letters as
well asa parameteid denoting the number of observations per year. Therefargeasonal
ARIMAmModel isdefinedasd Y ‘00RO 0hOD  [63).

2.4.1.2 Artificial IntelligenceModels

It is evident that statistical approaches may become limited in terms of scope as the
datasets become richer and the patterns within a studied environmstome more
complex.Additionally the performanceof more traditional estimation processess often
limited by initial assumptions and constraints on the behavior of the dHt&refore more
intuitive and flexible approachefor short-term forecasting in the energy sector could
result in the thorough understanding of patterns as well as higher prediction accuracy.
These models stem from the field of artificial intelligence and belong to the classes of
machine learning and deep learniidachine learning estimatorsitroducean algorithmic
computational structurefor the prediction of core energy time series and deep learning
estimators expand on that structure through the integration of multiple additional
computation layerghat could proces larger datasets more efficientlilachinelearning

and deep learningestimatorsutilize sophisticatedlearning processeghat focuson the
efficient calibration of a model to the input and the approximation of functions tiedine
relationships between the input features and the target variabldsese types of models
focus on the evolution of regression tasks d@gpically belong tadhe supervised learning
subcategorysince labeled datasets are processed for the estimation of load or electricity

price. It is worth mentioning thatthe supervisedlearning subcategoryincludessome
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structures suitable for classification tasksich as decision trees and support vector

machines that could also be adapted to regression problems.

A simple and efficient approach for regression tasks utilizes the stochastic gradient descent
(SGD)algorithm that attempts to learn the linear regressiofunction through the
minimization of theregularizedraining error, given a loss functian a regularizatiorierm

Y that functions as a penalty factor with regards to model complexity ambsitive
hyperparameter® that denotes the strength of redarization [64]. Thisis a versatile
estimation method since the parametersutilized in the calculation of the regularized
training error could be changeith order to express different mathematical structures.
Consequentlydepending on theegression task, there are different options for the loss
functionthat are connected to other regression methodologsesh assquared error for
linear regression, epsilemsensitive for support vector machines and modified Huber.
Additionally severaloptionsfor the regularization parameter are availabieluding thedp
and & norm as well as the elastic net regularizatidrhe SGDregression algorithm is
iterative and often utilizes an inverse scalingchedule determined by learning rate
paramete — that could be calculated given thmitial learning rateQ 6 ¢and the

exponentr) € 0 Qas follows

Qo w (2.17)

Alternatively, the algorithm could utilize a constant learning schedatesideringonly the
initial leaming rate oran adaptive schedule that gradually decreases the learningiiaén

the stopping criterion is reachedntil it becomes lowethan a specified threshold value.

Support vector machines(SVM)are prominent shortterm load and price forecasting
methodssincethey enableefficienthigh dimensional data processiagd provide a flexible
nonparametric structureModelsutilizingthe SVMalgorithmattempt to map data points
to a highdimensional space through the uselarnel functionsgn order to search for the
hyperplanes that separate them optimallyhe data points or vectors closest to those
hyperplanes are known as support vectorberefore, the main goal of this approach is to
maximize the distance between the support vectorsl dine hyperplanelt is evidentthat

this objectiveis mostly suitable for classification tasksowever SVMcouldbe adaptedto
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predict continuousoutput through the search for the line of best fit within the threshold
set by the distance between thagata boundary line and the hyperplanghe optimization
problem of SVM methodologies could become simpler through the Lagrange dual
formulation, providing a lower bound to the initial problefiven0 input observationso

as well aghe nonnegative Lagnge multiplierstd andds , the function™Qc utilized for

predictions in the linear SMRgressiorapproachcould be definedhrough theformula:

2.19
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The nonlinear versioaf the SVR regressor considers the nonlinear kernel funi@onito
that defines the transformatiomwhichmaps observations to a higfimensionakpacg65].

Thepredictionformulafor nonlinearSVRegression is the following:

(2.19
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Moreover, an equally important set of classification methodologies adapted to regression
tasksutilize decision trees as the main forecasting structufée tree structure contains

the root node that denotes the best predictor variable, decision nodes that correspond to
each feature and leaf nodes. Decision nodes could contain several branches that represent
the values of the feature. Leaf nodespresentthe decision output.The decision tree
algorithm considers the entire set of observaticaisthe root node and attempts to split

the datasets into smaller segments through a “d@vn greedy search approach that
focuses on stadard deviation reductionThegoal of this approach is to find the features
that return the highest standard deviation reduction, resulting in the most homogeneous
branches.Thefirst step of this algorithm calculatesthe standarddeviation of the target
variable Followingthis step, the initial dataset is split on different featureand the
standard deviation for each branch is calculatedd subtracted from the standard
deviation before the split to derive the reduction valughe feature with the highest
standarddeviation rediction value is chosen for the decision node ansegmentation of

the dataset occurs based on the values of this featlitésprocesscontinuesrecursively
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for all branchesuntil the leaf nodes are formedt is evident that loss functionsuch as
squared error and mean absolute error could be utilized for the evaluation of split quality
[66]. Additionally,it is worth mentioning that the performance of this method depends on
several structural parametersush as the maximum depth of the tree, the minimum
number of observations for node splittinthe minimum number of observatiorst a leaf
node andthe maximum number of leaf nodeBepending on the datet dimensions and
the complexity of feature relatiormsps, the resulting size of the decision tree could include
longer computation paths, resultingn longer total execution timeSeveralrobust
estimation approacheautilize a number of decision trees in a unified model in order to
improve forecasting accuracy. One of the most prominent decisiontesed algorithms

in shortterm load and price forecasting is the extreme gradient boostingthod
(XGBoost)This algorithnutilizes severategression treesfollowing an iterative training
processvhere new trees are predicting the residual errors of previones Thecombined
output of those structuresforms a standalonedifferentiable loss function that could be

minimized through the gradient descent algoritfi6v].

Lastly,neural network models form one of the most flexible and robust categories of
standaloneartificial intelligence estimators since they follgrarametric approachemi
order to execute complex computations fdunction approximation.This class of
estimatorsperform a series of computations on the input features in ordedébermine
core learning parameters such as weights and biaBes computation path is typically split
into several stagewhere the transition from the output of one stage to the input of the
next one is controlledy activation functionsNeural network approache®llow several
adaptive structure types and contrilite in different ways when shoterm forecasting

tasks in the energy sector are considered.

The firsttype of neural networkstructure featurescomputation paths that utilizesets of
neuronsorganized in layera/hile formingdirected acyclic graph&ach neuron receives a
set of inputsand translates them into the output through a series of computatiand
passing the resulting data through the activation functidhese computations typically
describe the output as a weighted sum of the inputée class of feedforward neural
networks utilizesthis structure in ordeto process linearly and nelmearly separable data

and detect useful patterns for robust estimatio@ne of the most prominent methods in
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this neural network class is the multilayer peptron (MLP)Thisfully connectedneural
network structure is a powerful estimator that utilizes an input layer, several hidden
computation layers and an output layekultilayer perceptron could be utilized as a
standalone machine learning estimator femaller datasets when only a small number of
hidden layers is selected or as a deep learning model for larger datasets when more hidden
layers are includedThis approach is flexible since the vectorized input of aés not
have restrictiverequirements with regards to data representation. Therefore, data
representation and computation flow are problem specific and highly customizable,
rendering the MLP as the templateodelfor many forecasting tasks in the energy sector.
However, the fullyconnected structure of MLP could result in training issues such as
overfitting andthe lack of explicit method$or pattern simplificationcould result in
structures that are difficult to interpret as the complexity of the studied environment
increases.Slort-term time series forecasting tasks in the energy sector could study
dynamic and evolving environments whesievide set of parameters may be needed for
effective modeling. As a result, the global examination of the environment through the MLP
structure would considerthe full set of parameters, forming a shallow netwdHat is

generally difficult to interpre{68].

Convolutional neural network¢CNN)are often applied to shofterm load and price
forecastingin order to address some of those challengasd provide simpler pattern
interpretations through a hierarchical processing approaiitis category of feed forward
neural networks was primarily utilized for image procesdigks,but the potential of
processing data sequences as atimensional arrays led to the adaptation of the CNN
structure for time series forecastingihe structureof CNN focuses on the local examination
of data regions since each neur@nconnected to an input segmerithe receptive field of
each neuron denotes the spatial extent of this connectibat is expressed through
convolution. It is evident that CN8kould be considered as the regularized version of MLP
since they introduce more compact methods towards pattern simplification that are
directly connected to a hierarchical data representatidhe structure o£CNNsntroduces
several layers andoncepts that contribute towards the efficient regularization and
processing of time series dat&irst, the utilization of convolution layers as the main

computational approactenables more flexible management of influential data points.
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These layers codlbe dilated, resulting in a sparsely populated receptive field that could
allow the processing of more historical time series samgdditionally, CNN models could
utilize filters in order to discard time series properties that could hinder forecasting
performance such as noise anckate meaningfuh datamapping strategyhat maintains
important patterns while reducing data dimensionoreover,the CNN structuréencludes

some mechanisms that could prevent overfitting such as weight decay and drfg8put

The secondype of neural network structuréeaturescomputation paths that form loops
in order to process data sequences based on information stored in previous sStatese
approaches utilizéeedback mechanismand their internal memoryn order to exhibit a
temporal dynamic behaviorThe classof recurrent neural networks (RNN utilizes this
structure in order to make decisions based on the current input as walf@asnation from
previous training stepOne of the most prominent methodsin the RNN class is the long
short-term memory network (LSTM). Thisodel extendsthe concepts introduced in the
RNN structure in order to describe lotgrm time dependenciesand address training
challenges such as thpeoblem of vanishing gradient that could prevent the weights of the
network from changing valuekSTMarchitecturesfollow a blockstructurethat represents
the computational units used to derive each state of the netw&#ch block includes a set
of gakes that controlthe information that enters a computation block, denoting the data
that will be omitted thenecessary data updates to tloeirrent state and the data that will
be passed to the output and subsequently used as the input of the next Hibidgated
block structure improvesupon the base RNNprinciples since it introduceexplicit and
robust ways oflata control.LSTMhetworksadd value to shorterm load and forecasting
since the target interval may often be influenced by time series lagsdestribe long

term dependencie$70].

Moreover, thewide applicationof the LSTM architecture in sequence prediction led to the
development of several variants that highlighted different aspects of this neural network
approach and reinforced the flexibility of those modielsime series forecasting.hegated
recurrentunit (GRJ) is an alternative gatedblock structure that operates similarly to the
LSTM. HowevefGRUmodelsfeature fewer gatessincethe processingasks only consider
the information that needs to be transferred to the next state and thermation that

needs to be neglected based on thmeportanceof the previous blockConsequentlyGRU
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modelscould result in faster computation when compared to LSTM due to the simpler
gatedstructures, but they do not include an internal memory and magy less effective as
longer sequences are processédirthermore, alternative structuresould emerge from

the adoption of different information flow strategies and the implementation of structural
modificationsthat address more complex forecasting taskiserefore, thamplementation

of a forward and a backward processing layer that leads to the development of a
bidirectional LSTM estimator could contribute towards trough understanding of
complex seasonal patterns. Additionally, threclusion of several layers of LSTM blocks
results in deeper stacked LSTM estimators that could derive improved forecasting accuracy
when deep learning tasks in the energy sector are considefée LSTM and GRU
architectures are suitable for the design afeep learning estimators since the
hyperparameters that determine the amount of processing blocks and the types of
activation functions for each gatould be configured in order tdevelop deeper neural

network modelq71].

2.4.2CombinatoriaModeling
Standalone estimation approachesuallyoffer fast andsatisfactorily accuratéoad and

pricepredictions within shorforecasting intervalsrendering themassuitablecomponents

for benchmarking and baseline formulatiorlowever, model assumptions, structural
limitations and irregular parameter behavior could impact the processing of complex
energy datasetsnegatively, resulting in unstablesuboptimal and less interpretable
predictionsin severakhortterm forecasting scenario3.herefore more robust estimators
need to beintroduced as the evolution of the research area focuses on the development
of sophisticated approaches thatould result in improved accuracy, flexibility can
modularity. These approaches typically combine standalone estimators as building blocks
and often enhance the forecasting structure with the inclusamtraditional machine
learning conceptsuch aguzzy logic and more recent methodologies sucthasattention
mechanismwhile maintaining the same goal of predicting the values of the target variable
in the output. Therefore, this sectiodetails the role othe most prominentcategories of
combinatorial modeling in the energy sectibrough an overiew of ensemble learning

methodologies, fuzzgupportedregression approaches amthcoder decoder structures
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24.2.1 Ensemble Learning

The class of ensemble learning algorithms contributes towards the development of robust
estimatorsthat combine several standalone statistical and artificial intelligence learners in
order to derive lower error metrics and improvgutediction stability. Th development
process of an ensemble learning method includes the model selection and model
integration subprocessedn the model selection subprocessa set of estimators is
generated or selected based on arbitrary or deterministic stratedibsese esthators are
members of theensemble that are utilized in order to predict the target variables from the
given energy dataAt this stage an optional model elimination subprocess could be applied
in order to reduce the estimator set and include the most impactful models for the
forecasting taskin the model integration process, the set of base estimators follows a
combination strategyn order to optimally derive improved forecasiheset of estimator
memberscouldbe diverse utilizingdifferent types of estimators or homogeneous, utilizing
similar models orthe same estimator structureDiverse ensemble sets focus time
performance improvemenachievedhrough the completaliscovery andnterpretation of
patterns andrelationships, while homogeneous ensemble sets focus on performance
benefits derived from the correction of erroneous predictions through the utilization of

input, output, parameter and induction manipulation techniques.

The most prominent ensemble methodologies utilized in shemnn time series forecasting
in the energy sector refer to stacking, bagging and boosting mo&ttckingestimators
pass the output of ensemble members to a subsequent regression model intorkdarn
the optimal combination of forecastsThis approach evaluates the impact of each
participating estimator and derives prediction that reflects the joint contribution of the
ensemble set, resulting in robust generalizatj@gd]. Bagging and boostg ensembles find
wide application in research tasks where the standalone moslath as neural networks
and decision treswould yield unstable performancdue to irregular events or structural
intricacies in the dataseBaggingmethodologiedfit ensembé memberson randomdata
subsetsthat encapsulate all the characteristics of the original seded subsequently
aggregate the results through votirmg averaging strategieS.hese methods focus on the
reduction of variance and could be easily parallelizable for efficient comput§figjn

Lastly boostingmethods build an ensemble model incrementally through the sequential
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training of estimator memberms order to reduce théias of the participating mode[34].
As a result, e focus of boosting methodss shiftedtowards theiterative performance
improvementin the prediction of observationthat exhibited higher errorin previous
instances Ensemble learningets the foundation for metanodeling approaches since it

introduces the concept of mulstage regression.

2.4.2.2 FuzzySupported Regression

Fuzzy logic principles antly extensionfuzzy inference systems could be integrated in
shortterm load and price estimation models in order reinforce interpretability and
improve training performance in terms of convergence time and accur@log.most
prominent contributions of fuzzylogicin this forecasting framework aréhe analysisof
influential features that exhibit a degree ahcertaintyin linguistic termsthe extraction

of a rule base that thoroughly describdgature relationship withinthe studied
environmentand the fuzzificatn of model parametersFeature fuzzification and the
development of fuzzy rules offer enrichedpriori knowledgeto forecasting models for
more informed decisiondditionally, the fuzzificationof modelparameterscouldaddress
the uncertainty that occurs during the training process when fewer historical observations
are available or when the datasatentainmissing valueslherefore the preliminarytask

of feature fuzzification in the forecasting pipeline is often ctegh with a rule base

generatorin order to forma combinatorialfuzzy regression structure.

Combinatorialfuzzy regression structuresould integrate statistical as well as neural
network models for the development of robust estimatoatisticalapproachesuchas
ARIMA, typically utilize fuzzy logic principles in order to fuzzify the estimated coefficients
that describe the contribution of featurd35]. Neuralnetwork modelsoften adopt several
fuzzy system characteristics in order enhance the learning process and utilize the
knowledge provided by the rule badeis evidentthat sinceneuralnetworksoften follow
ablackbox approach that is difficult to interpret, the fuzzification of influential features as
well asthe utilization of a compact set of ruldsefore, during and after the learning process
could simplify function approximatiohis complementary role of fuzzy rules supports the
relationships of historical observations and serves as a prototype training templaibeo-
fuzzysystemgypically follow a fully connected layered structuteat includes three types

of layers The fist layerreceives the input features, the second layer proceeds with the
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extraction of fuzzy rules and the third layer focuses on the representation of the estimated

values for the target variables.

Two categoriesof fuzzy neural network structures are waly utilized for regression tasks

in the energy sector. Firghe cooperativefuzzyneuralnetwork includesa neuralnetwork
structure and a fuzzy system that operate independeifl§]. In this architecture, the
neural networklearns the necessary parameters from the fuzzy system through an offline
or online learning process depending on timethods utilized for fuzzy set definition and
fuzzy rule integrationProminent learning processes basea fozzy rules utilizelustering

on selforganizing maps and weight strategies fate importance.Secondhybrid neuro-
fuzzynetworks utilize a homogeneousstructure involving a neural network and a fuzzy
system where the units of the netwonepresent the fuzzy ruleand the weights in the
learning procesare modeled as fuzzy sefBhisstructure operatesunderthe principlesof
fuzzy controllers since the resultingural network is regarded as a fuzzy knowledge base.
Additionally, several hybrid approachaslize the previously described systems to form
more complex forecasting pipelines where tt@operativeor concurrent operation of this
structure is determined based on heurist[@5]. The main point of focus in fuzzy regression
modeling is the construction of an optimal rule baSence the models are deployed for
short-term load and price forecasting taskbe rule base needs to be accurate in order to
address the intricacies of the studied environmamid relatively small in order to ensure

faster training and model recalibration.

2.4.2.3 EncoderDecoder Estimation

The class of recurrent neural network nedsl offers some robust standalone LSTM and
GRU estimators thapredict data sequences efficientljhrough the processing of time
dependencies. Arxtensionof this classintroduces the combinatorial encodelecoder
structure forperformant time series predictions in deep learning tagkgs model consists
of three main components, the encoder, the context vector and the decdder.encoder
could be represented as recurent neural network thateceives the input sequencés
order to learn a mapping that converts the sequence to the context vedioe.context
vectorcontains encoded time series informatiderived fromthe final hidden state of the
encoder This information could also represehte initial hidden state of the decoder for

accurate decision makindhe decoder could be represented as another recurrent neural
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network that derives the final forecastom the analysis of the context vectorhismodel
couldbe a usefultool in the pocessingf series that have variable lengémd alignment
Consequentlythe consumption features of several types of clients could be studied more

efficiently as the client base evolves through tif7g].

Furthermoee, it is evident that the target variables of load agléctricity price are often
described by long input sequences containing influence factors and lagged values from
several previous time step3he processingof long input sequences could be resource
intensive for most neural network architectures and could result in slomvergence time
depending on the complexity of the network structurhe encoderdecode structure
addresses those issues through the integration of attention mechanismsetiedile the
decoder to utilize encoder information selectively, based on a wiesfrategy. Thisis
achievedhroughthe assignment of importance weights to different input sequence values
and the subsequentderivation of context vectors for every time stepf the decoding
process Thesecontextvectorsreflectthis weightedimportancemechanisnsincethey are

calculated based on all the hidden states of the encoder.

There are several attention mechanisms that could be applied to encodkscoder
modeling depending on the importance evaluation strategy followed by the mddhel.
generalizedattention mechanismforms a query between each element of the input
sequence, comparing it to theutput. This comparison leads to the calculation of scores
that reflect the relative importance of each input element and is utilized in ordéletive

the attention weights and scale the input values accordinghe seHattention mechanism
selects different parts of theaput sequence and compares them with each other in order
to modify the output sequenceMulti-head attention considersthe parallel layered
structure of attention heads formed by the iterative computation of attention weights.
Each layer processes the input and output sequezleenents and derive a combinatorial
score. It is worth mentioning that powerful deep dening architectures such as the
Temporal Fusion Transformer (TFT) utilize rdaad attention in a structure consisting of
an LSTM encodatecoder layer, a variable selection network and a gated residual network
for robust multthorizon forecasting of herogeneous time serie$79]. Furthermore
Bandanauattention generatesa set of annotations for the input sequence at the encoder

and passes them to aadditive alignment model with the previous hidden decoder state
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for the calculation scores which are subsequently normalized into attention weights. The
annotationsandthe weightsform the context vectorthat could help thedecisiormaking
process at the decodevhen coupled with the previous hidden decoder stdtastly, Luong
attention considers a multiplicative modeihere all the hidden states of the encoder are

consideredn order to derive the context vectdB0].

2.4.3Meta-Modeling
Meta-modeling approaches focus on the improvement geheralization stability and

accuracy through the integration of a subsequent model that processes the output of the
main standalone or combinatorial structurfer the derivationof the estimated target
variables. Thesemethodologiescould utilize ensemble learning principles in order to
combine multiple output sequences through an additional forecasting strategy or
introduce feedbacknechanisms aimed at prediction refinemefitemain requirement

in the developmentof meta-modelingmethods involve the shift in the scope of there
forecasting structureand the extraction of additional informatiorthat could expose
additional properties of the output serie€onsequentlythe main estimator could utilize

the base feature set or different variations of the base dataset in order to derive different
representations of the output. Theseepresentationscould be influenced by several
metrics and concepts such as similarity amdusality. Alternatively, the main estimator
could provide a preliminary forecast that is split into different componentée
components extracted from the estimated ser@sch as the error, ofteexhibita degree

of volatility that could negatively imma the performance of the model over tim&his
phenomenon could be easily visible in lelegm forecasting horizons since the prediction
error is often larger but the impact of unstable estimated components should be
considered as equally important for@ft-term horizons since real time energy applications
that present irregulachanges in consumption grice could result in uncertainty, leading

to poor decision making andck of reliability Theestimatedvaluesof those components

are passedo a metaestimator in order to form a feedback mechanism tdatives more

stable isolateccomponentpredictions and adds them back to the original sef&}.

It is evident that the research area of meataodelingapproaches is vast and evolving since
most prominent estimators could be repurposedrough experimentationin order to

operate under differentesearchassumptions and the same structures could be utilized in
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the development of thesurrogate model.However there are severalchallengesand
restrictions associated with théormulation of efficient metamodeling approaches in
shortterm forecasting. First, the overall complexity of model structure should be
considered since sophisticated metanodeling layer that shares a similar number of
parameters with the main estimator could result in slower convergence times and render
model recalibration infeasible for shorter time intervalBherefore, simpler statistical
models such as autoregressive processes and fundamental neural network modedéssuc
the multilayer perceptron are usually preferreddditionally, meta-modelingdesign is a
balancing act that exposes the tradeoffs with regards to model selection for the main and
meta-processing layemRResearch in this area should evaluate geformanceimpact of

each individual estimation layer and determine thesdeor a more complex architecture
when it is appropriatelt is commonly observed that techniques aiming at prediction
refinementutilizecomparatively simpler metarocessing models since the core estimation
structure needs to have the appropriate complexity in order to learn from environment
dynamics. Howevethis standardpracticemay not always be effective as the dimensions
of the initial dataset increasdn this scenario, there is the possibility that a robust model
operating on a smaller set of estimated semEsived from a simpler core modsiay yield
satisfactory performance metric&econdthe total number of model parametersoald

increase, rendering tuning and model selection strategies more computationally expensive.

2.4.4Model Tuning
Most models utilized in shoterm time series forecasting tasks introduce a set of

parameters that could be adjusted in order to derieptimal peformance. Several
research approaches and proof of concept applications could perform a baseline model
analysis utilizingparameter values that follow the defauttonfiguration provided by the
application programming interface arset of valuederived from trial and errotdowever,

when more robust combinatorial and metaodeling approaches are considered,
hyperparameter optimization ensures that the componentsho$ structuredo not exhibit

a divergent behavior on the given dataset.

Prominenthyperparameter optimization methods form search strategies that examine the
parameter spacandalgorithmically denote the best candidate solutions based on a set of

rules Grid Search is one of the most common optimization strategies that exhaustively
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searches value subsets based on the performance metrics provided by time series cross
validation or holdout validation methodSince this approach tests all the combinations
within those subsets, thee could be performance issues associated with the high
dimensionality of the search spacd®lternatively, Random Search could be utiliredrder

to examine a random sample of parameter values derived from specified distrib&2jns
This search strategy could outperform Grid Search since it operates on the reduced
dimensions of the sampled values and could be epsitgllelized Furthermore, the global
search algorithm of Simulated Annealing could be utilized as an iterative stmchas
approachfor the selection of optimal parameter valusgceit introducescustomizable
criteria and functions that could control the convergence proceSsnachine learning
estimators [83]. Equivalently, Bayesian optimization could be considered asthan
impactful global search algorithm that iteratively evaluates different model configurations
based on the probabilistimapping that determines the transition from one candidate
configuration to the next, resulting in feweavaluations when comparedtother search
methods [84]. Moreover, evolutionary algorithmscontribute towards the global
optimization of neural network models througfitness ranking andthe iterative
replacement ofsuboptimal hyperparameters generatdtirough the genetic operators
denoting crossover and mutatid®5]. Lastly, gradienbased optimization methods could
be utilized for the selection of optimal parameters in neural network structainesugh

the applicaton of the gradient descent algorithm and the definition of a hypernetwbak
generates weights for the main neural network estimadod learns the configuration that

yield optimal outpuf86].

2.50utput and Performance Evaluation

The output of the forecasting structure contains estimated values for the target energy
variables examined ishortterm prediction horizonsThe evaluation of those values is
typically executed inhree stages At the first stagenput training samples ar utilized in
order to derivethe output at eachinstance of the learning processsed on known data

At the second stagehe frameworkderives the estimated outputrom the input valuesof

the validation set forthe purposes ofparameter refinement as an internal procedure
Lastly, at the third stagehe input valuesof the test setderive the test output samplef®r

generalization to unknown data and performance evaluatibme main strategies applied
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to those hree stages mayliffer due to the rols of the input datasetsn the forecasting
framework for training and validation as well as the output module for testimvevera
sharedset of performance metrics usuallyutilized in order to denote the divergence of

the estmated from the actual valuesTherefore, in this sectionthe prominent
methodologies involved in the evaluation of the output &istages of the learning process

are examined as well as the associated performance metrics utilized in this research area.
Furthermore, the processes involved in the training of the models are examined and

significant risks such as overfitting, underfigiand the concept of drift are outlined.

2.5.1Performance Metrics
Functions thatexpress tle comparison between the actual time series values to the

estimated outputcould be consideredseful tools towards thenonitoring of thetraining
process parameter opimization result interpretationand performance quantificatioof
short-term forecasting model@ the energy sectorThese functions are mainly statistical
measures that describe the magnitude of errpresented as a numerical value or as a
percentage Error direction, scale dependence and interpretability are some of the most
crucial factors that influence the categorization and selection of those performance
metrics Research efforts utilizing energy data for shtatm load and price predtions
typically attempt to minimize those metrics tte forecasting framework and the output
modulesince lower error metric values denote more accurate forec#@siditionally, these
metrics are widely used for model comparisons given a specific irdasét. It is worth
noting thatsince the quality of the data influences thasetrics, the comparison ahodels
needs to be conducted on the same input in order to endamess.The most prominent
error functions utilized in this research space are the mean absolute @vtAE) mean
absolute percentage errofMAPE) mean squared error (MSE), and root mean squared

error (RMSE).

Mean absolute error provides an easihyterpretable and natural error metric that is
indifferent to the direction of error$87]. This metric is commonly used as a loss function
for the training of machine learning models and as a simple performance evaluation
indicatorfor the output. The nunerical values of this metric follow the original units of the
estimated variablesThis function does not interpret the impact of the relateeor sizeas

there is a difficulty in the differentiation of error magnitud&ince optimal forecasts require
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the minimization of errora value of MAEdenotes that the forecast is perfect and exhibits
no error. Given the predicted values and real valueso in a set ot samples, the mean

absolute error is computed by the formula:

B % s (2.20
:

000
Furthermore, mean absolute percentage err88] is mainlyused as a scale independent
performance metric since iexpresses the percentage of the average ofsabte
differences between estimated and actual valueghis metriccould provide a generalized
percentage score for forecasting models. Given the same parameters for the calculation of
MAE, MAPE is computed by the formula:
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Similar to MAE, this error metric does not emphasizéh@impact of large errorexhibited

due to value spikes. Additionally, since the denominator in this formula contains the actual
time series valuehis metric is suitable for datasets where the values of the target variables
are nonzerolt is easily obasrved thatextreme actual values may impact the consistency of

this metric.

Moreover, the error metrics of mean squared err88] and root mean squared errof(]

provide quadratic loss functions that measure the forecasting uncertainty idtlesing

on the impact of large errors. The values of MSE could express the sum of the variance and
square value of bias, further contributing to the performance analysis of a nvokid
penalizing large errors more than small errofgiditionally, the vlues of RMSE increase

with the variance of the frequency distribution of error magnitudes, resulting in larger
values when large error values are prese®imilar to MAE, RMSE values could be easily
interpretable since they share the same unit as the eated variablesFurthermore, the
simultaneous inspection of MAE and RMSE could provide a thorough examination of error
variance. When there is a great difference between the valud$AfE and RMSkariance

in the magnitude of errors could be detected, agimg the occurrence of large errors in
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the forecast.Given the same parameters used for the computation of the previously

described error functions, the formulae for MSE and RMSE are the following:

o 2.22

2.23
YO YO

Forthe purposes of thislissertation the previously discussed performance metrics will be
utilizedin the training and evaluation difie strategies proposed towards the improvement

of the shortterm forecasting pipeline in the energy $ecgiven specific scenarios where
regression is applicablés a result, training, validation and test los8l be calculated
through those metricgor the three output stagesHowever, it is worth notinghat while

these are the most prominent metricgyeighted variations of those functions could be
utilized in order to cover the edge case where significantly smaller datasets are selected.
Additionally problemspecificmetricscouldbe definedin order toenhance the knowledge
extracted from the data based on the associated field, such as econometric functions and

directional performance metricor energy pricdorecasts

2.5.20utput EvaluatiorStages
2.5.2.1 Model Training

Thetraining procesat the forecasting frameworkould be considered as tHest stagein

the forecasting pipelinevhere estimated output samples are generated based on known
data points.Theseobservations are derived iteratively based on training algorghsuch

as gradient descent for simple linear regression or backpropagationdoral network
structures. Since these processesare iterative, at every iteration the loss function
expressed as one of the previousliscussed performance metrics is calcathtAy | OGS
approach considers a large number ibérations for the training process with the
expectation that the loss function will converge to a small vallese to zeroHowever

there are several challenges associated with the training process that could have a
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considerable impact on future outpetvaluation staged-irst the resultingmodelafter the
completion of the training process may not be able to capture the patterns in the data
adequately due to small trainindatasetsize,poor data quality or low model complexity.

In this case the model is underfitting and could be characterized by high bias and low
variance.In order to mitigate this challenge, an increase in the number of training
iterations, an increase in the number of features or an increase of the overall model
complexity coud be applied.Secondthe resulting model could overfit as it may learn
detailsandpatterns associated to noigbat couldlimit its generalization capabilitiehis
behavior often occurs due to high model complexity, an increased number of training
iterationsor due to the small size of the training datadetthis scenarig highvariance and

low bias are exhibitedThe challenge of overfitting could be mitigated through the
reduction of model complexity, the increase in training observations and thécapion of
regularization strategief®1]. Additionally earlystoppingmechanismgouldbe considered

in order totrack the progress of the loss functions and stop the training process as the error

starts to increas¢92].

2.5.2.2 Model Validation

The calculation of performance metrics with regards to the estimated output generated
from the validation set could be considered as the second stage of output evaliatios
forecasting pipelineValidation loss plays a significant roléyperparamegr optimization
since there are seval strategies that influence model selection based on the repeated
calculation of this metricThe most prominent approaches in this research area include
holdout validation and time series cresalidation.Holdout vaidation is a simple approach
primarilyused for the development of baseline models for performance comparisons or for
the evaluation of models that utilize large datas¢®s]. This methodis often utilized in
order to derve an unknowndata segmentthat could be considered as the validation and
the test set simultaneouslyresulting in the same value for validation and test loss.
Alternatively, this segment could be separate from the test set and contritaveards
model selection through th minimization of validation losJime series cross validation
considers the temporal data structure and the autocorrelation of observations by

iteratively splitting the dataset int@ segments, wherg¢he first¢ p segments belong to
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the training set ad the last most recent setin terms of temporal orderbelongsto the

validation sef94].

The combined inspection of validation and training logsld provide insight towards the
detection of irregular training behaviors such as overfitting amderfitting. When the
value of the validation loss increases and greatly surpasses the training loss, model
overfitting could be assumeddditionally,underfitting could be observed when the vatie

of validationand training loss remain higland their espective curves denote irregular
peaks and valleysAn optimal fit could be observed wheralidation and training loss
remain low sharing similar value$n this scenario, validation loss could be slightly higher
than the training loss as theumber of training epochs increase as the updates to model
weights become less significaitlternatively, validation loss could be slightly lower than
the training loss when regularization and dropauechanisms are integrated’he same
effect could be obervedwhen the trainingprocess considers a small number of epochs
and the training algorithmperform significant updates to model weights during those first
steps.When validation loss is drastically lower than the training loss or fluctuates above
and below the training curve, representativeness issues in vhidation set could be
detected[95].

2.5.2.3 Output Module

The final stage of output and performance evaluation is performed at the output module
of the forecasting pipeline where the test set is examined and test loss is calculated through
the previously discussed performance metristhis stage, test loss pvales an indicator

for the generalization capabilities of the mod®i unknown dataAdditionally, if a meta
modelling strategy is applied for prediction refinement, the final output of the feedback
mechanism that improves the error is evaluated and exa&uimn this module.Data
visualization techniques that plot the actual and predicted data points within specific time
intervals complement the error metrics and reinforce interpretability since the errors could

be directly connected to the observed differees between the two curves.

Test loss is expected to share a similar error profile to validation loss since both validation
and test setgefer to observations of future valuellectedafter the timestampf the
training set Since shorterm forecastiry in the energy sector processes diverse time series

that may correspond to different types of clients and buildings or may express different
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price fluctuations in studies that examigembinedenergy market dynamic#he test loss
could increase as thmodel receives new data samples for prediction, leading to unstable
and suboptimal performancehis phenomenomccurs due to the challenges of data and
concept drift These challengatenote the gradual performance degradation of forecasting
models as thalistributions of the input datasets and the statistical properties of the target
variables change over tim#.is evident that issues related to drift could be easily detected
when new samples are added for the recalibration of the mai®te the evolubn of the
historical dataset could be continuously monitored through the calculation of error metrics
[96]. The detection of those challenges becomes more difficult in more complex
combinatorial models when several differedatasets need to be processéy a central
estimation structure.In both scenarios, these issuesuld bemitigated through lagged
drift detection. The most prominent methoalogies for lagged drift detectionutilize
hypothesis testingdistribution comparisonsnachine learningnodels and sliding window
approaches.Nonparametric tests such as the Kolmogef&wirnov test compare the
cumulative distributions of datasets and evaluate the null hypothesis denoting that the
distributions arethe same Furthermore, the population stabilitypdex(PSlould be used

for distribution comparison aa single value indicator that denotes a small drift when PSI
is lower thar0.1, a moderate drift wheRSkalues are between 0.1 arfid25 and signifant

drift when PShalues are greater thad.25.Alternatively the repeated training of machine
learning modeldor the prediction of the target variableould monitor data drifthrough
accuracy fluctuations in the outpuBdaptive windowing(ADWIN) could detect concept
drift through the definition of a fixegize sliding windowThis algorithm computes
statistically significant values for the time series such as the nredine regions of the
sliding windowand compars their difference to aspecified threshold valuen order to
examinepotential changes in the statistical properties of the serlesstly drift detection
methods could calculate statistical metrics as new data is made available to the model
order to provide a reatime drift monitoring strategy.The PagéHinkley method follows
this approach by calculating the mean of the observed values and comparing them to a
threshold[97].

98



Chapter3 LYy (iSaAN}GA2Yy 2F CdzZié& [23A0 | YyR

0KS t NBLINRPOS&aaAy3a azRdzZ S

3.1 Motivation

Thedesign and development of thereprocessing modulen shortterm forecasting tasks
involves the implementation of methods that efficiently process anddfarm the input
dataset in order to derive the most significant features in an interpretable fétesearch

in this areacontributed to the introduction of methods that reduce the dimensions of the
initial dataset, focusing on the selection of the mostuehtial factors. Additionallyfeature
representation methods such as feature fuzzification and rule base construction were
outlined for the reinforcement of thedecisionmaking capabilitiesin the forecasting
framework since the extraction of a set nfles could enable more intuitive time series
forecasting strategieslowever, severathallenges andesearch gaps were detected in the
development of feature selection strategies and the construction of performant rule bases.
First it could be observedhat while several hybrid feature selection approaches were
developedfor the reduction of energy datasetshe space that defines combinatorial
feature selectorgemains insufficiently explored since manevelstrategies that perform

the crossexamination of feature importance metrics from classification and regression
algorithmscould be proposedConsequently, e introduction of more hybrid feature
selection strategiesould reinforce the flexibility of the preprocessing module as the
examination of more combinationsontributes towards the design and application of
preprocessing toolshat could bereadily available forfurther research and reakorld
forecasting apptiations Second fuzzyrule basesmay provide enhanced interpretability
and decisiormaking to the forecasting models but this is done at the cost of scalability,
since the dimensionality of the fuzzified features could render the extraction of rules
infeasiblefor shortterm tasks that examine complex environmen8hortterm horizons
setstrict trainingandrecalibration time requirements and the increased complexity of the
environment often results in an extended space of fuzzified influeritiators where
feature processing becomes computationally expensNaive approaches neglectthe
challenge of dimensionality and attempt to include all possible rule combinations

generated from the fuzzified features. More robust approaches propose thglifiration
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of the rulebasethroughexpert knowledge, model assumptions and rule filteringplying

that the initial set of rules will be generated and subsequent methods will be applied for
rule elimination orreevaluation.Therefore recentresearchefforts do not sufficientlycover

the need for a deterministic approach that focuses on the most important influential
factors within the scope of a sherérm forecasting task in the energy sector in order to
build a small and interpretable rulbase that maintains the accuracy of the expanded

space.

Theseobservationscould be combined in order to highlighbe need forsubstantial
contributions in the design of neurofuzzy systearsd forecasting models thatitilize a
fuzzy controller for inform@on extraction througha rule base in order tdurther
understandenvironment dynamicdt is evidentthat fuzzification expandghe feature set,
introducing dimensionality issues in complex environmewtsle robust feature selectors
shrink the feature setmitigating performance hinderances armmeserving the most
important features. Therefore, strategies that evaluate the importance of the fuzzy
antecedents with regards to the target variables couldistsin the derivation of compact
rule sets, providing feasible solutiofts energy applications in shetéerm horizonsInthis
chapter, the designstrategyfor the development of a fuzzy controller with regards to the
electricity consumption of a residéial buildingis presentedThis researclprojectfocuses
on the improvementof the rule generation process through the integration of a hybrid
feature selector resulting in a smaller set of rules that accurately define the studied
environment.Thefollowing sectionscorrespondo the introduction, methodology results

and discussion of this published work.

3.2Introduction to Fuzzy Control System for Smart Energy Management in Residential

Buildings Based on Environmental Data

Modern erergy applications often use load profiles resulting from tisggies data of
electricity usage to monitor and manage the power consumption of customers efficiently
and reliably 98]. In an attempt to maintain the balance between power supply and
demand, erergy consumption patterns are further processed and as a result, a plethora of
models aiming at the adjustment of customer behavior are developed. The insights

extracted from the energy data convey more interpretable trends and patterns, which can
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be usedby the energy provider as a management tool for the control of distribution and
pricing. Additionally, the output of such models can be useful to customers as a
recommendation engine, helping them make more informed decisions and reschedule
their daily tags when opportunities arise for them to participate in more dynamic pricing
plans P9. In the past, simpler prediction and recommendation models were linear and
faced many challenges such as data dimensionality, trend detection, and uncertainty. Since
the study of residential and industrial environments requires a more detailed definition of
all the variables that contribute toward energy consumption, the energy datasets used in
modern applications often contain many important measurements ranging froraaqe
consumption values to weather parameters. Consequently, the dimensions of the inputs
and outputs grow, and this could hinder the computational performance of more
traditional models, rendering the resulting energy applications less effici@f0].[
Furthermore, linear models sometimes fail to capture the trends that can be observed from
the data, and the mathematical models used to describe them do not express the dynamic
and complex nature of those environments as they evolve over time. Hencey line
forecasting models and decisionaking applications yield less accurate and suboptimal
results, respectively 101]. Moreover, many input parameters used to define those
environments often have a more imprecise and uncertain meaning that is often assbcia
with human perception and expert knowledge. Therefore, it is difficult to fit those crisp
values in a strict mathematical model without further interpretation and achieve decent

performance 102].

Solutions to some of the challenges mentioned abovelmfound in the fields of machine
learning and fuzzy logic. Traditional machine learning methods, such as decision tree
classification, are capable of achieving highly accurate and interpretable results, while
more advanced techniques such as artificialral networks preserve the complex and
dynamic nature of those environments and assist in constructing more adaptive models
with impressive performance. Fuzzy logic methods tackle the challenges of uncertainty and
partial truth in decisiormaking systemssince the environments are processed in a more
interpretable way with the introduction of linguistic terms that express the vagueness of
human perception for input and output parameters. Since fuzzy systems are defined by

sets of rules that are close t@al world expert rules, decisiemaking models based on
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fuzzy logic are popular due to their computational efficiency and overall simplidig}. [

The main practical advantages of using fuzzy theory can be observed from several
successful Enterprise Resoe Planning (ERP) and power system control applications.
Fuzzy logic can handle the ambiguities and vagueness of qualitative factors covered by ERP
software [L04]. Additionally, the stability problems of mulirea interconnected power
systems caused byonlinearities can be resolved through fuzzy logic approaches by
approximating nonlinear models into linear saimdels [L05]. Hybrid techniques utilizing
concepts from both fields such as fuzzy neural networks are proven valuable in the
development of robusenergy applications due to their adaptability and their black
behavior [LOG].

However, it is worth mentioning that there are still questions, challenges, and research
gaps that arise with the evolution of those fields. Firstly, the challenge of diimeality is

a recurring threat to the performance and interpretability of those applications and design
philosophies around feature engineering should be applied in order to isolate the features
that are more relevant and important in a particular envinoent. In general, modern
energy applications based on those models need to yield results within specific time
intervals with the upper limit being the time that new data would normally be measured
by smart meters in order to be considered relevant and ptaigle. Therefore, systems
using highly dimensional input data could yield slower performance outside of the
acceptable time intervals. Secondly, there is a level of ambiguity that surrounds the design
process of each energy application, which is mosiigteel to the available knowledge and
information about the environment as well as the intended behavior of the finalized model.
For example, residential environments could be clustered together, and available expert
knowledge could extract a more generalizset of rules that is applicable to that group but

on an individual basis, expert knowledge could not always be readily available, and the
historical data as well as the behavior of each occupant could be more important in the
extraction of meaningful fes. Additionally, fuzzy logic models and machine learning
models often need to be retrained to reflect major changes in some vital parameters such
as occupancy and number of appliances. Since the environments evolve over time,
respective models need to agt to the new data easily, because decisions and

recommendations based on outdated rules could hinder customer satisfaction.
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A thorough examination of the literature shows that there exists relevant research work
highlighting aspects of fuzzy logic andahime learning in the development of systems that
offer optimizations, management solutions, and forecasting potential in the energy sector.
In 2008, Azadeh et al. [IPpresented a framework that combines fuzzy logic and a data
mining approach in order tpredict electricity demand. In their work, they briefly outline
different methods of rule extraction from decision trees and offer other meaningful
comparisons of their work with modern machine learning methods such as artificial neural
networks. The samgear, Lau et al. [18] presented a case study of a fuzzy logic forecasting
system in a clothing manufacturing plant, drawing optimal strategies for efficient energy
consumption forecasts in that environment. In 2015, Suganthi et 8B][published a
uselul review of fuzzy logic applications in renewable energy systems and concluded that
these models provide realistic estimates. In 2017, Emagbetere et )] fleveloped a
fuzzy prediction system for power consumption forecasts following the Mamdani
approach. Their system utilized a small set of predefined rules, and their work offered a
concise error comparison between different membership functions. Javaid e d].Jysed
Mamdani and Sugeno fuzzy systems in order to evaluate their adaptive thermodtaeir

work, the simplicity and flexibility of fuzzy inference systems is highlighted. Zhang et al.
[112] presented a fuzzy forecasting method utilizing historical data found in time series
through link prediction. Furthermore, Bissey et alLl3Ldeveloped a fuzzy logic method for
the optimization of electricity consumption in an individual residential environment, thus
allowing for the better management of appliances and for the flexibility to reshape the load
profile should that be desirablehis work is particularly important for our project, since it
shares a similar scope. In 2018, Krishna et Hl4][ proposed a smart home energy
management system based on fuzzy logic with a hardware implementation that renders it
ready for installation anddeployment. The impact of fuzzy reasoning on energy
applications developed for residential environments can be clearly seen in the work of
Nebot and Mugica [15], published in 2020, where a sidg-side comparison of two fuzzy
logic methodologies shows ¢himportance of feature selection and correct identification

of the most relevant building parameters.

Machine learning and fuzzy logic methods are strongly interrelated, and relevant research

on the field reinforces the notion that one approach can bérfedbm the integration of the
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other. Sophisticated machine learning methods such as neural networks follow a data
driven modeling approach that utilizes a numerical representation in order to prepare the
data for relationship induction and model inferenc8ince relationships between data
points are often presented as complex computational graphs, the interpretability and
flexibility of those models is poor due to the lack of a hugraachine interface. Therefore,

it is easy to understand that machine learg succeeds in the statistical induction of
models from observations and data, but there are considerable difficulties when
attempting to derive conclusions from premises, models, and assumptions. Fuzzy logic
extends existing machine learning models thghuconcepts, tools, and techniques that
introduce knowledgébased design elements and a symbolic representation of data that is
more interpretable. As a result, the logical deduction of conclusions is a significant
contribution of fuzzy logic to machinedming methods. Additionally, fuzzy systems can be
significantly improved with the integration of datixiven approaches. The development
and implementation of machine learning methods in statehe-art fuzzy systems could
address the potential sparsityf expert knowledge. Furthermore, the insights and data
processing techniques used in machine learning models could lead to the generation of
smaller and more accurate sets of rules while enabling future changes as the data evolves

without the continuous gpervision of an expert [ilf].

In this study, we focus on fuzzy control systems for individual residential environments
without the contribution of expert knowledge. We believe that many interesting design
approaches can be discussed in an attempt to ®thké challenges mentioned in order to
develop intelligent systems that merge aspects of fuzzy logic and machine learning
effectively. The main purpose of this work is to present the design and implementation
process of a fuzzy energy system for an indigidresidential environment; the system
discovers and generates rules based on a decision tree model that integrates a hybrid
feature selection method for the choice of the most important linguistic variables. The
proposed system should be viewed as a citmition to the development of intelligent
decisionmaking, recommendation, and management tools in the energy sector, since the
expected output denotes the optimal energy consumption value based on environmental
parameters such as weather data. This systeould be integrated into cliergide

applications in order to derive recommendations that could help reschedule the daily tasks
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of consumers and minimize energy consumption within short intervals. Additionally,
electricity providers could utilize thissgm as a secondary management and control tool
for regulation and electricity pricing in more customizable and dynamic models that apply
to individual customers indirectly. Classification methods and load profile monitoring could
be powerful tools that cotribute toward the creation of electricity plans, but the
realization that these plans are usually formed from generalized consumer patterns greatly
reinforces the need of having localized models that could help the adjustment of those
existing plans at greater detail in an attempt to increase customer satisfaction and plan
flexibility. To the best of our knowledge, the combination of machine learning methods and
feature engineering techniques explored in this paper has not been discussed before in the
context of individual energy consumption recommendations without the availability of
expert knowledge. Therefore, we believe that our project presents a novel and intuitive
fuzzy system structure that addresses the challenges and the complexity of therriid
environment while maintaining simplicity. Secti88 presents a concise overview of the
design process used in the development of a fuzzy control system, and the core structure
is expanded by outlining the components of the proposed model. SeBibpresents the
results by providing a sample response of the fuzzy system and listing the most important
improvements when compared to a simpler variant that does not utilize a hybrid feature
selector. Finally, Sectigh5offers a discussion of the relésiobtained from the design and
implementation process and identifies directions for the utilization of the system

future work.

3.3Materials and Methods

3.3.1Fuzzy Control System Design
3.3.1.1 Core Structure

According to the Mamdani inference methoil]7/] and fuzzy logic principled18], the

fuzzy control system includes several components that form a pipeline that is used to derive
crisp output values from a given set of crisp inputs. Uncertainty and imprecision are present
and often impact on the ddsionmaking process considerably, since people use-non
numerical information to evaluate and interpret real world scenarios. To understand the
entire design process, we explain each component of our proposed model in turn and

present the resulting algahm of the base Mamdani system
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In the first step of the fuzzy control system design process, the input and output variables

are selected, and fuzzy sets need to be constructed. Intuitively, fuzzy sets are regions of

data points that, to some degree, belgiio a certain linguistic interpretation of a variable

given a range of values. For example, if we selected the temperature of a room as our input

I NAIFO6fS yR RSOARSR (2 NBO23ayAl S GKS ftAy
trapezoidshaped curve add be defined to describe the fuzzy set that corresponds to the
fAYy3IdAaldA0 GSNY o6l NYéEd | SYyOSs GKSNB Aa GKS
sets and receive the corresponding degrees of membership. Continuing the example above,

a specifiroom temperature value could yield the set of membership degrees [0.8, 0.2, 0]
denoting the real world equivalent of asking 100 people about their perception of the room
GSYLISNI GdzNB yR ym: 2F GKSY NBALRYRAY3I gAl
warm. This assignment of values to membership degrees is achieved through the
membership function defined for each linguistic term, and this process is executed by the
fuzzification module of the control system. The number and types of the various
membership fultions used in the system structure are chosen by the designer based on
experimentation, expert knowledge, or clustering. It is important to note that fuzzy systems

that are designed to manage complex environments focus on having a low execution time,

and consequently, the choice of three or five membership functions for a given variable is

very common 119].

The second component of fuzzy control systems is the deemgking unit, which uses a

set of fuzzy rules in order to map the input truth values to the desired output truth values.
Fuzzy rules are¢FHEN statements between antecedents and are consequerpressed

in linguistic terms. These rules utilize fuzzy operat@®J] and are evaluated in parallel
using fuzzy reasoning. The evaluation of each fuzzy rule entails the assignment of rule
weights denoting their importance and the application of an implication method such as
the minimum and product, which scale the outpuizgy set accordingly. The number of
rules for a particular system heavily relies on the selection methods used, the intended
usage of the fuzzy system, and the complexity of the environment. Since the rules
constitute the basis for pattern identificationhe number of rules should cover every
possible result in the output. Fuzzy systems designed to produce predictions often use a

larger set of rules to maintain high accuracy, whereas systems that focus on the regulation
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of a specific behavior or the extraan of recommendations and insights focus on the most
important subset of rules that will be applicable in each case. Furthermore, rules can be
manually constructed or generated based on the availability of expert knowledge, the
variable dimensions, andé dependencies within a system. Simpler systems that remain
static and explore a smaller inmdutput space usually work well with rules created by the
designers in cooperation with experts on the field. On the other hand, dynamic systems
that change andevolve over time as well as systems that handle highly dimensional
datasets use rule discovery and generation techniques. Modern fuzzy systems use a variety
of methods from the fields of artificial intelligence and machine learning such as grid
partitioning, genetic algorithms, decision trees, and fuzzy neural networks in order to

generate interpretable sets of rule$21¢124].

The third and final component of fuzzy control systems using the Mamdani approach is the
defuzzification unit, where the results dhe rules are combined and distilled. The
aggregate output fuzzy set of the rule evaluation step is now mapped back to a crisp set.
There are a wide variety of methods used in the defuzzification process, which can be
organized in distinct groups based their properties. Maxima methods such as the mean

of maxima are often used in fuzzy reasoning systems in order to calculate the most
plausible result, whereas distribution methods and area methods such as the center of
gravity are increasingly popularfuizzy controllers due to the property of continuitiZ5).

The simulation and calculation of the crisp output using those methods is made easy due
to various programming interfaces and libraries in Matlab (R2020b, The Mathworks, Natick,
MA, USA) and Scikiuzzy that carry out these operations efficiently. Figdidepresents

the core structure of a fuzzy system that contains the components analyzed above and

serves as the basis upon which we shall expand for our proposed model.

These components form the atdard Mamdani fuzzy system, which will be structurally
modified to address the challenges of the use case examined in this work. The algorithm of
the standard Mamdani system used to compute the crisp ougpiabm the crisp numerical
input®  given arule base of statements in the form §f &E ® 4 ( %OE ® dwhere

0 and6 are fuzzy sets appearing in the antecedent and consequent respectively that
consist of four steps. In the first step, the degree of membership of iapuithe fuzy set

0 iscomputed a5 @ and the corresponding rules with positive degrees of membership
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are activated. In thesecondstep, the fuzzy set in the consequent of each rule is truncated
at the level of the previously calculated degree of membershkupning the output fuzzy

set’ s » Which follows the equation:
‘ s W I ETT ol o (3.1
In the third step of the algorithm, all the truncated fuzzy sets are aggregated to provide a
single set s » Which can be defined by the membership function:
s W TAGET o o (3.2
Lastly, the crisp output is calculated from the defuzzification of the fuzzy set using the

horizontal axis projection of the center of gravity of the region under the membership

function’ s inthe final step.

Rule Base

J,

Fuzzification ~——1> Decision-Making Unit ——>{ Defuzzification 4{>[ Crisp Output ’

v

Crisp Input

Figure3.1: Base Fuzzy System

3.3.1.2 Proposed Model

Following the base fuzzy system design of the previous subsection, the design of our
system, which features a decistomaking unit that is enhanced by machine learning
methods, is presented. Since the target environments of our system lie within the energy
sector, and specifically the automatic regulation and management of electricity
consumption at an individual level, certain aspects of the decisiaking process need to

be explored further in order to suggest fast and easily interpretable solutionsgidata

and environmental parameters such as weather variables form time series with complex
patterns that create complex datasets that cannot be easily expressed by expert rules. It is

easy to see that different consumers living in separate buildings H#ferent needs and
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therefore generate different load profiles based on their individual schedules and their
perception of the environment. Moreover, for the construction of the optimal
recommended consumption response to a set of weather parameterss méed to be
discovered by a method that could easily be retrained on new datasets when drastic
changes occur in the load profiles due to schedule or major appliance changes. The
increased complexity and dynamic nature of these environments often reslatger sets

of rules due to the high number of input features. Consequently, one of the main appeals
of fuzzy logic methods, namely computational efficiency, could be hindered if no extra

processing is performed on the input features

In order to tacklethe challenges mentioned above, we divided the decismaking unit

into a feature engineering and a rule generation process, which proceed to organize rules
and feed them to the inference engine of the SqiKiizzy application programming
interface (API¥or evaluation. The feature engineering process focuses on reducing the
number of distinct inputs while maintaining the most important linguistic terms associated
with each input variable. Onkot encoding 126 is used in order to denote the presence

or absence of a specific linguistic term based on the most dominant fuzzy labels produced
by the membership function evaluation. The resulting sta#sed features are ranked
based on their importance in a hybrid feature selection system including XGBoa4t (1.2
The XGBoost Contributors, Seattle, WA, USA) and decision tree metrics. The linguistic terms
with scores above certain thresholds are appended to a list and passed down to the rule
generation process as inputs. In this process, a decision tree classiéenstructed, and

each branch of the resulting tree is linearized recursively into a relatively small set of IF
THEN rules. The crisp output is derived after the rule evaluation and defuzzification of
results following the Mamdani approach. In FiglB2, we present a diagram of our
proposed model outlining each step used to construct the rule base, and in Bg@uree
include a diagram of the main use cases that could take advantage of this fuzzy system as
it was discussed in a previous section. In the following subsections, we apply this model
design on a realorld energy dataset of a building and analyze eaelp sn more detalil

while explaining all the decisions formed in order to handle that data efficiently. For the
following case study, Pandas 0.25.3 and Numpy 1.17.3 were used for data manipulation,

Matplotlib was used for visualization, and XGBoost 1.2d &cikitlearn 0.24 were used
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for the rule generation and the hybrid feature selection. Sdtkitzy 0.4.2 was used for the
construction of the fuzzy system. The project was written in Python 3.7.5, and the
simulation was executed on a desktop computerhngin AMD Ryzen 1700X processor, 8
gigabytes of RAM, and an Nvidia 1080Ti graphics processor. The code of this project is
available on Github127].

Crisp Input

| | Fuzzified Feature
[]\Icmhchhlp Funcl]unsH Fuzeification | wefed Eeate
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Inference Engine (—i IF-THEN Rules
State-based Features
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Crisp Output Response l
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Figure3.2: Fuzzy system design for optimal consumptiocommendations based

the load profile and weather data.
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Fuzzy System

Minimum Energy Consumption Curve

Provider-side plan
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Figure 3.3: Potential integration of the fuzzy system as a minimum er

consumption recommendation tool for consumeapplications or as a second

analysis tool for provideside adjustments complementing the load curve.

3.3.2Dataset Overview
In order to construct a complete simulation of the proposed system using-&cikiy, we

utilized the energy data found irnl28]. This dataset contains a time series of energy
consumption and weather data of a leenergy house designed according to the passive

house certification129] in Stambruges with a total floor area of 283 amd a total heated
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area of 220 rA The house has four occupants: two teenagers and two adults. The data
variables collected in this dataset consist of the appliance and lighting energy consumption,
temperature and humidity values of nine different areas inside and outside the residence,
wind speed, pressure, visibility, two random variables introduced in the original paper for
the study of regression tasks as well as date andtiehated features such as number of
seconds from midnight, week status, day of the week, and a date timestAhgenergy
consumption values as well as the values for humidity and temperature were recorded by
sensors at terminute intervals and transmitted vidb¥e radio. Weather parameters such

as wind speed, pressure, and visibility were collected from the wedth& G | G A 2y Ay
at an hourly sampling rate and were interpolated to producenii@ measurements. The
dataset contains records of a 1-8/ay time span and further exploratory analysis of trends,

feature correlation, and importance were carried out hetoriginal paper

For the purpose obur project, we selected the appliance energy consumption as the
output variable, since the desired behavior of our fuzzy system was the generation of
optimal energy consumption recommendations for the occupants based on environmental
parameters. As fomput, we selected the local temperature and humidity measurements
for the nine areas as well as the weather variables of wind speed, visibility, and pressure,
since the perception of each feature could vary between occupants, therefore making such
featuressuitable for fuzzification. Since the input consists of a total of 21 columns, we can
already observe that in the ensuing step of fuzzification, the feature space expands, and

refinements are needed in order to deal with its size efficiently.

3.3.3Fuzzificabn
In this subsection, we analyze the fuzzification process in which the crisp values of input

and output variables are converted into fuzzy sets. In order to achieve that, we generate
box plots, as presented in FiguBet, and further inspect the exploraty data analysis of

the original paper. As a result, we infer the ranges and the universe of discourse for each
variable, and we are able to define sets of linguistic terms as well as membership functions.
In order to maintain the computational simplicignd interpretability of the system, we
select to assign 3 linguistic terms and the associated membership functions for pressure,
visibility, wind speed, and humidity while appliance consumption and area temperature are

assigned 4 and 5 linguistic termaspectively. A range of 3 to 5 terms and functions is very
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common in the literature and could adequately capture the human perception of a fuzzy
variable. Furthermore, common membership function shapes are selected such as the
triangular, trapezoidal, angigmoid through the generators of Scikitizzy in order to
contribute to the overall simplicity of the system. In TaBl&, we list the linguistic terms
assigned to each variable, and in Fig@t, we present the graphs of the associated
membership fundbns. Since the human perception of temperature and humidity in any
given area is universal and the different upper and lower bounds for each area individually
would not alter the human decision in the characterization of those parameters, all nine
temperaure and humidity features share the same membership functions for temperature
and humidity, respectively. However, the temperature and humidity of each area is defined
as a different fuzzy input variable on the system in order to match the complexityeof t
environment we study. Intuitively, a human would make nine different decisions for each
area of the building and aggregate those in order to make a deduction. It is worth noting
that since the ranges for each variable are derived from dataset analysisnput and
output of our system can easily be parameterized to fit the load profiles of other buildings
given a history dataset. Finally, the degrees of membership for each crisp record are
calculated with the interp_membership method of Sckkitzzy,drming fuzzy sets for each

input and output value.
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Table 3.1: Linguistic terms for input and output fuzzy variables.

Variable Linguistic Terms

Temperature| Very Cold, Cold;ool, Warm, Hot

Humidity Dry, Comfortable, Humid
Wind Speed Low, Medium, High

Visibility Low, Medium, High

Pressure Low, Medium, High

Consumption,  Low, Medium, High, Very High
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3.3.4DecisioaMaking Unit

In this subsection, we follow the results of the fuzzification process and analyze the feature
engineering and rule generation processes needed to construct the decrsaimg unit
for our fuzzy system. Since the environment we study is based on a tétenergy

dataset of a building and there are many different parameters involved in the induction of
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the recommended appliance consumption values, we need to be able to extract rules that
are general enough to address the most dominant states of eachnpea and at the
same time specific enough to include the most important states of each parameter that
contribute the most to the construction of a rule. Furthermore, as the environment
changes and evolves, we need to ensure that an easily interpretabiielnin place that

can be conveniently retrained to reflect the updated set of rules in case there are major

changes in the occupancy, the appliance setup, and the general operation of the building.

The fuzzification process yielded membership scorea forsp value on the corresponding

set of linguistic terms. In order to derive the most dominant linguistic term that will be
useful for rule extraction, we select the maximum membership score for each crisp value
and construct a new dataset that consististhe dominant label for each input and output
variable. For example, if the value for visibility yielded the highest membership value for
0KS fAYy3IdzAiaidAO GSNY GaSRAdzYé: ¢S asSid aGKIFG |
dataset. Additionally, deito its simplicity, versatility, and interpretability, we selected the
decision tree classifier as our base model for rule extraction. Since the new dataset of
dominant terms contains categorical input and output variables, we apply-hone
encoding on tle input and use the output terms as classes in order to enable the decision
tree to process the data effectively. Therefore, the original entry of the above example is
replaced with the appropriate three columns for low, medium, and high visibility while
having the value 1 for medium visibility and O for all other terms. This data transformation
introduces the challenge of dimensionality, since the combined total of 22 input and output
feature columns is now increased to 85. Gw@ encoding contributes tdhe desired
behavior of the model, because all possible decision paths are represented in the branches
of the decision tree. However, a large amount of decision paths could lead to a substantially
large set of rules that not only hinders the interpretatlyilof the decisiormaking model

but also the computational performance of the fuzzy system.

In order to tackle the challenge mentioned above, we shift the focus to the pursuit of the

most important terms that influence appliance consumption through thecpss of feature
engineering. Since we now have stdtg@sed features for each variable, we no longer need

G2 al GKS [dzSadAz2ys a52Sa GKS GSYLISNI GdzNB
2y FLWLIX AL yOS SySNHe& 02y adzy Litls theg Hafe ofdedding NI § K ¢
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above questions reflects the quality difference between feature engineering approaches in

a fuzzified input space. Choosing to answer the sdaprestion is equivalent texamining

the possible antecedents of a rule one by one without significant information loss. On the

other hand, the first question could eliminate the entire feature of temperature, thus
rendering the rules more general and setimes less applicable to input sequences where

an antecedent related to temperature would activate a specific rule for computation.

Therefore, for our fuzzy system, we select to apply a hybrid feature selector, inspired by
the feature selection method pposed in 130 and based on the feature importance
values derived from an XGBoost classifier and a decision tree classification model on their
default configuration. The onbot encoded dataset was split into a training and validation
set with 70% of the atta allocated to the former and 30% of the data reserved for the latter.
These models were constructed with the expectation of retraining the deemiaking unit

in the future; thus, choosing the simple hebdit validation would be less computationally
expensive than the other methods. The importance scores are extracted using thénbuilt

methods of the Scikilearn and XGBoost packages, and they are presented in Hgure
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Figure 3.6: Importance scores of statbased features. & XGBoost featul

importance, showing the importance of a feature on the performance of a tr:

model using this algorithmjp] Decision Tree Classifier feature importance, sho

the normalized total reduction of the criterion brought by that feature. M

important features receive higher scores.

It can be easily observed that since each feature was split into several linguistic terms, the
individual importance score of each term asute antecedent yields relatively low values
in both cases. The feature selector uses a threshold for each classifier to append the most

important statebased features into a list followed by duplicate elimination. The following

formulas clarify the procesof appending a feature to the list:
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SymbolsQand "Qdenote the candidate feature groups to be appended to the list, and the

variables"O® "Q and "O0 "® refer to the feature importance values derived from the

XGBoost and Decision Tree classifiers, respectively. The syiplaoid ¢ represent the

selection threshold of each method and are set to 0.035 and 0.045, respectively. Each

threshold was selected after the inspection of each individual feature score. The values

represent the middle points of each scale, shifted by 0.005 considering the rounded

maximum and minimum importance of the variables.

The resulting list of features is used as the input of a new decision tree classifier, where the
output classes are the linguistic labels that characterize consumption. Decision trees are
suitable for ruleextraction, since they can be linearized tqtlfen statements 131].
Consequently, we inspect every path of the decision tree recursively and parse the
corresponding rule based on the features appearing in that path. Eacteabtree node
contains a stee-based feature, which is selected as an antecedent for the rule. If the
feature follows the left branch of a decision path, it is used with the negation operator,
since the value for that term is 0. Alternatively, if the feature follows the right braibch,
included in the antecedent as is. The antecedents in each rule are connected in logical
conjunction. Leaf nodes denote the consequents of each rule, since they are the linguistic
terms that characterize appliance consumption. The rules are writtentext file, which is

then processed and parsed to generate an executable Python code that can be used by the

ScikitFuzzy API to perform simulations of the fuzzy logic system.

3.4Results

In this section, we demonstrate the output response of the fuzziclegstem after the
simulation of an input sample. We outline the performance and interpretability features of
the system by highlighting the effectiveness of the changes made in the denisiking

unit. Such changes affect the way input and input is teehdluring rule generation and
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shorten the response time of the computation process. Since the crisp output results from
the aggregation of rules that get activated (that is, their antecedents are satisfied), using a
reduced rule base consisting of the mosportant antecedents leads to fewer antecedent
checks. Moreover, due to the nature of some defuzzification methods and the disjunctive
effect of multiple rules as seen it]7], the output may not satisfy the consequent of any
rule to any extent, becawsit would be the result of a compromise between different
extreme regions on the consequent. Using a decision tree structure combined with a
feature refinement technique should decrease the likelihood of those compromises, since
the resulting branches arexpected to be smaller and distinctly different on the variables
that represent the antecedents. Therefore, rules that could point to different extreme
regions, causing a compromise in the aggregation, are expected to include a higher number
of different antecedents that need to be activated. The effect could still be present, but
this expectation sets the requirement of having different antecedents and contributes to

the interpretability of the system.

For our example, we assign as input values the easjes of the first dataset record. Since
this system does not predict energy consumption but is aimed at giving advice on the
desired minimum consumption based on past operation, the selection of dataset records
for demonstration purposes is a fast ancheenient way of providing a realistic set of input
values. Arbitrary input values for each dataset feature could still yield a response from the
system, but the process of determining the probability of their occurrence for this building
would be time congming and lies outside the scope of this work. The fuzzy system was
initialized with the integration of 281 rules derived by our decisioaking unit. Since the
record passed in the input may contain data fields that are not present as antecedents in
that set of rules, we implemented conditions to check for their occurrence in the rule base
and exclude the columns when those antecedents are not present. In this example, we
observed that 11 out of the 21 input variables were not present in the final satle$r
hence excluding five temperature values, five humidity values, and the pressure value.
After 1.27 s of computation time, the system yielded a response of 209.89 Wh for appliance
consumption, which can be interpreted as the optimally typical conswmnptalue based

on the given environmental data and the history of operation of the building. In F&jtre

we present the resulting area that is used to calculate the crisp output value based on the
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Mamdani approach. Additionally, in FiguBs8, we presenhthe response of the fuzzy

system for 500 1@nin intervals, denoting the minimum energy consumption for 500
dataset records. While the inspection of an individual data point in Fi§uterovides
significant details on the two fuzzy sets involved in ttemputation as well as their
membership, the simulation in FiguBsB shows that the minimum energy consumption of

the buildingcould S OKI NI} OGSNAT SR & Yz2adftée aaSRAdzYE
crisp output values vary, showing the potential urgihce of fuzzy sets related to different
linguistic terms. For example, for timesteps where the minimum energy consumption is
below 140 Wh, we can assume that there could be a significant past contribution of several
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Figure3.7: Sample response of the fuzzy control system for the computation of e
consumption. The resulting fuzzy sets are derived from highlighted blue an
orange surface areas and the bold black line denotes the optimally typical ¢

consumption value after the defuzzification process.
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timestep is a 1énin interval corresponding to a dataset measurement.

This control system features several improvements over the base ID3 model for this
environment due to the implementation of the decisiomaking unit. Tabl&.2 presents

the accuracy scores and the number of resulting rules after the linearization. Thoomgh
experiments, we observed that the feature engineering process contributed to a slightly
higher classification accuracy while considerably decreasing the number of input features
and the number of the resulting set of rules. Consequently, the fuzzgraysias capable

of computing crisp values fast, despite the complexity and initial number of the linguistic
variables. Moreover, it is important to mention that since the time interval of the
measurements in the dataset is 10 min, we set that time as theeupimit for a fuzzy
system response; this should be the maximum amount of time so that the computed
optimal typical value would be the most valuable for applications. The base decision
making unit produced a significantly larger set of rules, and theyfggstem did not yield

a response during that time

Table3.2: Linguistic terms for input and output fuzzy variables.

Model Features Accuracy (%) Rules
Base Decision Tree 85 88.8 802
RefinedDecision Tree 14 89.2 281
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3.5Discussion

Thisresearch worlexplored a fuzzy system design approach for a residential building based
on weather parameters in order tderive recommendations for the minimum energy
consumption values based on environmental data. Since the rules of the system are
unknown and the nonlinearity of the recorded time series data increases the overall
complexity of the environment, a machineal®ing model was constructed and the
decisionmaking unit of the fuzzy system was modified in an effort to generate accurate
rules based on the past operation of the building. Compared to the more traditional
decision tree rule generation model, our struot managed to shrink the set of rules by
65% while achieving slightly better classification accuracy. Dimensionality proved to be
another challenge for this system, since a total of 85 features would result in a large
decision tree that would be hard toterpret, and the generated set of rules would slow
down computation time. Therefore, the decision to implement a hybrid feature selector in
an attempt to find the most important linguistic terms led to a significant structural
optimization [L32], since tke remaining set of features was 84% smaller than the initial one,
and crisp input values were essentially filtered against the rule base to eliminate redundant
features i.e., features that do not contribute to the conditions of any rule. Consequently,
the computational performance is acceptable, since the response of the system is within
the time interval of recording an energy consumption measurement through smart meters.
The base linearized decision tree structure featuring all available variables tbgulte
larger and less accurate set of rules. Therefore, there was no output for the base system
within the 10min intervals. For the purposes of this work, we are satisfied with an
acceptable computation time within the measurement interval because theyfuationale

is not constantly exact, and the output of fuzzy systems may not be generally acknowledged
[133. Shifting the focus toward faster computation times could be detrimental to the
stability of the system due to refinements that could be more aciful than feature
importance, resulting in an insufficient amount of rule checks. Thus, we focused on the
structure and the quality of the features in order to ensure proper knowledge

representation.

Additionally, the decisiomaking module could be e&gretrained to accommodate future

changes in occupancy and appliance operation. The resulting energy consumption values
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represent the optimal consumption under the specified weather conditions and could be
used by applications in order to inform the consers, encouraging them to maintain or
change their consumption habits, thus introducing fewer irregular patterns in their load
profiles. Alternatively, the response of this fuzzy system could be utilized in demand
response applications on the provider side order to drive indirect adjustments to
consumer behavior through varying pricing schemes. Since we believe that a direct
adjustment targeting the load profile curve could lead to consumer dissatisfaction, an
indirect adjustment based on the recommendednsumption could provide an incentive

to consumers to manage and plan their activities voluntarily. The integration of the
proposed structure in consumer or provider applications could be overaltfusedly,

since environmental measurements and smamretering information could be provided
automatically, without the contribution of an expert for the extraction of knowledge in a
particular residential building. Moreover, depending on the parameterization used in the
configuration of membership functiorfer each use case, this system could be suitable for
any residential building. Since we use fuzzy logic to map input and output to linguistic terms
through an application programming interface, it could be convenient for developers to
use those linguistiterms as an additional tag when referring to the output response, thus

characterizing the minimum energy consumption in a more interpretable way.

However, it is worth noting that maintaining the transparency of the system and the
simplicity in our approackould be regarded as an adaptability and performance hurdle
under specific circumstances. The decision tree structure used in the rule generation
process can be sensitive to changes in the data. Since the input and output are tied to
linguistic terms, thee is a level of protection tied to the range of values that corresponds
to the same linguistic term but more extreme data variations that could result from
significant changes in the appliances, the activities of the occupants, or extreme weather
conditions; the model may need to be trained again to reflect the changes on the rules
appropriately. Fortunately, in the localized residential environment, retraining the model
would not be detrimental to the realorld performance of the system considering
measuements recorded at 1@nin intervals, but we can expect that a rule generation
module based on a neural network and evolutionary algorithms would be more efficient

under those extreme conditions while sacrificing interpretability.
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In the future, comparisos between this decisiemaking model and other modern rule
generation approaches such as fuzzy neural networks and genetic algorithms would be
beneficial to the overall exploration of interpretable and computationally efficient
solutions for similar datass under the same assumptions. Additionally, the integration of
similar fuzzy system designs featuring comparable feature engineering approaches would
be an interesting area to explore, as automation solutions and demand response
applications evolve withhte help of machine learninginally the extension of the existing
system with the inclusion of a feedback module capable of regulating the desired behavior
of the residential buildings based on specific thresholds set by the electricity providers

would enhance the proposed structure.
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4.1 Motivation

Standalone estimation models add significant value to sterh forecasting in the energy
sector since they provide performant solutiotftgough a single centralized structufer

the prediction of load and electricity pricA plethora of methods ranginigom traditional
statistical models to more robust machine learning approaches could be applied to those
tasks enabling the development of flexible demand response applications and energy
management system3he complexity of those models could be eadéyerminedthrough

the analysis ofelatively small sets of hyperparameteand satisfactory predictions could

be derived within short time intervals. Thereforihe performance evaluatiorof those
models could provide insight towards the individual bebawf estimators in shorterm
horizons and thegreater role of each structure as a building blaokcombinatorial

methods.

Recent research efforts focus on machine learning estimators and the class of neural
network models since these structures could adapt to more comiies seriespatterns
through more robust and highly customizable training procesadditionally, sincethese
methods typically operate as black box approaches for function approximatibe
resulting models are difficult to interpret and a more thorough examination of the output

is often required.Lastly it is evident that most standalone statistical motiefollow a
simpler structure based on dataset assumptions.a4ssult, generalization issues could
occur and the standalonstatisticalmodels may not be able toffer scalable solutions as

the dimensions of the studied dataset increasm®d the time series include more diverse
patterns. Therefore this observationrendersthe study of standaloneneural network
structures increasingly interesting as energy research and applications focus more on the

designof flexible realtime automationsystems.

Standalone neurahetwork structures such as MLP, CNN and L®Tidt a wide range of
powerful tools for shorterm load and price estimatiosince complex patterns could be

identified within a small amount of training epochichese models are wally used in the
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design of robust forecasting frameworks coupled with novel preprocessing or optimization
techniques and oftercould becombined to form more sophisticated modelldowever the
selectionprocesdor the utilization of a specific neural network structure is not always clear
since thebaseline performance evaluation of those structure does not sufficiently cover all
shortterm and very shorterm forecasting scenariosonsequentlythere is confusion
surrounding the integration of those methodbat typically leads to arbitrary decisions and
extensive trial and error experimentatioAs the forecasting horizon becomes shorter, it is
observed thatfewer studies consider the performance comparison of thosele® and

tasks involving highly granular load and price measurements are insufficiently covered.

In response to those observations and the overall uncertainty surrounding high resolution
energy forecastinghrough neural network design, our contribution daeses on the
comprehensive comparison of baseline neural network performance for the forecasting
task of minutely active power prediction§hisstudy highlights the performance of MLP,
CNN and LSTM variants in their default configuratimoughthe simple and interpretable
metric of MAEand examineshe training behavior of those structures through graphs that
monitor the training process. Additionally, the average training time per epoch was
measured for each baseline configuration in order to dernbiemost efficient architecture

in terms of convergence.

Thiscontribution coversseveralperspectivesof the minutely sampledpoint forecasting
tasks, resulting in the thorough understanding of this edge case for future resdarsh.
the examination of error metrics allows researchers to observe the performance
characteristics of the studied structures as the deployment of those powerful architectures
is expected to yieltbw error values in high resolution point forecasting procesSesond

the examination of the loss cues provides useful informationith regards to the training
process in this edge cadeis evident thatighresolutiondatacouldpresentpatternsat a
higher level of detaibbnd neural network structures could learn those patterns easily
through a smHer number of iterationsvhen compared to other forecasting horizoissnce
impactful changes to weights and parameter valtygscally occur during the early training
stages it would be interesting to monitor the effect of those chaniges use case where
the first training iterations couldrepresentthe majority of training steps Third, the

evaluationof trainingtime in thisresearch scope scrucialfactor towards model selection
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since higher training time could render the deployment and recalibration of a model in this
forecasting horizon infeasible. Alternatively, these measurements could also highlight the
need for morecomputing power, denoting @t some neural network structures could be
more computationally expensivé\s a result, future researchworks focusing on energy
applicationscould consider those three perspectives and based on the results of this study,
they could establish a base for more informed model selectipeeding up experimental
throughput in shoriterm and very shorterm tasks The following sections correspond to

the introduction, methodology, results and discussairthis published work.

4.2 Introduction to Minutely Active Power Forecasting Models using Neural Networks

The evolution of the smart grid and smart metering technology has enabled electricity
providers to develop more sophisticated Demand Response (DR) programs in order to
influencethe consumption patterns of their customers by adjusting pricing signals. In the
modern grid, Demand Response programs exploit the dependencies of the information
streams that flow between customers and suppliers. Customers allow for their load profiles
to be created and scrutinized, by providing smart meter data that reflect their consumption
patterns; the data are derived simply from the daily operation of their devices. Suppliers
are then able to interpret that data, and after identifying the demandntis, they can
reflect them on supply expectations via price signal alterations that, in turn, can shift or
change consumption patterns. In this way, electricity demand may be handled in a dynamic
environment. In search of greater Demand Response flexibititl optimization as well as
better third-party support through automation there is a lot of ongoing research in the field
that is focused on the development of more precise load forecasting techniques, in order
to obtain even more dynamic price signalj@tments. Hence, there is a considerable
contribution from the areas of artificial intelligence and machine learning to the energy
sector by way of various models and techniques aimed at managing and predicting real

time price and load fluctuations 84].

Since the data extracted from smart meters is in the form of time series, many statistical
methods and classical machine learning models have relatively difficult implementations
due to the temporal difference of the data points and the limitations contey missing

values, data dependencies, and dimensionality. The problem of missing values refers to the

127



complete absence of some samples or the existence ofintampretable data entries in a
dataset [L35]. Missing values introduce a level of uncertainty and bias which degrades the
performance of classical models. Therefore, the reasons behind the existence of missing
data need to be identified and imputation techniques in the preprocessing of the data hav
to be considered in order to create more robust classical models. On the other side of the
spectrum, neural network models often omit missing values without a significant loss of
quality in the results. Furthermore, data dependencies refer to the hidedationships

and patterns, such as trends, which could provide useful insights about the time series
[136). Traditionalautoregressivantegratedmovingaverage (ARIMA) models are based on
linear relationships and not on the joint distribution of randoariables. Hence, nonlinear
trends are not fully explored. Additionally, the limitation of dimensionality refers to the
ability of the model to process a large number of input variables derived from different
time series efficiently, while yielding meaningfresults L00. Traditional models focus
primarily on univariate input data, considerably limiting the potential insights derived from
richer time series datasetd37]. Neural networks are more suitable for handling complex
relationships within the dateand for developing robust forecasting models that are
tolerant to noise: long shosterm memory (LSTM) network$38] are capable of identifying

the longterm dependencies between data points and convolutional neural networks
(CNNs)139 can extract featres from the raw input sequence and encode them in a low
dimensional space. The muléiyer perceptron (MLPYLAQ can model nodinear trends

and is able to handle missing values in the datasets well.

In 2015, Alamaniotis and Tsoukald€l]] presented adata-driven method for minutely

active power forecasting based on Gaussian processes. This research project highlighted
the importance of minute predictions in the residential setting due to the volatile nature

of household consumption and examined mache&ning models that outperformed the

more traditional autoregressive moving average approach. In 2017, Singh ed?). [1
trained an artificial neural network comprising 20 neurons in order to conduct gbort

load forecasting of the NEPOOL region2® INew England and yielded a decent Mean
Absolute Percentage Error (M.A.P.E) performance while training on weekday data points.
In 2018, Kuo and Huang43] proposed the Deep Energy neural network structure, which

consisted of an input layer, a feature exttion module, and a forecasting module. The
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tuning of the parameters in the convolution layers of the feature extraction module and
the data flattening layer in the forecasting module resulted in relatively high precision
shortterm load predictions. Heen et al. 144 examined deep neural network
architectures in order to accurately forecast residential load consumption for a single user
with one-minute resolution based on one year of historical datasets. Zhang et4d] [1
reviewed machine learning methods in smart grids and outlined si&tee-art
approaches in the field of load forecasting. Kampelis el 4§ [used the genetic algorithms

and neural networks to evaluate dahead load shifting techniques. Koponen kt[247]
presented physicaland datadriven models for Demand Response. Their work presented
a very useful comparison of a support vector machine and a +#aykr perceptron for
power forecasting. In a more recent work, Ahmad et ad8[Jproposed a modiar neural
network model for load forecasting which consisted of a-precessing module for the
input time series, a forecast module where the artificial neural networks were trained, and
an optimization module which helped minimize the forecast error.ltidéa et al. [149]
utilized machine learning processing techniques such as feature engineering and
hyperparameter tuning in order to optimize a Gradient Boosting Regression Trees (GBRT)
algorithm which performs very shetérm load forecasts with a Binute horizon based

on minutely sampled data. Zhu et al50 presented a comparative study of deep learning
techniques using minutéevel realworld data of a plugn electric vehicle charging station

in order to evaluate the performance of those approachbesa variety of timesteps. The
results of this study are valuable to machine learning researchers in the energy sector due
to the examination of many different configurations in the deep learning space. Gasparin
et al. [L5]] assessed the performance of e recurrent neural networks on minutely
sampled datasets of individual household electric power consumption in order to pave the
way for standardized evaluation of the most optimal forecasting solutions in the field.
Susan Lil5Z, in an article about the series prediction using LSTM, highlighted the
minutely sampled data of a residential dataset provided by the University of California at
Irvine (UCI). Cheekot$%3] presented the main advantages of neural network techniques
over classical machine leang in time series forecasting, and, finally, Ord&4

constructed an LSTM model in order to predict trading data.
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In this study, we focus on the minutely active power forecasting for residential electricity
consumption, since we believe that, despiteeth overall complexity, accurate high
granularity models can lead to firgrained price signal adjustments. In the development
of those models we use the types of neural networks mentioned above on the individual
household electric power consumption dataséound in the UCI machine learning
repository [L55. The main purpose of this work is to compare the baseline performance of
each network on the same dataset and provide useful remarks on the training process of
each model. There is little work in tlegea of minute power forecasting and our study is
the first concise comparison of the core neural network types on this prediction horizon
with experiments conducted on residential active power data. In SeetiBnwe explain

the methodology and the conpts that were followed to conduct the experiments. In
Sectiord.4we present the results of our experiments through evaluation metrics relevant
to the training process and the prediction quality of each network. Finally, in Secbon 4

we discuss the results obtained and suggest some directions for future work

4.3 Materials and Methods

4.3.1Neural Networks and Performance Metrics
In this subsection it is important to provide a concise introduction to the neural networks

and the performance nteics we used for our experiments in order to outline their primary

behavior prior to presenting the configurations of our machine learning models.

4.3.1.1 Multi-Layer Perceptron

The multilayer perceptron extends the perceptron learning algorithibg and uses
neurons arranged in layers in order to form a feedforward artificial neural network that
approximates a function. This type of neural network uses alm@ar transformation on

the input, which is learnt through the adjustment of weights anakles in the intermediate
layers of the network. For simplicity, we considered a rHaiter perceptron with one
hidden layer. This MLP approximated a functi®Y © ‘Y , whereOis the size of the
input vectorwand 0 is the size of the output vectdQw . Following the matrix notation,
the MLP, which consistedf an input layer, a hidden layer, and an output layer, can be

expressed by the following formula:
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In this formulagy and®  are the bias vector and weight matrix from the input vector
to the hidden layercd andc@  constitute the bias vector and weight matrix from the
hidden layer to the output. Activation functioisand "Odefine the output of the hidden
layer and the oytut layer, respectively, given a set of inputs. The MLP was trained through
backpropagation in order to minimize the error in the output, while approaching the

expected result. The change in each weight was calculated with gradient desbéht [

4.3.1.2 Gonvolutional Neural Network

Convolutional neural networks share the same principles as other artificial neural
networks, such as MLP, since they also consist of neurons arranged in layers and utilize
iterative weight and bias updates to learn a functioneTain differences with other types

of neural networks lie in the operations performed, the architecture, and the areas of
application. Convolutional neural networks perform kernel convolution by passing matrices
of numbers, the kernels or filters, ovehd input in order to detect features. The base
architecture of a CNN consists of the convolutional layer, the pooling layer, and the fully
connected layer. The convolutional layer performs the kernel operation described above in
order to produce a featurenap. Pooling layers use the sliding window method in order to
downsample the feature map, reducing its dimensions. The inclusion of pooling layers helps
the networks train faster and provides an extra layer of safety against overfitting. Since
convolution and pooling layers follow a 3D arrangement of neurons, data need to be
flattened in order to produce 1D vectors in the output. Furthermore, fully connected layers
are used on flattened input in order to produce the output of the CNN model. F@glire
illustrates the structure of a convolutional neural network. The training process of CNNs
shares the same concepts as MLPs but the formulas used throughout this process are
modified to accommodate the differences in neuron arrangement and the usage of
convoluton. This type of neural network is particularly popular in image recognition, since
image data can be segmented appropriatelp. For the purposes of our study, we
conducted some experiments on the 1D CNN, since this variant handles data with low

dimensonality and is suitable for time series and sensor data analysis
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Figure4.1: Convolutional neural network architecture illustration created using

NN-SVG online schematics tool found 159).

4.3.1.3 Long ShorTerm Memory Network

Long shorterm memory networks constitute a variation of recurrent neural networks
(RNN) 160 primarily designed to handle lortgrm data dependencies. Similar to RNN, the
LSTM follows a structure consisting of blotks,LSTM cells. Each cell has its own shate
which is passed down to all the blocks in the network. Since the cell state passes through
all the LSTM cells, each cell can adjust the state by removing or adding information.
Information flowing through hie cell state can be regulated with the forget, input, and
output gates of every cell. The forget gate of a cell at the timestant®elps with

information removal and can be expressed with the following formula

Q s Q W ® 4.2
where @ is the information at the current timestamfXQ is the output of the previous
LSTM block) is the weight of the gate( is the bias, ang is the sigmoid function.

Similarly, in Equationgt@) and 4.4) the input and output gate arexpressed witho and

& being the respective biases andand0 the respective weights.
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The input gate indicates which values will be updated and stored in the cell state.
Furthermore, the output gate indicates the parts of the cell state that will be moved to the
output. The information that could possibly be stored to the cell state attitnestampo

Is expressed as the candidd@and is formulated as:

Q O0WdR0 Q h ® (4.5

where0 and are the respective weights and biases. The current cell state that reflects

the adjustments made at timestanmgpcan be expressed as:

~ ~

H d w0 (4.6)

where® denotes the cell state at the previous timestamp. Lastly, the outpuhefdell

"Qis expressed as:

0 €20 dRG 4.7

LSTM networks have been used extensively in the field of load forecasting since the ability
to capture long temporal dependencies efficiently is an important characteristic for time
series analysis. In this study we decided to test the base LSTM and tsgovar@ants, the
stacked LSTM and the bidirectional LSTM, in order to make the comparison more complete.
The stacked LSTM variant contained more than one hidden layer of cells and the
bidirectional LSTM duplicated the first recurrent layer in order to psscan input
sequence in both time directions simultaneously. Lastly, the LSTM networks were trained

with backpropagation through time and gradient desceti]].

4.3.1.4 Performance Metrics
Since our machine learning task was the prediction of residesmtiale power, regression

metrics were considered in order to capture the error in our predictions. Throughout the
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literature, popular regression metrics such as RMSE, MAE, and MAPE are commonly used
to denote the loss in the predicted results of neuraltwmerks [162). In this work we
selected MAE as our loss functignceit is a linear scoring function of equally weighted

differencesrendering this metri@asy to understand and interpret.

Our definition of baseline performance for each neural network model examined in this
study was the set of MAE scores on the train and test set as well as the average training
time per epoch under the assumptions that the configuration parameters weresainee

and the networks were tested on the same dataset with the same preprocessing
adjustments. Seasonal dependencies and special days would certainly improve the
performance of our models, but in order to maintain simplicity we examined the univariate

caseof active power prediction in this work.

4.3.2Tools and specifications
In order to conduct this comparative study, we used Python 3.7.5, Pandas 0.25.3, and

Numpy 1.17.3 for data manipulation, SkLe8r1.3 for preprocessing, and Matplotlib for
visualization. Furthermore, we used Keras 2.2.4 with the Tensorflow 1.15.0 backend in
order to build our neural networks and train our models. The forecasting models were
compiled and executed on a desktop wiah AMD Ryzen 1700X processor, 8 gigabytes of
RAM, and an Nvidia 1080Ti graphics procedsioally the code of this study is available

on Github [63].

4.3.3Dataset and Configuration
For this study we used the individual household electrical power consumgétaset from

the UCI machine learning repository, which contains 2,075,259 measurements gathered
from a house located in the French commune of Sceaux between December 2006 and
November 2010. The dataset contains minutely sampled time series for glothat ac
power, global reactive power, voltage, global household current intensity, and sub
metering measurements for certain rooms and devices. This dataset was selected as the
core input of our models primarily due to the sampling frequency of the data point
Minutely sampled time series matched the prediction horizon that we wanted to target, in
order to produce an output at the same level of detail. It is important to note that a lower
sampling frequency, for the targeted prediction horizon, would makeiripet less useful

due to the loss of meaningful information. On the other side of the spectrum, an even
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higher sampling frequency would yield more accurate predictions, but since a sampling
frequency of 1Hz would be considered fast for a smart meter amatactical for most
applications 164], we opted for minutely sampled data. Furthermore, we conducted all
our experiments on the same dataset in order to preserve consistency. After inspecting the
data, we deduced that the time series associated with pgweltage, and current intensity

was representative of the typical residential behavior and similar datasets would only differ

in the data preparation process.

Since we wanted to predict the global active power, we used this time series as our main
feature@l NA I 6f S | yR 6S SEFYAYS [ RRAGAZYIE L&
QELX 2N (GA2yé aSOGA2Yy 0St26d Ly 2NRSNI G2 YI 1
concise we concatenated date and time information in a single field per record and
NELX F OSR lye YAaaiy3d @ltdzsSa YINJSR |a aKé

numbers.

4.3.4Data Exploration
In order to understand the data better, we used line plots for each feature (Fig@je

variable of the dataseand we consulted the augmented Dick&wller test of 152 to
deduce that the global active power is a stationary time series and therefore is not affected
by seasonality. Afterwards, we examined the frequency distributions of the feature
variables (Figw4.3) by plotting histograms and concluded that global active power follows

a bimodal distribution. It is interesting to note that the yearly distribution of global active
power shows that active power is consistently bimodal (Figl#i¢ each year and a&
result, a validation split based on that information would yield a test set that adequately
represents the entirety of the data. Finally, we used the Pearson correlation metric (Figure
45) in order to check for the property of synchrony between theetiseries and we
observed that global active power is synchronous with global intensity. As a result, we were

able to test the impact of global intensity as an extra input variable in our neural networks.
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Figure4.2: Line plots of dataset features. Since each feature is a time series;akie
represents the unit of each feature, andaxis represents the date.a) Globz
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Figure4.3: Histogram of feature distributions (100 bins). Thexys represents tt
number of occurrences and theaxis represents the unit of each feature) Globe
household active powerbj Global household reactive powdc) Household voltag
(d) Global hasehold current intensity.€] Kitchen energy consumptiorf) Laundr
room energy consumption.gf Consumption of electric watdreater and ah
conditioner. fi) Remaining energy consumption measurements not covered t

sub-metering information.
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4.3.5Problem Formulation and Preprocessing

The first step in this comparative study was to define our research problem and make some
initial hypotheses in order to frame the problem space properly. We selected to predict the
next minute in the future from the minutely sampled data of the residdntl&€l dataset.

We decided to frame this problem as a supervised learning task by implementing the sliding
window method, as proposed by 65, so that our neural networks would be trained to
learn a function that maps the input data points to an output. As an initial hypothesis, we
considered this formulation in a real world setting where our trained models would be able
to benefit an applicabn which could take advantage of minutely predictions. In this
scenario, we needed to select a window of lagged observations small enough so as not be
affected by colestart discrepancies. Moreover, the selection of a small window would also
cover the man issue of high frequency predictions, which is the interpretation of

relationships between data during the training phase of a neural network model. Since data
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points were sampled at a high rate, we needed to choose critical subsets of data points that
clearly depict an upcoming peak, a valley or a more stable active power behavior on the
next time step. A big set of data points at the input could lead to a wrong interpretation,

since some of them could be interdependent or irrelevant to the predicted wiitp

Intuitively, we needed to select the smallest window of meaningful data points that would
maximize temporal relevance. Since the selection of a single data point in the input may
not provide valuable information about the behavior of the time seriethenfuture, a set

of two data points could help the neural networks identify patterns from the slope of the
line that connects the data or from the level of fluctuations that occur between individual
values. Therefore, we decided to set a window of twiadaoints prior to the one that was
about to be predicted as our input, on the assumption that these should be the most
relevant data points giving us a clear connection to the output. It is certainly possible to
conduct the same experiments with a largeput window. Consequently, the input of our
neural network models consisted of two columns, the global active power at dime

ando <. Since the global current intensity had high Pearson correlation with global active
power, we added the global inteitg at timed pandd ¢ as input features on the base
LSTM model in order to test the impact of synchrony as an additional experiment. The

predicted output was the global active power at timae

Before configuring the neural networks and building ourdalg, we applied the following

preprocessing transformations to the data:

1 Values of input features were scaled between [0,1]. Mhiax normalization was
used in that interval through the MinMaxScaler class of SkLearn since neural
networks handle input feattes well when they are on the same scale and the
interval remains small;

1 Two input columns were created based on the sliding window method.

1 The dataset was split by allocating the first three years of observations to the
training set and the last year td¢ test set. Since the distribution of global active
power remains consistently bimodal, we believe that this is a proper holdout

validation split;
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1 The training and test sets were split in input and output columns reshaped as the
3D format (samples, timesps, features) for CNN and LSTM and (samples, features)

for MLP, since it expects a 2D format.

4.3.6Neural Network Configurations
In this study we configured the most prominent neural networks in time series forecasting

and kept the activation and loss functions the same, as well as the compilation and training
parameters, in order to derive a baseline performance. Therefore, we meahthe
behavior of the base LSTM network as well as the stacked and bidirectional variants.
Furthermore, we compiled models for a 1D CNN and an MLP in order to compare more
neural network architectures. As proposed k6P|, neurons on the input layer advery
model followed the dimensions of the feature columns and were equal to the window size
we selected above. Every model had one hidden layer of 100 neurons and 1 neuron on the
output layer. We selected 100 neurons as the hidden layer size becausantedievery
network to have sufficient processing capacity. The size of the output layer was determined
by the expected result. Therefore, one neuron in the output layer would predict the global
active power at timed. Since the stacked LSTM architectah®uld contain more hidden
layers, we decided to use one extra hidden layer with 100 neurons for our stacked LSTM
model. Additional experiments were conducted on the stacked LSTM architectures where
neurons would bedropped outrandomly with a probabilityof 0.2 in order to test the

impact of regularization on more complex neural network structures.

The 1D convolutional network model containedconvolutionallayer with 64 filters, a
kernel size of 2, and the input was padded accordingly in order to obtawutput of the
same length. Additionally, in our CNN architecture we added a pooling layer with a pool
size of two in order to downsample the detected features. The pooling layer shared the
same padding configuration as the convolutional layer. We prdeddo flatten the output

of the pooling layer and use it as the input to a fully connected layer of 100 neurons. The
predictions derived from the CNN model were obtained in the output lalyarally the

MLP model had a simple structure of one input layare hidden layer, and one output

layer, following the general configuration mentioned above.

The activation function used between the layers of every model was the rectified linear

unit (ReLU). Moreover, we used the Mean Absolute Error (MAE) functioreésure the
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loss, since this is a simple metric which denotes the absolute difference between the data
and the model predictions. In addition, the Adam optimizer was used for adaptive learning
rate optimization L66]. The training parameters for every mddeere considered with
regard to optimal MAE values on the test set. Hence, we used holdout validation in order
to use the first three years of data as the training set and the last year of data as the test
set. This split was selected because we did meind to tune the parameters of each model
after training. In addition, more sophisticated validation techniques applicable to time
series, such as nested cressidation, would add unnecessary complexity to the
comparison we attempted to examine. We aokviedge that the increased processing
capacity of the hidden layers could cause increased total training times and a possible risk
of overfitting. Therefore, in order to avoid overfitting, we stopped the training process and
saved the models when the vadition loss scores could not improve further, while their
metrics were observed simultaneously in the notion of logical conjunction on the same
epoch interval. After the eighth epoch the validation loss of any individual model was at
least slightly worse tan the best loss observed in that eiggypoch interval for that same
model. As a result, the neural network models were trained after eight epochs with a batch

size of 72 training samples.

4 .4 Results

As a result of the above configurations we evaluated teggrmance of our models from

the values of the loss function on the training and test set. In Fig@ewe present the
graphs containing a sample of 150 global active power data points from the test set and
150 predicted data points generated by each neural network model, in order to visualize
the robustness of our predictions on each time step. MoreoueFigure4.7, we present

the graph panel containing the loss function values throughout the training process of each
neural network model. The examined models performed well when trying to predict the
global active power from the unknown data in the test since the data points at the same
time step neither diverged drastically nor did they follow an unusual pattern. However, we
can observe that when a peak or a valley occurred in the test data, the models made a less
accurate prediction, resulting irrgater deviation from the actual active power data points

in the same time interval. A distinct example of this phenomenon can be detected in the

region between the 48 and 55" data points, where the predicted value for the power
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peak was lower than thactual test value. Through this example, we are also able to notice
the difference in the quality of predictions among our neural network models. The stacked
LSTM model made the least accurate peak prediction in that region, while other models,
such as thelD CNN and MLP, were able to achieve approximations closer to the actual
peak value. These observations can be generalized to the entirety of the dataset, since it is
indeed difficult to anticipate peaks and valleys in such a short prediction horizonavign

the most recent and most relevant data points of the same feature are considered

Furthermore, the graphs of the training and test loss show that we avoided overfitting and
underfitting with that configuration, since the curve of validation loss agays below

the curve of training loss. The curves of the training loss function in each graph show that
there was a steady improvement of the prediction quality throughout the training process,
whereas the validation loss curves show that after a smathlver of epochs no further
improvement could be achieved when testing the models on unknown data, given those
configuration parameters. It is interesting to note that models with inferior training loss
results, such as the 1D CNN, had a decent performaneaeknown data and were able to

fit the data reasonably well in regions where peaks and valleys occurred.
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Figure4.6: Prediction evaluation on 150 data points fa) (ong Shorfferm Memor
(LSTM) network, bj Stacked LSTM.)( Bidirectional LSTM,d) 1-Dimensione
Convolutional Neural Network (1D CNM),Multilayer Perceptron (MLP). The red

represents the data points of the test set and the blue line represém data point
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Table4.1 presents the evaluation metrics for every neural network type on the training and
test sets. Afer examining the overall error loss function scores of each model, we deduced
that the top performing ones were the MLP and the Baseline LSTM. Since the LSTM network
is more suitable for handling temporal relationships, weaaga the experiment by adding

the extra feature of global current intensity in order to test the impact of synchrony and
we observed a decrease in training time. Furthermore, we ran tests by adding dropout to
the stacked LSTM variant, since its initial performance on unknown data wasdrst
when compared to other LSTM models, but that change did not yield better results. Finally,
Table4.2 shows the average training time of each model and we observed that MLP was
able to converge to an acceptable mapping of the input to the outpuefakan the other
network models. It is, therefore, interesting to note that some of the more complex LSTM

variants went through a distinctly slower training process.

Table4.1: Training and testingcoresof neural network models

Baseling| Caseline SEZCTkl\jd SEZCTklad Bidirectional
aseline idirectiona
Scores  MLP | 1D CNN LSTM (SylFli-fll_r'\(/l)ny) (No (Dropout LSTM
Dropout) 0.2)
Train
Score | 0.00797| 0.00846| 0.00798| 0.00826 | 0.00824 | 0.00839| 0.00808
(Loss)
Test
Score | 0.00670| 0.00716| 0.00672| 0.00701 | 0.00689 | 0.00711| 0.00677
(Loss)

Table4.2: Average training time per epoch for each neural network configuration.

Neural Network Type Average Training Time per Epoch
(seconds)

MLP 20

1D CNN 42

Baseline LSTM (Synchrony) 98
Baseline LSTM 120.25
Stacked LSTM 165.25
Bidirectional LSTM 269.5
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4 5Discussion

This work presented the baseline performance comparison of neural network models for
minutely active power forecasts derived from residential data. In our supervised learning
formulation of this high frequency forecasting problem we observed that the Aayar
perceptron performed best in terms of loss and average training time. Since MLP follows a
simpler structure and recognizes a 2D data format we can deduce that due to the selection
of a small and relevant set of input data points, the network wag éblconverge fast,
producing fairly accurate predictions in the output. The long stemn memory network

and its variants converged slower, possibly due to their computational complexity, since
the data relationships that we wanted to identify did n@&fer to data points far into the

past. We expect changes to the training and test scores when the window size and the
number of input variables increase and anticipate that LSTMs will be able to produce

accurate predictions at a higher complexity

Ourstudy could be useful in approaching high granularity forecasts with machine learning
methods. Since the baseline performance of neural networks was evaluated and minutely
sampled energy data was explored, we now have a starting point for further parameter
tuning and experimentation. Future work could apply grid search techniqL@g for
hyperparameter optimization in order to improve our baseline models. It would also be
useful to explore the potential of modular solutions combining the neural networks w
studied here in a pipelinéke structure, in order to investigate whether other important
aspects of the highly granular time series forecasting in the energy sector emerge. For
example, more complex neural network architectures could utilize these taadeorder

to enrich a dataset at the input module or in order to derive partial predictions based on

different criteria in parallelly working modules.
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5.1 Motivation

Combinatorial modeling is at the forefront of sha@erm energy data forecasting research
since most recent research efforts present more complex unified estimator structures
consisting of multiple model3he value of combinatorial approaches is immernsessthe
integration of multiple estimators could provide several improvements to the forecasting
framework. First, combinatorial estimators address the assumptions, challenges and
limitations of standalone modeksnd develop architectures that are moresrient to the
individual weaknesses that could hinder the performance of each strucAsea result,
combinatorial approaches typically yield lower error metdce to the discovery of more
complex time series patternand handle outliers more efficieht. Second, these models
address energy time series diversity since different estimators could be utilized for the
interpretation of data gathered from different types of clients, buildings or energy markets.
Consequently, combinatorial estimators are mélexible and have the potential to adapt

to more demanding forecasting task3hese observations highlight the appeal of
combinatorial modeling and are a primary source of motivation towards the introduction

of novel and performantombinatorial estimatas.

On the other side of the spectrum, motivation towards the enhancement of the forecasting
framework with regards t@ombinatorial estimation methodologiegemsfrom the risks

and performance challenges in the design proaddhiose modelsFirst, it is evident that

this research area is vast and contains a plethora of standalone models, resulting in an
expansive set of estimator combinations. Therefore, extensive experimentation and testing
need to be conducted sincaore performant structues could still be discovereBollowing

this observation, combinatorial model design becomes an increasingly intricate task since
the selection ofestimator members could be a difficult proce3sis difficulty could be
directly connected to the uncertain that surrounds the inclusion of estimator members

in the combinatorial structure sinche search for optimal estimators that fit a specific
forecasting task does naommonlyfollow a deterministic and structured approach. The

selection process is tymlly conducted based on expert knowledgerough the
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performance evaluation of the methodologies on similar taskgresentedarbitrarily. As

a result, the focus is shifted towards time consuming experimentation for the validation of
model structure Peformance risks are prevalent in this design approach and the resulting
models lack interpretability as the basis of those experiments remains v&gaend, the

data volume and the degree of diversity present in energy time series could be linked to
the challenges of dimensionality and drift respectivelpnsequently, combinatoridesign
approachesneed to respect the restrictions imposed by those challenges and derive

resilient solutions that preservadequateperformance.

Thepreviously discussed combinatorial design benefits coupled with the challenges, risks
and research gaps surrounding the estimator selection prolezes$o the examination of

an interesting combinatorial modeling scenario and the introduction of a novel
deterministic strategy for estimator selectionlhis scenario considers the task of total
demand forecastingn the clusterbased aggregate forecasting framewogkven the
consumption data of a diverse client bamed highlights most of the challenging aspeict
combinatorial design.Since this task processes data from several types of clients
anonymously through this framework it is clear that a static standalone estimator would
not be able to capture all consumption patterns sufficiently. Additiongiy construction

of a combinatorial structure would not benefit from a nondeterministic or arbitrary
approach sincerial-and-error experimentationas well as efficient model recalibration
would be infeasible as the client base evolvElerefore a structured approachfor the
generationof estimator sets that could adapt to the data optimally would be beneficial in

this case.

For the purposes of this study, ensemble learning methods were utilized as the main
combinatorial methodologies sinderecastingperformance is more predictable and easier

to monitor in this framework.Since he optimal combination of estimators imeemble
learningmethodstypicallyensures a smallperformanceimprovementwhen compared to
standalone approachedhe evduation of the generated estimator sets could be easily
tracked and interpretedThe deterministic selection strategy presented in this study is
influenced by the relative performance examination of the training process on peak and
non-peak indicesforming an algorithm that respects the shape of each input time series.

The proposed methodology leads to the automatic selection of optimal estimator
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combinations given an initial estimatsupersetand the testing of the ensemble models
on different client groups validated that this approach coatthievethe expected lower
error metricsof optimal ensembless the partial aggregate demand is predicted more
accurately for eachonsumemgroup.Thefollowingsectionscorrespondo the introduction,

methodology results and discussion of this published work.

5.2Introduction to StructuralEnsemble Regression for ClustBased Aggregate

Electricity Demand Forecasting

Smart grid technologies and applicaticare at the forefront of modern electricity network
research and development due to the increasing number of challenges that hinder the
performance of the traditional power grid as well as the accrescent need to transition
towards a digital ecosystem whettbe bidirectional flow of information between the
electricity provider and consumers is simplified. Since the penetration of renewable energy
sources introduces additional volatility that could compromise the reliability of the grid and
the increasingeledricity demand from a growing number of consumers could lead to the
occurrence of irregular events such as blackouts, the centralized structure of the traditional
grid has limited control over these phenomeri®g169. Therefore, the development of
smart grids that rely on the wide deployment of smart meters is necessary for the efficient,
adaptive and autonomous management of consumer loads in a distributed framework.
Consequently, a large volume of high dimensiseisor data are extracted from smart
meters and the efficient processing as well as prediction of electricity load are crucial tasks
that reinforce advanced transmission, distribution, monitoring and billing strate®i&3.[

Load forecasting tasks coul@ lneveloped for different time horizons depending on the
focus of each smart grid application. In the context of t@ak load monitoring, demand
response and smart energy pricing, accurate stemn predictions and point forecasts
could support energy anagement systems as well as decismaking models in shaping
load allocation and pricing strategies for consumer groups that share similar load profile
characteristics. Additionally, higiesolution predictions of total electricity demand could
assist inthe stability of the grid through the redime detection of irregular events,
enabling online scheduling at a higher level while preserving consumer privacy. It is equally
important to note that highfrequency demand forecasts could result in the optitizn

of energy resources through the examination of total load fluctuations at a higher
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granularity as well as the optimization of bidding strategies when utility companies
purchase electricity from energy markets, enabling stierin flexibility and moreefficient

market balancingl71].

Artificial intelligence and machine learning contributed significantly towards the accurate
estimation of total demand through the supervised learning task of regression analysis.
Firstly, simple linear models such as ioaty least squares linear regressidv¥|, ridge

[173, lasso 174, stochasticgradient descent (SGD)LY5 and Huber 176 estimators
search for the line of best fit that optimally describes the relationship between the
dependent and independent varidds. Linear models are commonly used in lasgale
forecasting tasks due to their low computational cost and interpretability. However, these
models do not interpret complex nonlinear relationships and the impact of outliers within
the data could hindertte forecasting accuracy. Therefore, more robust methods were
developed such as the generalized median T8eit estimator [17], gradient boosting
models based on decision trees such as XGBo@$§},[the least angle regressor (LARS)
[179] and efficient usupervised learning models were adapted such-asdrest neighbor
(KNN) [80] and support vector machine models for regression (SV&]) [ih order to
achieve higher accuracy in high dimensional spaces and ensure resilience against
multivariate outliers.Secondly, neural network models such as the multilayer perceptron
[182¢184] and long shorterm memory network 185 could be applied to this forecasting
task in order tocapture nonlinear relationships as well as time dependencies adaptively,
operating as function approximators in a bldwbx approach. It is important to mention
that while the standalone performance of these models could result in predictions with low
error metrics, combinatorial and hybrid approaches such as ensemble learning could be
considered for further performance improvement when a suitable combination of models
is discovered through arbitrary selection, informed selection based on expert knowledge
and experimentation or criteria examination. Time series estimator output could be
combined in a metanodeling framework for stacked generalization, averaged in a voting
framework or used to improve another set of estimators sequentially through boosting
[186,187].

Itis evident that since consumer load profiles are organized in high dimensional time series,

forecasting total electricity demand through the direct use of regression analysis would be
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computationally expensive and the resulting estimators wiarhibit diminishing accuracy

as more load data from different types of consumers is collected. Consequently, in order
to provide solutions to the challenges of dimensionality and scalability, load forecasting
approaches in this sector utilize clusteriagd aggregation strategies as a preprocessing
step, altering the shape of the data before it is used for the training of estimators. Cluster
based approaches mainly focus on the segmentation of the consumers into groups based
on similar characteristics day utilizing heuristic algorithms. Predictions for each cluster
are extracted and summed to derive the total demand forecast. This approach may become
computationally expensive when the consumer base is large and the optimal number of
clusters remains smlaHowever, clustering approaches are valuable to demand forecasting
since they preserve load patterns within each consumer group. Furthermore, advances in
distributed computing attempt to develop more efficient parallelizable models to offset
that computdional cost [88. Aggregation approaches attempt to develop a single
prediction model where the time series dataset is typically derived from the summation of
all consumer load profiles. This approach offers substantial benefits in terms of data
compresson at the cost of prediction accuracy since the impact of the patterns found in
individual consumer time series as well as the behaviors exhibited in different clusters
could be reduced greatly in the resulting time seri&89. Combining the clusteringnd
aggregation methods led to the development of the cludtesed aggregate framework
where the time series for each consumer group can be aggregated before the prediction in
order to derive the estimated partial sum of total demand. This approach atternpt
balance accuracy and computational cost and presents a scalable alternative that improves

the performance of estimators as the size of the customer base increases.

In the modern power grid, the evolution of the increasingly diverse customer baseecbupl
with the overall complexity of the data collection process often result in datasets that
include missing values, outliers and typically exhibit structural issues due to variations in
monitoring periods and differences in the quality of the availableigaent. Therefore,

the performance of load estimators depends on the dataset structure as well as the ability
of datadriven models to adapt to the given input. Consequently, a static load estimation
model may not maintain optimal performance across mugtiforecasting tasks since some

components may underperform due to the unique characteristics of the input. This
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phenomenon could be easily observed in the processing of clustered time series for the
prediction of total electricity demand. The utilizatiai clustered time series results in
several structurally different datasets derived from different consumer groups. When the
datasets pass through a single type of estimator or a static combinatorial structure,
divergent performance metrics between partidémand predictions could be observed,
resulting in suboptimal overall performance when the values are aggregated for the
estimation of total demand. The potential failure to adapt to an individual dataset could be
more impactful in shosterm and very shid-term forecasting tasks since lagged features

at higher resolutions would require a higher volume of information in order to properly
capture meaningful temporal dependencies between samples. These load forecasting
issues could be connected to the chalies of data drift and concept drift in machine
learning modeling. The challenge of data drift indicates the deterioration of model
performance as the distribution of input data changes and the challenge of concept drift
denotes the difficulty of the modeb adapt to the data as the mapping between the input
and the target variable change$90,191]. These challenges could arise when load time
series are considered for th@edictionof total demand since data distributions could vary
between different ckent types and the relationship between input and output could change
as the size of the customer base and the complexity of observed patterns increase.
Furthermore, the impact of those challenges could affect the performance of combinatorial
approaches sutas ensemble learning significantly, since potential concept or data drift
across multiple datasets could result in inefficient estimator combinations that may yield
suboptimal performance when compared to standalone models due to underperforming
componerts. As a result, the focus should be shifted towards modular estimator structures
that utilize weltdefined, criteriabased strategies in order to select estimation components
that would not underperform given a specific input, thereby reinforcing conscste
Moreover, the implementation of estimator selection strategies would lead to less
arbitrary and less ambiguous combinatorial structures since estimator members would be

directly connected to the input data.

Several recent research projects presentatkiesting demand forecasting approaches
utilizing a plethora of regression estimators for centralized analysis as well as distributed

modeling in clustering and aggregation frameworks. Ceperic 13| proposed a model
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input selection strategy for SMbased load forecasting, outperforming state of the art
short-term forecasting approaches in terms of accuracy. Wijaya el @8 pxamined the
performance of linear regression, multilayer perceptron and support vector regression on
several clustering sategies for shorterm load forecasting, highlighting the dependence

of the clusterbased aggregate forecasting approach on the number of clusters as well as
the size of the customer base for optimal performance. Karthika etl84] [proposed a
hybrid model based on the autoregressive moving average and support vector machine
algorithms for hourly demand forecasting, showing reduced error metrics and increased
convergence speed through the efficient merging of those machine leamitpods.

[ I dzNR& y S O 195)\stRdiefl thelriyphact abunsupervised ensemble learning models on
clustered and aggregated load forecasting tasks and deduced that the adaptation of those
methods could lead to improved performance. Fu et 4Bq developedan adaptive
clusterbased method for residential load forecasting through the utilization of- self
organizing fuzzy neural networks, harnessing the unique characteristics of each cluster. Li
et al. [197] utilized subsampled SVR ensembles coupled with a mswaptimization
strategy, resulting in a deterministic and interpretable forecasting model that efficiently
combines the output of multiple predictors. Bian et dl9§ proposed a similaritpased
approach and implemented -ieans clustering and fuzzy-n@an clustering for the
derivation of features based on locally similar consumer data for the training of a back
propagation neural network. Sarajcev et dl9§ presented a stacking regressor that
combined gradient boosting, support vector machine and randmrest learners for
clustered total load forecasting, signifying that the robust estimation of electricity
consumption can be achieved when a suitable model combination is discovered. Cini et al.
[200 examined the performance of the clustbased aggregte framework on deep neural
network architectures and highlighted the suitability of this clustering approach for-short
term load forecasting. Additionally, this project raises awareness about the complex and
challenging nature of implementations involgimultiple predictors in this framework for
future research. Kontogiannis et &(1] presented a metanodeling technique combining

long shortterm memory network ensembles and a multilayer perceptron to forecast
power consumption and examine the impact causality and similarity information
extracted from client load profiles. This project presented a novel strategy for the

decomposition of load data into causal and similar components, resulting in a
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combinatorial structure that outperformed the standale load representation.
Stratigakos et al202] proposed a hybrid model combining time series decomposition and
artificial neural networks for efficient shoterm net load forecasting. The approach
presented in this work reduced the error metrics of nidtyer perceptron and longhort

term memory network and highlighted the impact of trend, seasonal and noise time series
components. Zafeiropoulou et al2(Q3 proposed a pilot project that addressed the
challenges of congestion and balancing managemengriergy systems and provided
robust solutions that could improve resource flexibility and power system stability. Phyo et
al. [204] developed a voting regression model including decision tree, gradient boosting
and nearest neighbor estimators, resultingimproved performance when compared to
the baseline standalone predictors. This symmetrical forecasting approach achieved the
expected performance boost that is often observed in optimal ensemble models and when
compared to the autoregressive moving avgeamodel, the proposed estimator yielded
lower error metrics due to the highly performant components included in this ensemble

structure.

In this study, we focused on the hiffequency point prediction of total electricity demand

on the clusterbased aggrgate framework for the development and evaluation of adaptive
and structurally flexible stacking and voting ensemble models. This very-tehort
forecasting approach addresses the challenges in combinatorial forecasting models
through the processing ofiderse clustered time series and the introduction of a well
defined member selection strategy. The ensemble estimator considers several peak
detection perspectives for member selection. The membership of base learners is
determined based on the performanexamination from a set of 11 candidate estimators

on subsets of training observations from the actual as well as the predicted clustered time
series, detected as peaks and rpeaks. The proposed ensemble regressors were
evaluated in a case study utiligirsmart meter data from a dataset of 370 Portuguese
electricity consumers for a period of 4 years. The goal of this project is to examine the
impact of this criterianfluenced member selection strategy on the clusbased
aggregate framework and proposdternative adaptive ensemble models that combine
knowledge extracted from different estimators based on core time series characteristics.

Since recent research efforts have deployed training performance indicators and feature
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based criteria for member settion on centralized ensemble models, our contribution aims

to expand on this approach through the implementation of flexible ensemble estimators
constructed from different base learners on each consumer cluster. Additionally, several
adaptive hybrid moding and metamodeling approaches on clustered and aggregated
frameworks typically include the most prominent estimators for model fusion based on
expert knowledge or arbitrary selection. Consequently, the effect of crideaised
ensemble structures for laster-based aggregate load forecasting is not thoroughly
explored. Our study aims to provide meaningful insights while addressing this research gap.
Case studies and model comparisons in the literature show that a static ensemble structure
or a standalonesstimator may not always yield the same level of performance stability on
all types of consumer load time series. This observation holds true in the examination of
clustered time series since each cluster needs to be processed differently in order to
capture the patterns of a specific client group efficiently. Therefore, our project considers
the fundamental characteristic of peak and npeak detection in time series and attempts

to adjust the ensemble structure for each cluster locally, reinforcing dea ithat more
modular and dynamic estimation strategies should be developed for those distributed
frameworks. The deployment of our proposed approach in-veadld applications could
support advanced energy management systems and contribute towards thedagement

of more robust bidding strategies through the extraction of more precise total demand

analytics in short time intervals.

In Sectiorb.3, we present the main methodologies involved in the implementation of our
proposed models, including the ensemablearning structure for stacking and voting
regression, an overview of the clusteased aggregate framework for total demand
forecasting, an inspection of wekhown clustering evaluation methodologies and the
structure of our proposed ensemble regressorAdditionally, information about the
dataset and the definitions of error metrics are provided in this section for completeness.
In Sectiorb.4, we analyze the results of our experiments and evaluate the performance of
our models, comparing them to baget standalone estimators. In Sectibrb, we discuss

the impact of the experimental results and outline the advantages and the potential
challenges of the proposed models. Furthermore, we provide insights on future research

directions that could expand on our forecasting approach and possibiigrere model
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performance for similar applications in the energy sector. Finally, in Sec@pw® present

the conclusions derived from the experiments and the analysis of the results.

5.3Materials and Methods

5.3.1Stacking and Voting Ensemlitegression
Time series forecasting estimators attempt to capture linear andlirear patterns from

the training data in order to fit a model that is able to generalize well when new
observations are tested. However, due to the coexistence of those tpestpf patterns,

a single estimator may not be able to achieve both good interpretation and optimal
forecasting performance. The suboptimal accuracy could be attributed to high bias,
resulting in limited approximation flexibility, or high variance, leadm@grger fluctuations

in the estimated time series when value changes occur in the training data. Therefore,
models with a high bias could be prone to underfitting, resulting in poor performance on
the training and test set. Additionally, models with higariance are prone to overfitting,
resulting in optimal performance on the training set and suboptimal accuracy on the test
set. Ensemble learning methods acknowledge those potential model instabilities and
contribute to the implementation of more robuststimators that are more resilient to
noise through the combination of multiple regression mod&8y. In this project, we
develop the forecasting model structure and investigate the impact of stacking and voting

ensembles on clustered aggregate loaddiseries

The stacking ensemble regression approach combines multiple estimators in order to
construct a metamodel that consists of multiple layers responsible for processing
estimated time series as features for the training of a new estimator. Forsthdy, we
consider the simple twayer stacking ensemble structure for time series regression tasks.
Layer O trains several diverse estimators commonly known as base learners and produces
a feature set of estimated time series, denoting different repréatons of the target
variable, forming the stacked dataset. Layer 1 usually consists of a simple model such as
linear regression that is trained on the stacked dataset in order to derive the final
predictions. Figure.l presents this tweayer structure for0 base learners. Multilayer

stacking extends this structure through the derivation of multiple meiadel time series
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that are utilized for the training of a subsequent estimator, following the process of the
first two layers R06,207).

Estimator 1 \

Estimator2 —> sligelaed) —> Meta-Estimator —> Fl_na.l
Dataset Predictions
Training Dataset /
;T—J
Estimator N Layer 1
(S
Layer 0

Figure 5.1: Stacked ensemble regressor structure with two layers a@ndase

estimators.

Voting ensemble models attempt to correct highly divergent estimated time series values
through the averaging of multiple estimators. Firstly, a set of similarly performant models
is selected for the prediction of the target variable. The members of vatggession
typically share similar error metrics during training in order to preserve stable performance
after the averaging process. Secondly, a weighting strategy is applied in order to denote
the significance of each estimated time series in the foratiction. Uniform weights are
commonly considered as the default averaging strategy but more sophisticated strategies
based on the process of member selection could be explored for performance evaluation.

Figureb.2 presents the structure of a voting negsion model o6 members R08209.

Estimator 1 \

Estimator 2 ——> Output Averaging —>

Final
Predictions

Training Datasct

Estimator N

Figureb.2: Voting regressor structure for the averagingioéstimators.

Stacking and voting ensembles could result in improved performance when compared to

standalone estimators since the simultaneous reduction in bias and variance could derive
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estimated values that are closer to the actual values of the target variable.idwally, the
combination of ensemble members that are able to independently interpret linear or non
linear patterns leads to more robust estimators that could process more complex high
dimensional time series data efficiently. However, the performance benstemming

from the implementation of an ensemble model are not guaranteed and it is commonly
observed that the wrong or arbitrary selection of ensemble members leads to suboptimal
performance. Therefore, studies that propose ensemble models based itraay
membership usually undergo extensive experimentation in order to verify the results. This
work proposes a deterministic approach for member selection based on fundamental time
series components, aiming to outperform the standalone base estimatorsbath

ensemble approaches for clustered aggregate forecasting.

5.3.2ClusterBased Aggregate Forecasting Framework
Smart meter data processing is a challenging task in the development of load forecasting

models since the dimensionality of the datasets and phethora of different consumer
types increase model complexity, resulting in a suboptimal prediction accuracy and
convergence time for several centralized approaches relying on a single estimator
structure. Therefore, clustdpased approaches attempt towdde the consumer base into
groups based on distinct time series characteristics or geographical features in order to
leverage trends within similar sets of consumers and reduce the noise by processing
consumers with different load patterns separately. STtiork considers the clustérased
aggregate forecasting framework outlined ih9B,200 since this method attempts to
balance the effects of data compression from aggregation models and therameed
distributed prediction of clustered time series, tdigng in a scalable strategy that could
lower the forecasting error as the size of the consumer base increases. Firstly, load profile
time series are clustered inf@groups based on similarity distance metrics. It is important

to note that the number of clusters affects the forecasting performance of the model since
a suboptimal division of consumers could result in noisy and unbalanced datasets that
could overfit orunderfit the estimators. Therefore, cluster evaluation strategies such as the
elbow method P1Q] and silhouette analysi2]L1] are often applied in this step, in order to
determine the optimal value 6€and ensure that the clusters are wskparated. Seondly,

the load consumption time series in each cluster are aggregated in a single time series,
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resulting in drastically reduced dimensions and increased pattern regularity. The
aggregated time series traifdestimators that output aggregate load predimts for each
cluster. Lastly, the summation of clustered predictions derives the total demand forecast
and error metrics for model evaluation are calculated based on this time series. bigure

presents the clustebased aggregate forecasting strategy

Client 1 O —add

Cluster 1 predict
[ ]
: Q add T Cluster 1 add

Consumption TmiEEr
Client n O ﬂb

Client n+1 O _add
Cluster 2 predict Aggregate

. e A
: K) add Electricity Cluster 2 add Consumption

Consumption Forecast Forecast
Client m C) _add

Client r C) ﬂp

. Cluster k predict
: O add Electricity Cluster k add

Consumption Forecast
Client p C) _add |

Figure5.3: Clusterbased aggregate forecasting approach separating the cons

base intoCxlusters of variable sizes for the prediction of total electricity consumg

5.3.3Cluster Evaluation Methods
Clustering approaches in load forecasting such as the ctostsed aggregate framework

utilize several evaluation methods in order to determine optimal data segmentation,
resulting in groups of similar time series. The increased homogeneity of time series
reinforces the presence of patterns in the aggregate data, reducing the noise that could be
observed when load profiles of consumers exhibiting drastically different behaviors would
be aggregated for the prediction of total demand. Additionally, energylieations based

on the processing of load features as well as projects that utilize anonymous consumer data
often face the challenge of separating the consumer set into distinct groups, since this
would help the predictive performance of forecasting majeleading to meaningful
deductions. Therefore, it is important to include some of the commonly used clustering

evaluation methods in this project such as the elbow method and the silhouette method in
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order to properly divide the client base into clustensd potentially avoid irregularities in

performance that could result in unstable error metrics

The elbow method is an iterative process used for the selection of the optimal number of
clusters through the search for the point where an increase in thebmrrof clusters would

not yield substantial data modeling benefits. This point is considered a threshold for
clustering algorithms since the diminishing returns from the inclusion of additional clusters
may not improve model performance. The commonly usegtric in the elbow method is

the sum of squared distances between the samples in each cluster and the cluster center.
The value of this metric is calculated as the number of clusters increases and it is usually
found that the sum of squared distances degses in every iteration. The curve formed by
those values is examined for the selection of the point after which the metric decreases

slowly, exhibiting a linear patterr212].

The silhouette method aims to quantify the cohesion as well as separaticangdlss by
measuring the similarity of data points within the same cluster and the degree of
dissociation of samples from other data points found in neighboring clusters. The silhouette
coefficient is the metric calculated for the selection of the optimaimter of clusters.
Given the average distance of samifde all other samples in the same cluster denoted as

® "Qand the average distance of samp@o all the points in the closest neighboring

clusters, denoted a® "Qthe silhouette coefficient is computed with the following formula:

0 OQ (5.1)

The silhouette score derived from the averaging of the silhouette coeffictergdch data

point is utilized for the iterative analysis of each number of clusters. The computation and
visualization of the silhouette score provide a robust cluster assessment, summarized in

Gl t£dzSa NIYy3IAy3a FTNBY bwm (2 rioe@indicatd suffidiedtS & A f
separation of samples into distinct and wea#fined clusters. When the silhouette score is

close to 0, the examined samples are usually close to the decision boundary between two
neighboring clusters, denoting the ambiguity ofiet resulting data segmentation.
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assignment or the presence of outliers. Consequently, the optimal number of clusters
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corresponds to the number that resulted in the higheshouette scoreZ13]. However, it

is worth noting that a thorough examination of model performance should consider both
evaluation metrics and investigate the edge case of the minimum number of clusters when
the silhouette score is positive since exeounttime and parallelization availability could be

important factors in the deployment of forecasting applications

5.3.4Proposed Forecasting Model
This study examines a combinatorial forecasting approach utilizing the chested

aggregate framework as theain structure for customer base segmentation and a model
selection method for the development of flexible ensemble estimators that are able to
efficiently derive total demand predictions. At the first step, the dataset containing client
load profiles is cistered using the #neans algorithm214] based on the dynamic time
warping metric 2195 in order toreinforce optimal time series similarity when client data
are collected from different start periods. A silhouette analysis and the inbesed elbow
method were applied in order to determine the optimal number of clusters. Following the
clusterbased ggregate framework, client time series within each cluster were aggregated
to form the input dataset for the ensemble model. At the second step, ensemble
membership is determined using peak and ek performance evaluation. A peak
detection algorithm 216] is applied to the training set in order to detect local maxima by
the comparison of neighboring values. A subdivision of the training set is used to train a set

of estimators and evaluate their predictive potency on peak andpesk indices

The evalation of peaks and nepeaks is quantified based on an error metric following the
examination of three sets of indices denoting three different perspectives where peak and
non-peak values are observed. The first set examines the performance of peak and non
peak indices as they were detected by the estimated time series for each candidate
ensemble member, the second set examines the performance of peak angesdn
indices observed in the actual time series and the third set considers the performance of
peaks and norRpeaks detected exclusively in the actual time series. These sets of indices
were selected based on the intuitive assumption that peaks andpeaks should be
detected from a relatively large and weléfined set of observations in order to degiv
robust performance metrics. Therefore, in the extreme case of poor time series estimation,

the common index set for the actual and estimated load could result in a small sample that
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would provide insignificant insight towards the overall peak and-pe& performance of

the candidate ensemble members. Additionally, when this extreme scenario is considered,
the candidate estimator coulde automatically eliminated since the potential inclusion of

a prediction model that yields exceedingly poor performamcthe ensemble model does

not benefit the combinatorial approach. Similarly, uncertainty surrounds the consideration
of peak and nospeak values detected exclusively for each estimator since this set may not
share a strong connection to the actual timeries and result in unreliable deductions.
However, in the edge case where the candidate estimators perform extremely well and
there is a great overlap of peak and Rpeak positions between the actual and estimated
time series due to the optimal match dii¢ data points, the evaluation of the remaining
indices exclusively detected in the actual time series is significant for the extraction of
additional insights that could support informed decisions for model selection since the
examination of this small ggon could be the deciding factor when multiple models are
highly performant. The estimator scoring the lowest error metric for each perspective set
is added to a listconsequently, lists of peak and ngreak influenced estimators are
formed, including tle most performant estimators for each case. Fighre presents the

total observation space and highlights the sets of indices selected for this strategy.

Furthermore, Figure .5 presents the derivation of the membership lists.

Total index space fors y, ¥ Perspective Set 1:

Peaks / Non-Peaks

y Peaks / y Non-Peaks y Peaks / y Non-Peaks

Detected on prediction

Common Index Set Common Index Set

¥ Peaks / ¥ Non-Peaks ¥ Peaks / § Non-Peaks

(@ (b)
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Perspective Set 2: Perspective Set 3:

Peaks / Non-Peaks Peaks / Non-Peaks

y Peaks / y Non-Peaks y Peaks / y Non-Peaks

Detected on y Detected exclusively on y

Common Index Set Common Index Set

¥ Peaks / ¥ Non-Peaks ¥ Peaks / § Non-Peaks

(c) (d)

Figureb5.4: Set representation for the peak and n@eak model selection strate
based on training performance.a)( Total index space of peak and rpeak
observations. The blue circle in the backgrouedates the total set of indices of pe
and nonpeak values for the actual load time series. The red circle in the foreg
denotes the total set of indices of peak and Ro@ak values for the predicted lo
time series. lf) The highlighted red circle detes the first evaluation set of peaks ¢
non-peaks detected in each estimated time serie¥.enotes the second evaluati
set of peaks and noepeaks detected in the actual time seriedl) Evaluation st

denoting the peaks and ngpeaks exclusivelyadected in the actual time series.
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Figure5.5: Ensemble membership selection process.

At the final step of this approach, ensemble regression structures adapted to each cluster
due to the membership selection strategy, derive the predicted cluster load. The ensemble
estimators could utilize the stacking or the voting paradigm in order molgoe the output

of the selected ensemble members. When a stacking ensemble is utilized, the lists derived
from the member selection strategy could determine the base learners of the first level.
Therefore, three models featuring the most performant estiora from sets of peaks, nen
peaks and the joint set of indices can be evaluated. Fig@rpresents the structure of the
stacking ensemble when the information from the sets of indices is available. Alternatively,
the consideration of a voting ensembleuwd result in the development of more models
since the member selection strategy could affect the base predictors as well as the weight
strategy for the averaging of the estimated output. Consequently, six models could be
examined in this case, since eauftthe previously mentioned sets of indices could follow

a uniform or occurrencdased weight strategy. Figute7 presents the structure of the
voting ensemble models. Lastly, Figube8 presents the process pipeline of this

combinatorialforecasting approach
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Figureb5.6: Stacking ensemble structure based on the peak andpeak membe

selection strategy.
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Figure5.7: Voting ensemble structure based on the peak and mmak membe

selection strategy.
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Figure5.8: Process pipeline for structural ensemble regression on the chitsec

aggregate framework.

5.3.5Case Study
5.3.5.1 Data Overview

The proposed model was evaluated on a publicly available datas&t ¢ontaining load
measurements for 370 Portuguese clients extracted from smart meters in 15 min intervals
for 4 years from January 2011 to December 2@ieluding a total of 140,256 observations.
Since some clients were monitored after 2011, load measurements were considered as
zeros. The dataset did not contain any missing values and client measurements were
converted from kW to kWh for the purposes ofighstudy. Additionally, the time labels
follow the Portuguese time zone and at the start of daylight saving in March values
between 1:00 a.m. and 2:00ra. are zeros. At the end of daylight saving in October, values
between 1:00 a.m. and 2:00 a.m. aggregdhe consumption of two hours. The load
profiles included in this dataset belong to different types of clients such as industrial and
residential, exhibiting different consumption patterns that could lead to the-Gir@ned
classification of several sudtegories. Since the dataset focuses solely on load features,
the anonymity of clients is preserved. Consequently, the segmentation of the client base
through clustering is important to the efficiency of the aggregate forecasting model since
the processingf clients exhibiting similar consumption patterns could reduce the potential

noise and contribute towards faster convergence during training

The inspection of total demand in Figus® as well as the yearly boxplot presented in
Figure5.10 show that tle aggregation of different consumer types coupled with the
difference in monitoring periods result in peaks and valleys that could be difficult to

interpret in shortterm and very shorterm prediction horizons. These effects become less
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impactful as the omber of actively monitored consumers remains the same and the
forecasting horizon is extended since seasonal patterns can be easily discovered. However,
the requirement of a static consumer set in the modern power grid would be unrealistic
due to the coninuous expansion of the client base as well as the increased diversity in
client behavior. Therefore, the examination of very skhenm forecasting tasks for the
prediction of aggregate load through frameworks that aim to address these challenges

could lead to the implementation of more robust design strategies

100,000
80,000

60,000

Total Demand (kWh)

40,000

20,000

0 20,000 40,000 60,000 80,000 100,000 120,000 140,000
Timesteps

Figure5.9: Total electricity demand in kWh for 370 clients.
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Figure5.10: Boxplot oftotal yearly electricity demand.

The examination of the histogram and the inspection of the density plot for the aggregate
load in Figuré.11 indicate a bimodal distribution that could be interpreted as the broader
classification of clients intaesidential and industrial groups. Alternatively, this distribution
could denote the sinusoidal shape of observations as the number of actively monitored
clients becomes more stable. The presence of several peaks in the density plot and the
general imbalace of samples in the bins of the histogram could confirm that this is a
challenging task for some linear forecasting models that assume a Gaussian distribution.
The implementation of a clustering algorithm could lead to more easily interpretable data
distributions, resulting in the accurate prediction of partial aggregate load. However, the
selection of estimators for the prediction of the partial aggregate load should not be
arbitrary due to irregular data distributions that might persist after the clusigrstep.
Therefore, the adoption of membership strategies is important for the development of
combinatorial forecasting approaches; additionally, the utilization of fundamental methods
tied to the data distribution such as peak detection could be usefthe refinement of

error metrics
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Figure5.11: Nontemporal representation of total electricity demand samples)

Total electricity demand histogranb)(Density plot denoting bimodal distribution.

Lastly, the observation of the first order lag plot denotes relatively high autocorrelation due
to the high concentration of samples on the diagonal. Fighie? suggests a positive
correlation between the time seried 0 p and the lago 0 due to the pogive slope of

the line formed in the graph. Therefore, autoregressive approaches could be suitable for
the prediction of total electricity demand in a very sh&gtm time horizon since most data
points are densely concentrated in this linear shape. €bidd be useful information in
research projects that primarily include load features as proof of concept or due to data

availability issues
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Figure 5.12: First order lag plot comparing total electricity demand time s¢

WO p tothe lagged total demand O .
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5.3.5.2 Implementation and Experiments

The forecasting problem examined in this study can be formulated as the point prediction
of total demand for the next 15 min interval based on 4 lagged observations for the
previous hour in order to define a simple and interpretable supervised learnitkg Téss

task minimizes the impact of feature engineering and data preprocessing on the overall
performance of estimators and could allow us to focus on the performance of the cluster
based structure through the dedicated usage of load features as the mesmipe of
estimators changes for each cluster. The training set contained 80% of observations and
the test set 20%, following common practice for similar forecasting tasks. Since the model
focuses on very shoterm predictions, the execution time for clesing needs to be fast

in order to reserve time for the tuning and recalibration of the ensemble predictors at later
steps. Consequently, monthly dovaampled load profiles were considered for the
assignment of clients into clusters. As a result, the elirsty procedure could be executed

in seconds instead of several minutes when compared to weekly and daily-skxwpling.
Furthermore, the utilization of #eans clustering based on dynamic time warping was
beneficial to the optimal alignment of the time rses since some clients were monitored
after 2011 and prior data entries were zeros. Following this step, silhouette and elbow
methods were utilized for the selection of the optimal number of clusters. The silhouette
score is the main metric examined inGh a8 A f K2dz2SG 4GS YSGK2R | yR
denoting poor cluster assignment when the clustering method achieves a negative
silhouette score and satisfactory data separation when the value of that score is positive.
The silhouette analysis showed that taesignment of clients into clusters ranging from 2

to 10 resulted in acceptable data separation since the silhouette scores were above 0.6,
verifying the consensus of selecting an optimal number of clusters that falls within this
range and reaching a glabmaximum afQ ¢. The elbow method based on the sum of
squared distances of the samples to their closest cluster center denotes that the selection
of a number of clusters higher than 7 for the assignment of clients would not vyield
significant data modetig benefits since after that point, inertia decreases linearly at a slow
rate. We observed that clustering derived from other candidate elbow points suh as
@andQ did not yield a significant difference in terms of error metrics in this forecasting
task when compared t& x. However, the significantly lower silhouette score®f (s

could indicate data separation issues, discouraging the selection of this value for the elbow
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method and reinforcing the selection & x since this is a pivotal pointitar which a
significant decrease in the silhouette score occurs when this region of the inertia curve is
examined. Therefore, the performance of the ensemble learning models was examined in
the representative points of each method for 2 and 7 clusterspeetively. Figure§.13

and 5.14 present the clustering evaluation of the silhouette and elbow methods

respectively

Silhouette Method

Silhouette Score
o
~

2 3 45 6 7 8 91011121314 151617 1819 20
Clusters

Figure5.13: Silhouette method for clusters ranging from 2 to 20 uskgean:

clustering of client load profiles based on dynamic time warping.

1e13 Elbow Method

Sum of squared distances

2' Zli l-ll é ('5 % é S') 1IO 1I1 1'2 1'3 1’4 1‘5 1I6 1'7 118 1l9 2'0
Clusters
Figure5.14: Inertia-based elbow method for clusters ranging from 2 to 20 usik

means clustering of client load profiles baseddynamic time warping.

The next process of this forecasting model considers a set of 11 base regression estimators

as candidate members of the ensemble structure for each clustered aggregated load. The
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estimators were tuned based on cregalidated random searcl2]L8] on the traning data,
utilizing a 5fold time series split that returns the fira& p folds as the training set and

the last fold"Qas the evaluation set, maintaining the temporal order of observations.
Consequently, the models were configured in a way that refléee average performance

of the best selected hyperparameters. Talld presents the methods utilized for our
experiments as well as their respective parameters based on the implementations found

on scikitlearn and xgboost packagexlp,220.

Table5.1: Base estimators and hyperparameters.

Model Hyperparameters

learning rate, maximum depth, minimun
XGBoost child weight, number of estimators,

columns sampled by tree

Linear Regression -

Linear SVR tolerance, regularization parameter C

learning rate, initial learning rate, alpha

regularization strength, maximum

SGD . .
iterations, loss, tolerance, penalty
parameter for regularizer selection
maximum iterations, alpheegularization
Huber Regression parameter, epsilon outlier resilience,
tolerance
LARS non-zero coefficients
maximum iterations, alpha regularizatiol
Lasso
parameter, tolerance
Ridge alpha regularization parameter

TheilSen Regression -

. . lambdaweight precision, alpha noise
Bayesian Ridge o
precision
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_ _ leaf size, number of neighbors, power
K-Neighbors Regression

parameter of Minkowski metric

The training set was segmented for the peak and-peak detection and evaluation
following the previouslynentioned time series split and mean absolute error was selected
as the error metric for the quantification of predictive potency since the dataset contains
zeros for the time periods where some clients were not monitored. After the examination
of three diferent perspectives corresponding to three different sets of indices as described
in the previous subsection, three lists of estimators were formed for each cluster. The first
list contained the three most performant estimators on the sets of observatielased to

peak indices, the second list included the most performant estimators on the sets of
observations associated with ngreak indices and the third list was the concatenated list
of the previous two after the removal of duplicate estimator entri@ree stacking
ensemble models were developed based on the estimators of each list with linear
regression being the second level estimator. Additionally, six voting regression models
were developed, featuring uniform and occurreAgsased weighting stratgies based on

the concatenated membership list. All models featuring the tuned ensemble members

were trained on the full training set of observations and evaluated on the holdout test set.

This project was developed in Python 3.8.8 using the packages pari&, numpy 1.21.5

and scipy 1.7.3 for data processing, tslearn 0.5.2 for clustering,-&akit 1.0.2 and
xgboost 1.3.3 for predictive modeling and matplotlib 3.5.1 for visualization. The model
implementation and the experiments were executed on aldtep computer with an AMD
Ryzen 1700X processor, 8 gigabytes of RAM, and\dDIA 1080Ti graphics processor.
Additionally, the code of this forecasting approach and case study is publicly available on
GitHub p21].

5.3.6Performance Metrics
In this section, w outline the main performance metrics utilized for the evaluation of all

nine ensemble estimators in the clusteased aggregate framework. FirstMAE[87] is
utilized for the peak and noepeak influenced member selection as well as the final
ensemble galuation since it is a common and simple loss function that measures the

average error of continuous variables without considering error direction.
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Furthermore, MAPESH] is included for the generalized measurement of relative error
since it is amnterpretable scaldndependent metric. The usage of MAPE is restricted to the
evaluation of the total demand for the final ensemble models due to the existence of zeros
in some of the clustered time serieéSecondly, MSE222] and RMSE2R3J are includedas
quadratic scalelependent loss functions that could denote the impact of large errors since
errors are squared before they are averaged. Additionally, the simultaneous examination
of MAE and RMSE could determine the variation of errors for the ensenduels since a
large difference between the values of those metrics could denote great variance in the

individual errors of the test sample, indicating the occurrence of large errors.

5.4Results

In this section, we analyze the performance of the ensemble et®odly providing an
overview of the error metrics based on the data available in this case study. Since this
project focuses on the implementation of a deterministic membership selection technique
on stacking and voting ensembles, all nine ensemble estirmatliscussed in the
experiments presented earlier are compared to the standalone estimators in the cluster
based aggregate framework in order to distinguish the most efficient ensemble structures
and outline the potential performance benefits of this appch. The main motivation for

the development and subsequent comparison of those models stems from the uncertainty
that some values could introduce during the training of estimators, resulting in regions
where suboptimal fitting could occur. Intuitivelynstable estimator performance could be
observed in regions where local maxima could be detected due to the sudden change in
the value of electricity consumption diue to theirregularityof the consumption pattern,
resulting in large errors. Therefore,dtprioritization of points or regions where peaks are
not observed would be considered as a safer starting point for the fair performance
comparison of base learners and the examination of optimization benefits through the
combination of multiple estimatedime series. Since the discovery of base learner
combinations that reduce the forecasting error in a given machine learning task is a
challenging process and a given ensemble structure does not guarantee improved
performance when applied to different datats, adaptive ensembles could result in more
robust estimation and the examination of fundamental time series characteristics such as

peak and norpeak points could lead to flexible ensemble structures that yield
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performance benefits when diverse time s&5 are processed, such as the clustered load

of different client types. The performance comparison includes the computation of MAPE,
MAE, MSE and RMSE for all models. The stacking ensembles utilizing the list of best peak
estimators, the list of best nepeak estimators and the merged list containing a single
instance of all members from both lists, are labeled as SRP, SRNP and SRA, respectively.
Similarly, the voting ensemble structures featuring a uniform weight strategy are labeled

as VRUP, VRUNP andMRLastly, the voting ensemble models featuring an occurrence
based weight strategy derived from the frequencies of estimators in the merged list before
duplicate removal are labeled as VROWP, VROWNP and VROWA, respectively.

Figure5.15 presents the errometrics of the standalone models as well as the ensemble
structures on the optimal assignment of clients into two clusters based on the silhouette
analysis. The examination of MAPE and MSE shows that the ensemble methods following
this membership selectio strategy yielded improved forecasting performance when
compared to the standalone estimators. Additionally, the simultaneous examination of
MAE and RMSE indicates that there is a small variation in the magnitude of the errors in
standalone models and ehcensemble structure but the occurrence of large errors is
unlikely. The stacking and voting regressors utilizing the membership list derived from
performant nonpeak estimators yielded the most distinct improvement and relatively
smaller benefits can bebserved from the ensembles based on peak membership.
Furthermore, the implementation of a uniform and occurrerz@sed weight strategy
resulted in similar forecasting performances for voting ensembles that utilized the peak as
well as the merged membershipsts. However, a more substantial difference in error
metrics can be observed in the comparison of the voting estimators utilizing theeak

membership list, where uniform weights resulted in lower metrics.
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Figure 5.15. Error metric comparison for standalone estimators and struc
ensemble models given the optimal clustering denoted by the silhouette methos
panels present the following metricsa)(Mean absolute percentage errob)(Mear

absolute error. §) Mean squared errord] Root mean squared error.

Figureb.16 provides an overview of the error metrics derived from the indoaed elbow
method for optimal clustering. Similar tbe examination of the silhouette optimal cluster
selection, it is evident that the stacking and voting ensembles based on theeaain
membership list yield improved performance in this forecasting task, resulting in lower
MAPE values. The values of MMSE and RMSE for those models remain close to the
lowest value of the KNN regressor, denoting the overall stability of the ensemble models.
However, this observation does not hold true for all ensemble models since voting
ensembles following an occurrentased weight strategy yielded MAE, MSE and RMSE
values closer to the average standalone predictors while yielding a smaller improvement

of MAPE, denoting fewer substantial benefits derived from the model fusion in this case.
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Figure 5.16: Error metric comparison for standalone estimators and struc
ensemble modelgiven the optimal clustering denoted by the elbow method.
panels present the following metricsa)(Mean absolute percentage erroh)(Mear

absolute error; ¢) Mean squared errord) Root mean squared error.

Consequently, the inspection of both optain clustering strategies shows that the
implementation of flexible ensemble models in the cludbased framework could improve

the overall load forecasting performance when considering ensemble members that
performed well on the prediction of nepeak obsgrvations during training. This deduction
partly verifies the intuitive assumption that regions with sudden peaks in the clustered data
may introduce a level of uncertainty which could result in unstable estimator behavior,
leading to the unfair performarecevaluation of base learners for membership selection.
The uniformly weighted voting regressor based on +#peak influenced membership
achieved, approximately, a 16.5% improvement over the average MAPE value of
standalone estimators while utilizing thellguette analysis for optimal clustering.
Similarly, the stacking nepeak influenced regressor achieved a 17.2% improvement in the
experiment. Furthermore, the experiment utilizing the elbow method for the selection of
the optimal number of clusters showethat the previously examined models yielded a
10.4% and 13.8% MAPE improvement over the average of the standalone values,
respectively. It is worth noting that in this second experiment the stacking regressor
considering the merged list of peak and Rp@ak influenced membership yielded an 11.9%
MAPE improvement, showing slightly better performance when compared to the VRUNP
model. The examination of those metrics denotes an overall reduction in MAPE,
comparable to the average reduction observed in thplementation of ensemble learning

for shortterm forecasting over different sets of estimators in recent research results
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presented in 186] as well as 324,225. Since the successful implementation of an
ensemble model typically yields a small improvemesien compared to the best base
estimator, a similar behavior can be observed in our study, achieving approximately the
same level of error metric reduction when compared to relevant studies. The main
difference highlighted in our approach is related toetdiscovery and examination of
optimal base estimator sets from a wider estimator space in an attempt at eliminating the
uncertainty of the initial ensemble member selection process. Therefore, our work aims to
shift the focus from the individual proposaf specific ensemble structures to member
selection strategies that generate appropriate sets of estimators for the training of a given

time series.

5.5Discussion

This research project examined the performance of structurally flexible ensemble
estimators onthe clusterbased aggregate framework for the improvement of sherm

total demand predictions. The proposed approach implemented a membership selection
strategy focusing on the evaluation of peak and #p@mak data points given different
perspectives thaconsider sets of observations on the actual as well as the estimated time
series derived from segments of the training set. This process resulted in the development
of nine ensemble models consisting of three stacking and six voting regression structures
that covered several ensemble member combinations. Consequently, a case study was
carried out for the evaluation of those models on a dataset including the load profiles of
370 clients. The research findings indicated that the ensemble models were ailertove

the forecasting accuracy for clustered load estimation, resulting in more robust
combinatorial structures. The experiments showed that voting and stacking ensembles
influenced by the membership set of ngeak performant base learners could prowid
more significant forecasting improvements, yielding MAPE scores of 3.68 and 3.65,
respectively, when silhouette analysis is used for optimal clustering. Similarly, those models
achieved MAPE scores of 3.76 and 3.62, respectively, when an-ibasea dbow method

was utilized for optimal clustering and the stacking ensemble including peak as wellas non
peak performant base learners resulted in adequate performance, achieving a MAPE value
of 3.7.
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Since the discovery of efficient base learner combinatienst a straightforward process

and one specific ensemble structure may not guarantee the reduction in error in a given
forecasting task, we believe that this adaptive approach contributes towards the
deterministic member selection through the inspecti@i fundamental time series
characteristics. Additionally, it is evident that a standalone estimator may not perform well
when processing time series that exhibit different patterns, resulting in unstable overall
metrics for the aggregate values. The awggerformance of some robust and optimally
tuned standalone estimators could be drastically affected by the input data as well as the
data collection process. Different electricity consumer types and various data collection
characteristics such as the staf the load monitoring period could impact the prediction
accuracy and the recalibration process of the forecasting models. Consequently, it could be
observed that some estimators may outperform others with minimal context related to the
justification d the difference in performance, leading to less interpretable
implementations that follow arbitrary model selection processes. Therefore, the main
advantage of this proposed approach is the efficient combination of base learners through
a simple and weltlefined process that could be seamlessly integrated in ensemble
regression tasks for the energy sector. The performance hinderances introduced by the
extreme cases where the response of a standalone estimator yields irregularly high error
metrics on certar data points are diminished through the consideration of multiple
estimated time series. Moreover, the focus is shifted towards the inspection of data points
where the estimators are expected to perform optimally, reinforcing the fairness of

comparison ad setting additional criteria towards member selection in ensemble learning.

On the other side of the spectrum, there are a few disadvantages in the application of this
method that should be mentioned for completeness. Since cldsésed frameworks often
lead to computationally expensive models, the integration of flexible ensetelakners in
this paradigm could increase the computational cost due to the training and processing of
multiple estimators. Therefore, the complexity of each candidate base learner could be
restricted since the tuning, training and processing of seveedpdneural network
architectures and hybrid structures would increase the execution time substantially due to
the increased number of hyperparameters as well as the overall latency encountered when

loading and storing data during training, rendering thenefficient for shortterm

181



forecasting tasks and real time applications. However, advances in distributed computing
could remedy this issue through the parallelization of data processing tasks. It is evident
that the proposed approach could be implementedmulti-threaded distributed systems
since there is a clear distinction between standalone and aggregate tasks. Consequently,
the inspection of each base learner and the membershgluationprocess for each cluster

could be easily parallelized, resultimga scalable hybrid structure

Future research projects could explore different time series characteristics and combine
them in order to extend the current membership evaluation strategy, resulting in the
discovery of additional ensemble structures. ®irhis study primarily focused on load
features, isolating their impact for the inspection of base learners in an environment
containing only the load profiles from different types of customers anonymously, the
inspection of time series elements derivedrn different types of features could provide
significant insights towards the development of more robust ensemble estimators,
depending on data availability. Furthermore, the proposed strategy could be applied to
multiple unclustered time series or load gfiles processed in different clustering or
aggregation frameworks in order to examine the performance of adaptive peak and non
peak ensemble learning through more diverse experiments. Lastly, the impact of several
vital parameters to the definition of théorecasting tasks could be studied, such as the
forecasting horizon, and the customer base size could be studied in an attempt at
guantifying the scalability of this approach in different client groups as well as the versatility

of the method.

5.6 ConcludingRemarks

The intricacies of very shetérm total electricity demand forecasting tasks add a layer of
ambiguity to combinatorial modeling since the challenges derived from increasingly diverse
and rapidly growing client groups could hinder the efficiendyrabust estimators.
Additionally, the inclusion of estimators in hybrid and combinatorial approaches is often
influenced by expert knowledge and general performance indicators in similar forecasting
tasks. Therefore, the criteria for the selection of basémators are not explicitly linked to

the shape and the individual characteristics of a given dataset, resulting in a seemingly

arbitrary estimator selection process. This phenomenon could be easily observed in the
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implementation of ensemble learning rdels where small refinements to the error metrics
are expected when several estimators are optimally combined. Since this optimal
combination differs depending on the available data and the problem formulation, this

performance boost is not guaranteed aisdbften derived from extensive experimentation.

In this project, we presented an estimator selection strategy that generates base estimator
sets capable of achieving this performance boost through the examination of peak and non
peak observations from miipple evaluation perspectives during training. This membership
strategy aims to adapt to different shapes of time series and output estimator groups that
outperform the standalone estimators when combined in a stacking or voting ensemble
structure. The casstudy presented in this work focused on the effect of load features and
utilized the clustetbased aggregate framework since the clustered time series derived
from a diverse set of clients monitored from different starting points would introduce a
degree of unpredictability between consecutive samples that would intuitively cause
certain models to underperform as the shape of the time series could be drastically
different between clusters. As a result, three stacking models and six voting models were
evaliated on a group of clustered time series for the prediction of total demand based on
the most important numbers of clusters derived from the silhouette and elbow methods.
Through our experiments, we observed that base estimator sets generated from the
proposed strategy led to consistently more performant ensemble models when the criteria
influencing the selection of estimators involved the examination of-peak observations.

It is worth noting that in some ensemble structures the merged set of estimatdested

from the examination of peak and neggeak observations performed adequately well. In
conclusion, this work attempts to reinforce the basis of ensemble and hybrid modeling
through a weHldefined and easily interpretable criterl@ased approach whh is tuned

based on the input time series in order to boost predictive performance
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6.1 Motivation

The extension of the forecasting framework through the inclusion of matdeling
processes adds significant value to sherm forecastingin the energy sector since it
enables the development of more robust estimators that could drastically improve the
generalization capabilitieand the stability of predictions within the studidurizon.The
main appeal of metamodeling approaches stems from thenhanced flexibility in the
development of the primary forecasting modul8ince the role of the meteodeling
approachess to combine and process output data from the main forecasting mofitule
the derivation of the estimatedtarget variables, the forecasting module could be
restructured and repurposed in order to captuaied analyzalifferent aspectf the time
series featuresConsequentlyseveralmeta-features or alternative interpretations of the
target variablescould be derivedin order to form more compact datasets that

comprehensively explain the pattero$ the target series.

The applicationof metamodeling approaches could be usefin more complex
environments wherehe efficientfeature dynamics couldmprove performance and the
omission ofinfluential factors could introduce performance hinderanc®seof the most
prominent scenarios where metamodeling techniques could be impactful is the research
of shortterm consumer load forecast#. is evidentthat the prediction of consumer load
curves could be sufficiently accurate when enough influential factors are examined and
when the input dataset is derived from a higjuality data collection process. Howeyar
realworld applications these requirements may not always be fulfilled, resulting in
erroneous and unreliable predictionEherefore, the forecasting model could bendfom
additional learning stages thatxpose more characteristics of the time series during
training. Meta-modeling techniques could be applied in this scenanioyder to introduce

a multistage pipelinghat initially shifts the focus twards thediscovery of compact data
representationsin this scenariq data representations that address community dynamics
are not sufficiently covered through research efforts focusing on metaeling. The

impact of time seriessimilarity is typically helpful in the early stages of the forecasting
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pipeline for the purposes of featurgelection.Similar consumption patterns from different
clients could reinforce the generalization of the model and explain irregular time series
alignment issues that may occur duridgta collectionFurthermore, the examination of
causality could be used farther explore the influence that other time series might have
in the prediction of the target, denoting a more general measure of the degree of predictive
potencythat is notseverely penalizing data abnormaliti&oth influential factors are not
sufficiently examined within the scope of metaodeling design for the exploration of
community dynamics that may affect individual load forecas$tss research galeads to

the undeutilization of available knowledge, since the role of a consumer within a
community and data that could indirectly be related to a specific load corag have

significant value to the overall performance of the forecasting pipeline.

The contribution anafzed in this chapter attempts to address this research gap through
the design and development of a novel matedeling approach that considers the factors
of similarity and causality in order to derive alternative target time series components that
could ke combined in order to boost accuracy and stabiityhe target predictiorwithin
short time intervalsThiscasestudy considersealworld consumerdatawhere poor data
collection quality could result in higher error metrics, rendering the convergeice
regression models more difficulhe following sections correspond to the introduction,

methodology, results and discussion oistimetamodeling approach

6.2 Introduction to a MetaModeling Power Consumption Forecasting Approach

Combining ClienBimilarity and Causality

Data analysis and forecasting models are the cornerstones of research in the energy sector
since they enable the development of sophisticated applications and strategies that
optimize the flow of energy on the grid and improve theality of life of electricity
consumers. Modern datdriven approaches rely on the collection and processing of client
information regarding their power consumption, sodemographic features, and various
external factors, such as weather variables,nden to examine consumption patterns and
make accurate predictions. Forecasting models focused on the prediction of power
consumption provide meaningful insights that can be utilized by electricity providers in

order to monitor and control the demand effently, while being able to detect and avoid
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irregular events. On a larger scale, power forecasting models allow the providers to
construct load profiles of buildings for months in advance and, based on that estimate, to
validate energy meter readings arwduster buildings into groups, contributing towards
more intelligent regional planning approaches. Additionally, smart pricing strategies can be
implemented in an attempt to adjust electricity tariffs dynamically, based on client
behavior. Price forecastintechniques complement electricity consumption models in that
spectrum, with significant contributions towards the efficient execution of regression tasks
[226¢228. Furthermore, electricity forecasts can benefit each consumer individually due
to the devdopment of applications that allow clients to monitor and reschedule their daily
tasks flexibly in order to gain additional control over the billing process. Consequently,
there is a growing interest for the development of accurate and robust power fotiegas
models that are able to extract useful information from the underlying patterns and

relationships of the collected energy da@22pc231].

Energy data used in the design of forecasting models is commonly structured in the form
of time series, where rexds consist of relevant features indexed in time order. Classical
time series forecasting methods such as autoregression @8R), jnovingaverage (MA)

[233, and autoregressive moving average (ARMA) are often used to predict the next time
step in a unigariate sequence modeled as a linear function of information extracted from
previous time steps. Moreover, the autoregressive integrated moving average (ARIMA)
method and its extension284] utilize differencing in the observations of previous time
steps.Vector autoregression (VAR) models constitute a generalization of AR models since
they support multivariate time series. A similar generalization is observed in vector
autoregression movingverage models (VARMA)3H. Additionally, simple exponential
smoothing (SESPBS YR |1 2f G 2AyidSNNa SHEydSiyhé A £ &
next time step as an exponentially weighted linear function of past observations.
Traditional methods, such as AR, MA, ARMA, VAR, VARMA, and SES, usually do not utilize
the trends and seasonal patterns of the input sequence and, while their extensions and
variants can integrate those elements to construct more sophisticated models, there are
more limitations associated with those methods. The limitations of those statistical
methods mainly revolve around the structure of the available data, the relationship

between input and output variables, and the abiltty support highly dimensional time
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series R37,238. Since classical forecasting models do not support misahges, data
imputation techniques need to be implementedhus altering the original dataset.
Furthermore, traditional models often generate predictions based on the assumption of a
linear relationship between the input and output variables, thereby oimgttthe more
complex nonlinear patterns and trends. Lastly, these classical methods are observed to be
more suitable on univariate sequences in terms of performance, rendering the design and
generalization process for more complex environments more diffidt is clear that due

to the complexity, availability, and structure of many energy datasets, most traditional

approaches would not suffice for the derivation of accurate predictions.

On the other side of the spectrum, advances in artificial intelligeand machine learning

led to the development of more robust models, which are capable of discovering complex
relationships between input and output features. Many different architectures involving
neural networks, such as the multilayer perceptron (M[R®)Q and long shorterm
memory (LSTM) network2B9], were used successfully in many time series forecasting
tasks, achieving impressive performandsj. These neural network models follow a
blackbox approach in the approximation of nonlinear functiomle multilayer perceptron
finds frequent application in regression, classification, and fitness approximation tasks with
an emphasis on learning to map the set of inputs to the set of outputs. Long-tenort
memory networks take advantage of the tempbdata characteristics in order to extract
insights from the order dependencies that could be present in a sequence. The suitability
of machine learning methods for energy data processing is evident since these models are
able to capture more complex pattes from highly dimensional data without the
requirement of having an optimally structured dataset. However, there are still many
challenges that limit the performance of these models, and ongoing research attempts to
address them. The lack of data neededrain a model successfully in combination with
potentially missing values could hinder the performance of neural networks due to
overfitting [240], since the model would not have an adequate number of training
examples in order to perform well when nedata is tested. Additionally, feature
engineering is crucial in the design of a machine learning model, since the inclusion or
exclusion of certain variables and data transformations can have a great impact in the

learning process. Therefore, some foredagttasks in the energy sector can have poor
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performance due to a suboptimal data collection process or limited data availability given
the forecasting horizon and the expected output. Ongoing research in the field focuses on
the introduction of novel methds and hybrid models that utilize a combination of feature
engineering techniques, architectural changes, and mechanisms that optimize the training
process, thus rendering neural network models more resilient to data abnormalities.
Additionally, there isan ongoing effort towards creating more wslructured datasets,

while minimizing data distortion and noise for energy foreca3#d p472.

There are several recent projects addressing forecasting and classification tasks with the
use of datadriven methals that often utilize neural networks and feature engineering
techniques. Choi and Le243 proposed a framework based on an LSTM ensemble and a
weighted combination of predictions for time series forecasting, showing that
combinatorial approaches that llize the output of multiple neural networks can achieve
better performance compared to other popular forecasting methods. Tian et2d] [
presented a hybrid architecture based on the combination of a LSTM and a convolutional
neural network (CNN) for shioterm load forecasting, improving prediction stability for
that forecasting horizon. Mujeeb et aR45 used a deep LSTM network to create a new
load forecasting scheme for big data in smart cities, showing the capabilities of deep neural
networks on Kt @8 RAYSyaAazylf KA&adG2NRARO f 246R | YR
reinforced the importance of optimal data aggregation by presenting a-dateen method

for the classification of energy consumption patterns based on functional connectivity
networks. th et al. p47] proposed an encodedecoder model utilizing an attention
mechanism in order to learn long data dependencies from the input sequence efficiently.
Tian et al. 248 developed a forecasting model based on transfer learning, using the
outputs of already trained models for the estimation of building consumption according to
similarity measures. This project provided substantial motivation towards research on
meta-modeling techniques that could improve the accuracy of the predicted smetér
readings. Chen et al249 proposed a time series forecasting model that explored the
impact of Granger causality for stock index predictions. This work presented interesting
ideas on the use of causality in prediction models and could be exteraéuetfield of
energy forecasts. Boersm25( studied the correlation and impact of internal and external

factors on the prediction of household consumption using an MLP network. This project
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highlighted the importance of feature engineering as well amsetiresolution in the
derivation of accurate predictions. Emamian et @51 implemented a solar power
forecasting model using an LSTM ensemble to aggregate the predicted output of each
network, demonstrating that ensemble models can achieve higher acgusad more
reliable results than single neural network models. Guo et 282)[ combined energy
consumption and environmental data in the development of an LSTM forecasting model.
Their study suggested that decent forecasting performance can be achidwau avgood
quality dataset is available. Lastly, Tao et283] proposed a hybrid shoittierm forecasting
model using an LSTM network for photovoltaic power predictions in conjunction with a bias
compensation LSTM in an attempt to improve the predictibased on the residual error.
This project highlighted the more positive effects of matadeling in neural network
design and showed that there is more useful information to be extracted from the

predicted output.

In this study, we focused on the prediatiof power consumption extracted from monthly
energy meter readings for electricity clients. Since the energy meter data is often collected
monthly for each household or building, and the data collection process is dependent on
the policies of the electrity provider, it is common for the resulting dataset structure to

be problematic for most modern forecasting models. Insights and predictions are
commonly based on patterns and trends extracted from recent years of consumption.
Therefore, it is expected #i a dataset containing monthly measurements might not have
sufficient records for the training process of neural networks. Furthermore, due to different
provider policies and the possibility of having a manual registration of the meter readings,
the resuting datasets often contain missing or estimated values for clients that do not have
any electric energy meters installed. Consequently, machine learning models trained on
such data would probably overfit or exhibit poor performance on both training astl te
sets. The main goals of this study were: to develop a combinatorial neural network model
that manages to outperform the standard single network forecasting approach, while
avoiding overfitting; and to demonstrate the impact of feature engineering in the
implementation of a metanodeling technique. The proposed model examined the impact
of similarity and causality among clients in an LSTM ensemble architecture in order to

derive the base, similar, and causal representations of the predicted output based o

189



changes of the input feature set. Following this step, a multilayer perceptron was used to
aggregate the predicted results, in order to discover the optimal combination of those
representations that could be used to predict the actual power consumptia@rem
accurately, by formulating a metaodel for stacked generalization. This project aimed to
stimulate further research in the design of models that do not rely on-stalictured
datasets, but rather explore the inclusion of potentially helpful featutiest express
relationships between client time series, in order to improve the base performance of
models that would otherwise be considered suboptimal. Our work contributes towards the
study of influential features and the discovery of patterns within t@mmunities of
electricity clients. Additionally, the examination of combinatorial forecasting approaches,
similar to the ones presented in this paper, help in the presentation of more complex ideas

and greatly expand research knowledge through the ingesibn of alternative models.

In Sectiorb.3, we analyze the main methods utilized in the implementation of the proposed
model and proceed to provide the forecasting problem framing, with appropriate
references to the dataset and performance metrics uas@ case study in order to test the
performance of this approach. In Sectiéd, we discuss the results of our experiments and
evaluate the performance of our model. Finally, in Secéidn we highlight the impact of
the experimental results and addresise advantages as well as the challenges of this
approach. Additionally, we outline some ideas for further testing and improvement of this

method for future research projects.

6.3 Materials and Methods

6.3.1Structural Presentation dfong ShoATerm MemoryNetworks
Long shorterm memory networks I61] are a class of recurrent neural networks (RNN)

that can identify longerm dependencies among the input features. LSTM networks are
valuable tools for time series forecasting tasks, since they can perform wigdn the
duration between time lags of a given sequence is unknown. Additionally, LSTMs manage
to preserve gradients throughout the computation, solving one of the main issues of RNNs,
where the gradients would vanish during the training process. Thetstre of an LSTM
consists of units known as the LSTM cells. Each cell contains a set of gates that can adjust

the current cell state by adding or removing information at a given time step. The cell state
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is transferred from one unit to the next, where tber adjustments occur. The input gate
at time step 0 determines which values will be updated and stored in the cell state.
Additionally, the output gate determines which parts of the current cell state will be
transferred to the output of the cell, leaaly to the next unitAn overview of the LSTM cell
is presented in Figuré.l where each symbol corresponds to the respective symbols
explained inthe formulae of section 4.3.1.&nd the multiplication as well as the addition
blocks connect the terms of eladormula in this diagram. LSTM networks are trained with

back propagation through time and gradient desceti].

v

A 4

Figure6.1: LSTM Cell Structure

In the literature, several experiments wemnducted with different LSTM variants,
including a variable number of units and hidden layers as well as custom training loops for
sequence forecasting. However, it is evident that, while changes in the structural
parameters of an LSTM can boost modelfpanance and achieve faster training time
through faster convergence, stable and reliable results are derived from the aggregation of
multiple LSTMs and the construction of ensemble mod@B5[ Therefore, for the
purposes of this study, an LSTM ensemides considered for the forecasting experiments
and the weighted average of the ensemble members was used for each representation of
the predicted output. It is worth mentioning that ensemble models can also yield small
performance boosts compared to theasidalone LSTM, but in this project, we focused
more on the stability and reproducibility that ensembles can enskirgure6.2 presents

the general ensemble LSTM structure.
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Figure6.2: GeneraLSTMEnsemble Structure

6.3.2Structural Presentation d¥lulti-Layer Perceptron
The multlayer perceptron is a neural network structure that follows the principles

presented in section 4.3.1.Time series models and applications that handle energy data
often utilize MLPs for univariate and multivariate regression tasks. Alternatively, MLP
networks can classify load profiles as well as other variables that could group clients into
distinct categories. For the purposes of this study, ralter perceptron was useds a
meta-modeling prediction approximator that aggregates the results of LSTM ensembles
and learns to predict the expected output through stacked generalization, in the spirit of
[206]. Figure6.3 presents the simple MLP structuteaturing an input layer, one hidden

layer and an output layedtesigned for univariate predictiorf256].

192



Input #1

Output
Input #2

Figure6.3: MLP with a single hidden layer.

6.3.3Influential Community Factors
Feature engineering techniqued7] are useful because they contribute to the discovery

of relationships and patterns between input features. Additionally, those methods assist
towards an insightful ranking of features derivdrom the results of metrics and
algorithms, leading to the inclusion of the most impactful features or exclusion of the least
beneficial data records. Consequently, it is evident that the role of feature engineering
techniques is crucial in the designperformant models for most machine learning tasks.

In this study, we focused on the development of a forecasting model that utilizes the power
consumption data of clients. In the literature, studies involving external variables, such as
temperature and pice, are common in this class of forecasting models and the focus is
shifted towards the impact of additional data on a specific load profile through time. While
the inspection of external variables is beneficial in the developmeataiirateforecasting
models, we should also consider the discovery of interrelationships among the load profiles
of clients and the overall community impact when selecting features that are extracted
from a wider pool of consumers. The exploration of this approach could teteetdesign

of performant models after the investigation of features that discover associations
between the power consumption of buildings. These associations can be useful when the
data collection process is not ideal and external variables are notblailAdditionally,
models based on influential community features show the relative evolution of power
consumption patterns, which is worth monitoring when electricity providers, as well as

customers, want to estimate electricity tariffs and ensure thaeryy meters function
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properly. For the purposes of this study, we explored the effect of two influential

community elements, namely similarity and statistical causality

6.3.3.1 Similarity

Similarity metrics258] quantify the structural closeness of features and rank them in order
to find the ones most similar to the given input. In power forecasting tasks, where the
similarity between the power consumption time series of clients is considered, the main
goal is b create client associations by finding the most similar power consumption time
series within the community, given the time series of one client. Since power consumption
time series can vary in length or have missing values due to irregularities thatchoouwy

the data collection process, we can easily observe that conventional distance metrics that
assume optimal time series alignment, such as Euclidian distance, could produce a
pessimistic dissimilarity measure due to the absence of a symmetricatipgjpint match

of the time series or, in some cases, misinterpret the similarity of some time series.
Therefore, we chose to examine the soft dynamic time warping{3@iV) algorithmZ59

for this project. SOFEDTW is a differentiable loss function tome series and constitutes an
extension of the dynamic time warping algorithi26[)] for the computation of the best

time series alignment through a dynamic programming approach. As a similarity measure,
soft-DTW considers all alignment matrices of twodirseries and produces a score that
encapsulates the softinimum of the distribution of all costs spanned by all possible
alignments. This method yields decent performance in classification and regression tasks
involving time series and is considered afusenetric that can serve different purposes in

the design and training of a neural network model. In detail, for the comparison of two
time seriesvandwwith respective lengths andd , given the cost matriz afto , the inner
product of3, with an dignment matrixd as®s ofwo 6 and the proposed generalized
operatord "Qéwith the nonnegative smoothing parameter, softDTW is computed with

the formula:

i ¢ Q0 QYD a "Qedhw aho di /™ (6.1

6.3.3.2 StatisticalCausality
Causality 261] usually refers to the abstract concept that defines a relationship between

two variables, where the influence of one can partially justify the value of the other.
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Typically, when causality is present there are covert dependebet®geen those variables

and discovering them can be useful in the construction of forecasting models. When
variables have a simple structure and include descriptive labels, it can be easy to distinguish
the causality between them through intuition and logi reasoning, but this is not the case

for more complex data. Time series data are usually collected from complex and dynamic
systems and due to their structure, the detection, quantification, and interpretation of
causality are challenging tasks. Theatieinship of cause and effect in time series could
describe partial dependencies of values on the same time step as well as changes caused

to the values of one sequence due to the effect of past observations of another

Statistical causality methods, suels Granger causalit$2], attempt to determine the
forecasting potency of one series with regards to another. The derivation of this predictive
causality is a useful tool that could complement similarity measures and feature
correlations when data analigsis performed. In the scenario of power consumption
forecasting the role of statistical causality is twofold. First, models that rely on lagged
observations of consumption can distinguish the most influential lags for prediction by
eliminating the obserations that fail the statistical causality tests. Second, in the scope of
a wider client pool, the forecasting potency of a lagged observation that belongs to one
client with regards to future consumption of a different client can enable data
augmentationdue to the significance of the underlying patterns that led to this causal

relationship

In this project, we utilized the Granger causality test to infer the predictive potency of
power consumption time series. The Granger causality test is a batfpprocess, where
the null hypothesis states that lagged values of a variaidle not explain the variation in
variable 3 hencew does not Grangecausew Then values of the chsquare andO
distributions are compared to the desired statistical significance and the results can be
interpreted with the following formula:

, YQ Q0@ 60w R Qi 1 mdru (6.2)

1 Qi 0 Q0% % o sr swsr. s wpmsr T s
O wWAMACIW NERA Qi 1 T8t u

195



6.3.4Problem Framing and Proposed Design
This study focused on the design and implementation of a power consumption forecasting

model for monthly consumption predictions based on the collection of energy meter
readings from a set of clients. This model atmed to integrate neural network
architectures, feature engineering techniques, and a meatadeling process in order to
address the main challenges of this prediction horizon, as well as the difficulties that could

arise due to a noideal data collectioprocess

Neural network models processing monthly client data with the common sliding window
approach 263 often have insufficient observations for training, resulting in models that
either overfit or have poor performance. Additionalljifficulties in the data collection
process can result in unbalanced datasets with missing values that can affect model
performance. It is also worth noting that changes in the original dataset addressing these
problems could lead to the introduction of woacessary noise, resulting in the
misinterpretation of certain data patterns. Despite all the challenges mentioned above,
research should not be limited to good quality datasets because data availability cannot be
guaranteed for all machine learning taskairthermore, the investigation of alternative
approaches that could boost model performance in a-igal setting is interesting since
those contributions shift the emphasis towards more robust structures that overcome data
limitations. Our proposed appach maintained the original dataset following the common
sliding window approach for predictions, while it introduced a revised model structure that

can improve model performance under nafeal conditions

Following the sliding window approach using aB8TM network, the client dataset
underwent the preprocessing phase, where the consumption dataset was clustered by
client and the data of the client whose consumption was to be predicted was selected. The
consumption of the client was organized into diffatecolumns representing lagged
observations of the consumption at timee phd ¢ O & derived from the original

time series shifted in time. The prediction of the next month was denoted as the next
column at timed, which is the target output variabl@ he preprocessed dataset was split
into a training and validation set, and the data was scaled appropriately based on the
distribution of each feature, using standardization when the distribution was normal or

using normalization otherwise. The scaledattges were reshaped in the form of
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i Oanh @ Qied@d oandyassed to the LSTM network for training. Once the
model was trained, the performance of the model was evaluated on new data from the
test set and an error metriwas used to determine the divergence of predictions from the
actual consumption values. Figuge presents the standard design for a forecasting model
utilizing an LSTM network and this common sliding window method that usually

underperforms due to thetallenges mentioned above

Qriginal Dataset Power Consumption
Prediction
A
Data Cleaning/Preprocessing LSTM Network

Feature Selection

Scaling/Reshaping
(Data Transformations)

Train/Test Split >

Figure6.4: Standard design of power forecasting model using an LSTM networl

We extended the previously described method by introducing several modifications and
new components aiming at a performance boost: instead of a standalone LSTM network,
an LSTM network ensemble ©fmembers was considered in order to derive more reliable
predictions. Each member of the LSTM ensemble features an early stopping mechanism
[264] that effectively stops the training process when the validation loss of the model stops
decreasing. This mechanism prevents overfitting and selects the epoch wheneotthel

would achieve the best predictive performance on unseen data. The prediction of the LSTM
ensemble is the aggregate prediction of the members derived from their weighted average,
where the weights are determined using grid sear269. This proceswas used on the
original feature set of lagged observations to derive the base representation of the
predicted consumption. Following this step, two different feature sets were constructed
based on the influential community factors of similarity and catysarhe first feature set
contained the original lagged observations, as well as lagged observations of other clients

at the same time steps, determined by their similarity ranking based on the previously
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described sofDTW method. The second feature setntained the original lagged
observations and lagged observations of other clients at the same time steps based on their
predictive potency as determined by a Granger causality test when the targeted effect was
the monthly consumption at time of the oiiginal client in the training set. Those two
feature sets passed through the LSTM ensemble and produced the similar and causal
representations of the predicted consumption, respectively. Since the effects of causality
and similarity are not strictly predetmined to be positive, we implement a metaodeling
technique that aimed to aggregate the three representations in order to create a model
that discovered a weighted combination of those representations. Intuitively, this
combinatorial model used an MLB a metalearner used for stacked generalizati@6f),

thus creating an ensemble of ensembles that was expected to yield improved performance
when compared to single layer LSTM ensembles. Figrgresents the design of the

proposed approach.

Client Power Consumption
Dataset

Data Preprocessing &| MLP
Formulation Stacked Generalization

Power Consumption
Prediction

A

A

Meta-Model
Train/Test Split Feature Set

Feature Sef with Feature Set with
Base Feature Set Causal Input Similar Input
(Granger Causality) (Soft DTW Ranking)

Base Consumption Causal Consumption Similar Consumption
Representation Representation Representation

= =

LSTM Ensemble

v

Feature Scaling & Reshaping

Figure6.5: Proposed model design utilizing three LSTM ensemblensadiels in the

development of a metanodel based on an MLP network.

6.3.5Case Study and Experiments
In this section, we present a case study used & tur proposed approach. The dataset

used for our experiments contained monthly power consumption data of clients located in

aSOSY YdzyAOALI fAGASAa 2F blFINRAR3Z2Z [/ 2f2Y0Al
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and publicly available2b7]. The data was collected and registered by workers of the
O2YLIl ye /SyiauNrftSa 9f SOGNROIFIA RS bINAR3Z2 o0/9
energy meters installed at the building of each individual client. The consumption
measurements were obtained from the monyhieadings of those meters in kWh. The only
exception to this manual procedure happened in the case where a client did not have an
energy meter installed. In this situation, the estimated consumption derived from the
installed electric load of the conneaeappliances was used. Additionally, the dataset
contains socialemographic features such as area, municipality, use, and stratum that
further describe each client. The key index that uniquely identified each client is a code that
includes a concatenatioof the sociedemographic characteristics. According to the
authors of the paper that introduces the dataset, the data was processed and ready for
direct use in the implementation and testing of forecasting models. Furthermore, time
series data for each elnt can be extracted when the observations are clustered by the
unigue code identifier. After further inspection, we deduced that this dataset was suitable
for testing since the pool of clients is sufficiently diverse, containing clients that live in rural
and urban areas, while using electricity in different environments ranging from residential
to industrial and special. Furthermore, the feature of power consumption values is equally
diverse, ranging from 1.009 to 305,687.4 kWh. Therefore, the exploratianfluential
community factors, such as similarity and causality, for the individual power consumption
forecasts could be interesting as the dataset includes clients that satisfy a wider spectrum

of consumption scenarios.

Firstly, further inspection of the dataset was conducted and additional preprocessing was
necessary for the extraction of the consumption time series for each client. Clients were
clustered by code with the requirement that each date index contains onswuaption
measurement for that month. Consequently, 90 clients were detected and formed a new
time series dataset. The resulting dataset fit the ndeal scenario we wished to explore

in this project, since it contains several missing values, possiblytaube manual
registration process. Additionally, in terms of data shape, each user does not have more
than 65 consumption observations associated to the corresponding months of data
collection. Therefore, the possibility of having poor performance whaming neural

network models on this dataset was high. Initial testing was conducted on single layer LSTM
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networks containing 100 units and using the Adam optimizer in the prediction of the next
monthly consumption value based on three previous monthsnasiti The training set
consisted of the first four years of data and the test set contained the remaining months.
The result of the initial simple model, previously presented in Figide exhibited
overfitting, thus confirming our intuition to implement the extensions that we proposed in

order to stabilize the model and improve its performance

The problem formulation using lagged observations remained the same in order to have a
fair comparison othe modified models. The first modification was the implementation of
an early stopping mechanism that attempted to stop training the network when the error
metrics derived from the evaluation of the model on validation data after each epoch stop
decreasig. The initial number of epochs was set to 4000 and after continuous monitoring
of the error metrics from consecutive executions the patience interval, which determines
the number ofepochs after no improvement to the loss function was detected, was set at
170 epochs, preventing overfitting. This patience interval remained proportionately small
when compared to the total training epochs and provided a sufficient window that allowed
the improvement of the model. However, due to the decreased training epdlcbsnodel
yielded suboptimal performance. Therefore, the replacement of the single LSTM network
with an LSTM ensemble &f members yielded more stable and reproducible training
results and minor performance improvements. For the purposes of this study, t
ensemble contained two members in order to balance execution time and stability benefit.
The iterative increase of ensemble members only increased the execution time of our
experiments, hence the choice of two ensemble members was appropriate forataiset.

Since the number of ensemble members was a parameter that depended on the dataset
and the model structure, future research is encouraged to perform similar experimentation
in order to establish the benefit of a larger ensemble before finalizingntioelel. The
output prediction of the ensemble LSTM was the weighted average prediction of the

members using grid search

Taking this approach one step further, we explored the effects of similarity and causality
among clients by forming two additional mddeutilizing the same LSTM ensemble
structure as the base model. The first model focused on similarity and contained a modified

feature set, where lagged observations from the most similar clients were included
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alongside the base client. A s@fW rankingvas used to determine the top three closest
clients that had the lowest distance scores. Intuitively, the number of the most similar
clients should remain small when compared to the total number of clients in order to
strengthen the similarity between théeatures used in the model. Our experiments
indicated that three clients were sufficient in the construction of a feature set that includes
power consumption values with a high likelihood of corresponding to the same electricity
usage type. Generally, theumber of the most similar clients is selected based on the
dataset, with an emphasis on creating a small set of similar clients, reinforcing cohesion
between the members of the set. The second model extended the base feature set by
including lagged obseations of power consumption after inspecting all other clients and
selecting the columns of lags that satisfied the previously discussed predictive efficacy
criterion, by rejecting the null hypothesis of a Granger causality test when that column was
tested against the targeted output consumption of the training set for the main client. Each
feature in every model was normalized or standardized based on the SHAjiko

statistical test 68| before training.

Since all three LSTM ensemble models share thmséormance hurdles due to data
limitations and the implementation of early stopping, the investigation of a combinatorial
approach was interesting due to the variety of feature sets. Therefore, a-leataer was
developed, utilizing a single hidden laydLP network with 100 neurons. The activation
function was the rectified linear unit (ReLU) and the optimizer was Adam. Moreover, 4000
was the selected number of epochs for training and the same early stopping mechanism
was utilized in order to prevent evfitting. The metalearner used the output predictions

of the three LSTM ensemble models in order to discover the best weighted combination
and predict power consumption more accurately. Experiments for the comparison of those
models focused on the predion of the power consumption of a client for the next 14
months. The comparison considered the performance of each standalone LSTM ensemble
using the base, causal, and similar feature set, respectively, as well as combinatorial models
utilizing the metalearner for the pairwise stacked generalization of the ensembles. Finally,
the combinatorial model that utilized all three LSTM ensembles was examined and the

results are presented in the following section
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The experiments presented in this study wanmeplementedin Python 3.8.8, using the
packages pandas 1.2.3, numpy 1.19.2, st@kitn 0.24.1, tensorflow 2.3.0, keras 2.4.3,
statsmodels 0.12.2 and matplotlib 3.3.4. It is worth mentioning that any model parameters
not mentioned in this section follovhe default values of those packages. The models and
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 implementation of thiggower consumption forecasting approach, is publicly
available on GitHul®2pB9.

6.3.6Performance Metrics
In this section, we present an overview of the performance metrics used in the evaluation

of the neural network models in order to explain their intendeshge in our experiments
Themetric of MAEwas utilizedas the loss function for the training of our neural network
models since it is a simple measure that we can use to monitor how the divergence of
predicted values from the real values decreased aftezrg epoch87]. Additionally this
metric was utilized in the final performance evaluation of the estimated time series
components in order to capture a natural measure of average eforthermore MAPE

and RMSBvere utilizedin the performance evaluation of this metaodeling approacln
order to examine different aspects of error in the predicted time sefiéemetricof MAPE
wasutilizedin orderto provide a scale independent measurement of relative error and the
metric & RMSBEwvas used as a secondasyale dependenindicator with attention given
only to the relative decrease of the value denoting the improved performance of the model
[88,90]

6.4 Results

In this section, we present an overview of the experimental results through figures and
error metrics that are based on the findings of the case study in order to evaluate the
combinatorial model described in this project. The experiments consisted afaticbom
selection of clients and the construction of individual forecasting models utilizing the base
feature set of lagged consumption observations, all pairwise combinations of the base
feature set, and the additional columns from the exploration of sintif and causality, as

well as the final combinatorial model, which utilizes all three -suddels for stacked
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generalization. Furthermore, for the clear and concise demonstration of the results, we
provide the representative comparison of those modelstf@ predictions of 14 months

of power comparison for an individual client. It is worth mentioning that the relative boost
in performance following this method was maintained when different clients were selected
from the dataset, following the same behavior standalone models, sumodel pairs, as

well as the combinatorial model. Additionally, the error metrics were derived as averages
from 10 consecutive executions. Since the changes in the error metric values were
miniscule, we found that 10 iterativexecutions were sufficient in the consolidation of

measurements

First, in Tabl&.1 we list the values of MAPE and RMSE for all the models considered in this
comparison. We can observe from the values of MAPE that, while the standalone models
exhibited far, but not optimal results given the dataset structure and the implementation

of early stopping, the sumodel pairs contributed towards a more accurate metadel.
Moreover, the metamodel that utilized the base, similar, and causal -suiidels
performed ketter than all other models in this comparison, showing that the combination
of many different models based on varying feature sets can result in a performance boost.
The secondary performance metric values of RMSE showed a considerable decreasing
trend when we transitioned from the standalone models to pairs of-sutdels and, finally,

to the threecomponent metamodel. The values of RMSE were justified due to the range
of power consumption values in the dataset and we mainly focused on the decreasidg tren
in order to determine the improvement. Tab&l labels the standalone LSTM ensemble
models as base, causal, and similar depending on the feature sets used. Theaoustis
utilizing pairs of LSTM ensembles are labeled as-bassal, bassimilar, and ausat
similar. The final combinatorial model using all subdel ensembles is labeled as base

causalsimilar.

Table6.1: Performance comparison of standalone models,-sutdel pairs, and

combinatorial metamodel.

Model MAPE RMSE MAE
Base 15.62 8485.73 5865.11
Causal 20.37 9749.18 7465.28
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Similar 18.06 8984.84 6595.78
BaseCausal 6.36 6333.37 2739.73
BaseSimilar 6.28 3635.15 1915.17

CausalSimilar 8.62 4595.11 2747.87
BaseCausalSimilar 3.49 1697.14 1122.30

Second, Figuré.6 presents a direct comparison of the actual and predicted values of
power consumption for the targeted output of 14 months between the standalone LSTM
ensemble models and the final combinatorial met@del utilizing an MLP. Through this
comparison it is lear that no standalone model could get accurate predictions when
consumption values show sudden valleys and peaks, such as the areas between data points
3 and 5, as well as data points 8 and 12. The standalone models managed to capture the
decreasing andhcreasing patterns later in time, producing an outcome that seems to be
shifted, distorting the result. Additionally, Figus& presents a direct comparison between

the metamodels created by the combination of LSTM ensemble pairs and the mede|

that utilized all three LSTM ensembles. The inspection of this figure could lead to some
interesting assumptions since the involvement of the base LSTM ensemble resulted in
meta-models that could adapt better to sudden decrease in consumption. Similarly, the
involvement of the component of similarity led to models that could capture the sudden
increase in consumption. While this behavior could be situational to each model for each
individual client, it shows that the combination of swoimdels utilizing influenal
community characteristics could lead to a better fit in the regions where simpler standalone
models would not be able to adapt that well. It is evident that the involvement of all three

sub-models led to the development of the most accurate matadel.
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Figure 6.6. Comparison of the predicted values between the standalone m
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Figure6.7: Comparison of the predicted values between the snbdel pairs and th

final metamodel.

Finally, for completeness, we present the graph that shows the training history of the final
meta-model in Figure6.8. In this graph, we observe that the loss function MAE kept
decreasing for the training and validation set. The initial traimipgchs were set to 4000,

but the model stopped training after 3500 epochs due to an esiidypping mechanism that

prevented overfitting.
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Figure6.8: Training history showing the loss function of MAE forfthael metamode

utilizing similarity and causality.

6.5Discussion

This work explored the impact of similarity and causality in the development of a
combinatorial power consumption forecasting model for electricity clients based on neural
networks. Sincéhe proposed model focused on a more realistic approach that addressed
the main challenges in neural network model design, a case study was carried out using a
dataset that was derived from a nedeal data collection process. The research findings
showedthat, while the standard LSTM network, which only utilized lagged observations of
the main client, could overfit and exhibit suboptimal performance, the development of
meta-models based on combinations of feature sets that were influenced by the similarity
and causality could achieve a better and more stable performance. In detail, the LSTM
ensemble model utilizing only the lagged observations of the client had a MAPE of 15.62
and was outperformed by the metamodels, which utilized pairs of LSTM ensemble- su
models. In those experiments, the metaodel that utilized the output of the LSTM
ensembles with the base and similar feature sets yielded the highest pairwise performance
with a MAPE value of 6.28. In conclusion, the final nmetalel that utilized the atputs of

LSTM ensembles, which included the base feature sets as well as feature sets influenced by
similarity and causality, yielded the highest performance when compared to all other
models, achieving a MAPE of 3.49
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The process of designing tmgeta-model, as well as the results of this study, contribute
greatly towards the introduction and development of more robust and complex
combinatorial models that address the current challenges of forecasting model design and
are more resilient towards thavailable dataset structure. This novel forecasting approach
presents ideas that mitigate important hindrances in the performance of LSTM models and
investigate the potential benefits of influential community factors, assisting in the
implementation of peformant models when the available data and the prediction horizon
are far from ideal. Our project hopes to encourage further work in this field since it was
observed that the consideration of many different feature sets can achieve better
aggregated rests. It is important to note that related work in this field shows that the
standalone concepts of similarity and causality can be effective in the prediction of energy
data in various horizon2§0,271], but to the best of our knowledge, there are not many
available experiments that consider the combination of the two on either stesrh or
longterm predictions given a group of electricity clients regardless of data structure.
Therefore, this work attempted to fill this research gap by providing usesigtis given

the scenario described in the case study. Future work on this class ofmustals could
explore many different aspects, which were not available in the current dataset; for
instance, it would be interesting to study the inclusion of more dethfeatures, such as
occupancy and appliance information, in order to reinforce the results of similarity and
causality tests. It would also be interesting to explore the performance of the model in a
more ideal setting, where the available dataset cangsaconsumption data from a much
wider pool of clients, without missing values, in order to inspect how the model behaves
with big data in a more ideal configuration. Finally, from the perspective of training
performance and execution time, future work dduparallelize this model and execute it

on multiple graphics processors in order to inspect the improvements of the multithreaded

implementation

207



Chapter7 LYLJX SYSy Gl dAazy 27 I MILIOBRG KNR 2 Y L
t NERAOGAZ2Y LYLINROGSYSy

7.1 Motivation

Complementing lte concepts presentedn the introduction of the metamodeling
technique, a posteriori processing could be beneficial for stern forecastingtasks in

the energy sector without the need to shift the focus of the main forecasting module.
implementation of additional processing and estimatiolayerscould beapplied tothe
output moduletowards thedirect adjusiment of estimated target time seriegalues This
approach could be impactful in the refinement of error and the stabilizatiorrediptions
when the target variables are strongly affected by the seasonal patterns of the influential
features and exhibit a degree of volatiligince the error componentesponsible for
suboptimal performancecould be isolated and examined at the latstages of the
forecasting procesg he a posteriori examinaticend subsequent estimation of error could
lead to the discovery of patterns that coutdanipulate the degree of randomness from
predicted residualsresulting inmore consistent errovalues.Additionally, these models
could derive approximation functionthat generate smoother error samplegesulting in
residual error time series that are more resilient to error spikes and outligrerefore

load and pricdime seriescould be predited more accurately and consistently within the
studied forecasting horizan It is evident that while this method has the potential to
substantially improve error metricand resolve the performance hinderances that could
occur from the emergence of laegerrors recent research projects, reviews and
benchmarks focus on standalone and hybrid structures that doutibze this processing
step. This omission is critical as it highlights several research gaps with regards to

forecasting design and hyperpanater optimization.

Forecastingnethodsdesignedasedon apriori processingrinciples face inevitablmodel
behaviors stemming from theelationship betweenoutput performance and dataset
quality. Sophisticated model structures could drastically underperform wtien input
dataset does not match the assumptions of the forecasting technique or when abnormal
behaviors are exhibited in certain data regipnsquiring more transformations that could

impact interpretability and convergence time negativelyurthermore, he resulting
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modelscould perform differently basedon the choice of differentlearningparameters
These parametersieed to be recalibrated when new input data is handlids clearthat

as the standaloneor hybrid estimator becomes more complethe input data volume
increasesand the studied forecasting horizon becomes shortecalibrationis restricted

and paraneter tuning becomes more difficulAsa result, highlygranularpredictionsmay

not be derived within the expected time intervals and the optimal parameter set may not
be successfully determined:heimplementationof aposterioriprocessingechniques such

as error estimation operate at the end of the forecasting process and could be input or
model structure agnostic. Theggocessesould derive deterministicstrategiesfor error
minimizationwhere the benefit yielded is dependent solely tre shape of the error
component. Consequently, when time and resource constraints are considered, the
derivation of satisfactorily accurate predictions couloe derived through less
computationally expensive error refinement processes instead oetparsivesearch for
additional data transformations and model parametekiiernatively, these methods could

be utilized asa feedback mechanism in order to monitmodel performance through the
examination of error shape, signaling for more paramesatjustments. Since the
effectiveness of these methods depends on the structure of the error componieist,

examination could highlight certain aspects that need to be altered during recalibration.

Moreover, theinsufficient examination of those methods Wd be detrimental to the
evolution of novel hyperparameter parameter optimization strategias the set of
hyperparameters would only be partially explored. posteriori processingmethods
estimating the error componertften introduce a separate forecasg pipeline combined

with heuristics and statistical tests that consolidate the strategies involved. Therefore, the
decision parameters and the criteria that validate those methods could be included in the
search for optimal solutions for the entirety tife forecasting structure, forming a more
robust expanded set of hyperparametefkhis perspective could be challengingnasre
hyperparameters could increase the overall complexity and computation time of the
forecasting structure. Howevgthroughthe integration of this additional forecasting layer
and the potential introduction of new hyperparameters, the boundaries aaddoffs of

model complexity could be examined furth&nce the path towards a balanced structure
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featuring a performant forecasting module andashequatelyefficient error compensation

module at the output could be highlighted.

Considering the previousbservations and research gaps, in this chapter a novel hybrid
neural network structure featuring an error compensati@autoregressionmodule is
developedfor a posteriori processing towards the reinforcement of error stability and
improvement of forecastig accuracyThecasestudy presentedin this work utilized Nord
Pool power market data for the formulation of a dahead electricity price forecasting
task The proposed method contributes towards the development of more flexible hybrid
neural network models and the potential integration of the error estimation module in
future benchmarks, given a small and interpretable set of hyperparamet@esfollowing
sections correspond to the introduction, methodology, results and discussion diythrisl

forecastingapproach

7.2 Introduction to Error Enhanced Dakhead Electricity Price Forecasting

Modern energy markets follow increasingly complex processes in order to perform efficient
electricity trading that balances supply and demand while reactirthe dynamics derived

from the unique characteristics and challenges of each energy system. One of the main
challenges that urge the development of more sophisticated techniques for the
coordinated production and supply of electricity is price volati[@y2. The price of
electricity can fluctuate due to several factors and the sudden peaks and valleys in the price
curves could lead to suboptimal energy market agent behavior, hindering the ability of
those entities to execute economic transactions in ¢hectricity market to the best of their
envisaged capacity. Some of the most notable factors that could cause price fluctuations to
include seasonal trends T3], weather conditionsZ74], penetration of renewable energy
sources 275, challenges involvipeconomic growth and changes in fuel c@std, supply
availability R77] and neighboring market dynamicg78]. It can be easily observed that
load and generation dependencies on the time of day or year as well as seasonal trends
coupled with extreme hor cold temperatures and extreme conditions, such as hurricanes
could have a noticeable impact on the electricity price. Furthermore, the infrastructural
development of growing economies often leads to increased energy demand and electricity

costs. Addibnally, electricity price fluctuations could depend on the availability of fossil
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fuels for sufficient generation. Price spikes could occur if more expensive forms of
electricity generation are used due to fossil fuel shortages. Since renewable energgssou
constitute enticing alternatives for electricity generation, the stability of each energy
source is related to the stability of electricity prices and the price fluctuation patterns vary
for each region. Lastly, the impact of neighboring markets aoepvolatility could be
attributed to the increased player participation and decentralization that increases the

complexity of price formation.

Realtime energy markets could be negatively affected by price volatility since market
participants could be urde to react proactively when price fluctuations and energy
transactions occur throughout the operating day. However, price volatility can be
tempered with the development of daghead energy markets that allow buyers and sellers
to determine and secure @mngy prices before the operating da¥7[9]. Therefore, shokt
term forecasting models that predict daahead prices are valuable for the successful
monitoring of price trends and coordination of supply and demand. Price data and
influential features are tyjgally collected in the form of time series, following an hourly
sampling rate. Statistical methods and machine learning models contribute greatly towards
the development of accurate and robust dafiead electricity price forecasting models
that are capald of processing time series data efficiently and handling the complexity of
those energy market2B0,281]. Forecasting models derived from statistical methods often
utilize linear regression2B2] in order to model the target variable as the linear
combination of independent features. Additionally, autoregressive mod2a83cp85|
expanded on this concept by highlighting the importance of autocorrelation between
values of the same variable from previous timeps. Machine learning models for day
ahead forecasting often rely on the development of neural networks that operate as
function approximators and aim to detect the linear and nonlinear relationships between
the input and output features. The primary neliraetwork types utilized for this
forecasting task include the mulayer perceptron (MLP2BE and the feedforward deep
neural network (DNN)2B87], long shortterm memory networks (LSTMR§8 and
convolutional neural networks (CNN289]. The appeal bmethods involving the MLP and
DNN P90 can be justified due to the ease of use and the simplicity of structure since MLPs

include fully connected layers of neurons that form a computation path from the input to
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the output, resulting in a network that scyclic in nature. On the other hand, LSTMs are
recurrent neural networks (RNNJ91] that follow a block structure consisting of gates that
interact with the previous and next state of the network. Long sitertm memory
networks are more complex when mpared to fully connected feetbrward network
types, but their structure could handle temporal dependencies between time series lags of
unknown length more efficiently. Lastly, CNN networ92 use onedimensional
convolution to learn patterns within geific time windows and can inspect the data from

a broader perspective through data shuffling. Neural networks constitute impactful-short
term forecasting tools in the energy sector and a plethora of different standalone and

combinatorial structures aretsdied for fast and accurate prediction$d5).

Models derived from the aggregation of previously mentioned networks form the category
of ensemble learning2P3 and have substantial forecasting performance benefits. The
combination of different types of odels belonging either in the statistical method or the
machine learning class with the integration of modules that contribute towards data
decomposition, feature selection, clustering, or heuristic optimization, form the class of
hybrid forecasting methosl [294¢296€] that often succeed in the analysis of more complex
dynamics and patterns. Benchmarks in the field of-dagad price forecasting mainly
utilize autoregressive and deep neural network models since these structures offer state
of-the-art performance and simplicity of implementation. The evaluation of new
approaches and the process of model selection through those benchmarks rely primarily

on hyperparameter optimization, feature selection and regularization technic@4.[

Recent researclprojects and reviews highlighted interesting shtetm electricity price
forecasting approaches that utilize elements from statistical and machine learning
methods. Alamaniotis et al2P6 proposed a multiple regression model based on relevance
vector mahines for dayahead electricity price forecasting, contributing towards the
development of optimal bidding strategies in electricity markets. Moreover, Alamaniotis et
al. [227] developed a hybrid forecasting model featuring relevance vector machines in a
linear regression ensemble method for efficient shtwtm price forecasting. Zhang et al.
[298 presented a forecasting method that aggregates the combined predictions from CNN
and RNN structures in a gradient boosting regressor yielding improved perioana

Additionally, this study highlighted the importance of elastic net regularization for the
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stability and reliability of this combinatorial method. Alamaniotis et 289 developed a
combinatorial approach that couples load and price forecasting andifies forecasted

load demand through the implementation of smart scheduling algorithms. Chinnathambi
et al. BOO developed a multstage dayahead forecasting model based on the
autoregressive integrated moving average (ARIMA) statistical approach hed t
consequent residual error forecast that improves the performance of the initial predictions
for different time periods. This research project provides some useful insights on the
utilization of postprocessing factors, such as the error for the improeeinof statistical
methods. Chang et al3Q1] proposed a forecasting model that utilizes wavelet transform
and an LSTM network featuring the stochastic gradient optimizer Adam, demonstrating
that a weltoptimized recurrent neural network could capture aptbcess the nonlinear
patterns in this task efficiently. Su et @0p] utilized the least squares regression boosting
algorithm to predict natural gas spot prices, outperforming existing approaches, such as
linear regression. Atef and Eltaw@(3] conducted a comparison between support vector
regression (SVR) and LSTM electricity price forecasting models, concluding that while both
methods could be suitable for this predictive task, the deep learning approach outperforms
the regression model in terms efror metrics. Bissing et aB(4] investigated the different
combinations of regression, namely the ARIMA and -Métiters models, for daghead
forecasting and provided some interesting results regarding the performance benefits of
hybrid implementatims. Xu and Baldick3Q5 compared different neural network
architectures and some stataf-the-art statistical methods, concluding that neural
network models could perform better for price forecasting while yielding lower mean
absolute error. Zhang et aJ306] studied the performance of deep recurrent neural
networks for electricity price forecasts in a deregulated market, providing useful insights
on the suitability of this neural network type as a multivariate time series model. Lago et
al. [307] presentd a review of stat@f-the-art price forecasting models covering statistical,
machine learning and hybrid approaches. Furthermore, this research work provided a
useful openraccess benchmark including a regression and a deep neural network model
that utilize hyperparameter optimization for future model comparisons. Tao e8|
proposed a bias compensation LSTM network utilizing the LightBGM algorithm for feature
selection. This work contributed significantly towards the development of hybrid short

term forecasting models since the introduction of residual error analysis for recurrent

213



neural networks is a novel approach that could refine time series predictions.- Vega
at NJj dzS 130g&pproached thexlectricity price forecasting task from a univatiate

series perspective and tested w&thown deep learning and statistical methods through
hyperparameter optimization, distinguishing LSTM, CNN and regression tree methods as
the most performant. Jiang et al3Q9 utilized a decompositioiselectionenseemble
forecasting system that adapts to different data characteristics and focuses on accurate
and stable price predictions. Li et @1 presented a price forecasting model based on
variational mode decomposition and sparse Bayesian learning of timessehowing that
aggregate predictions derived from components featuring simple characteristics could
outperform stateof-the-art models. Pourdaryaei et al311] investigated the impact of
different optimization methods for daghead price forecastinghis research work focuses
mostly on the preprocessing and learning steps, while the impact of gwstessing

optimization techniques remains unexplored.

After a thorough overview of the literature, it is important to note that while a plethora of
forecasting models exist and deep neural networks have been some of the most frequently
used models, the effect of error compensation for the statehe-art feedforward DNN

is not sufficiently covered. We can observe that benchmarks and relevant studies utili
hyperparameter optimization as well as feature selection to tune the models and achieve
lower error metrics, but fewer studies have applied ppsbcessing techniques in order to
refine and improve the predictions. Therefore, while there are recentistithat utilize

error residuals for this shotterm forecasting task, the application of this technique on the
simple yet highly performant DNN is not thoroughly explored. As a result, the potential
utilization of an error estimation module for benchmankslizing the DNN model as an
additional tuning tool remains an open question. In this study, we identified these research
gaps and developed a hybrid error compensation deep neural network model, the ERC
DNN, which utilizes a feddrward deep neural netork for dayahead electricity price
predictions, as well as an autoregression module, which operates on the hourly residual
error sequences and performs a stbg-step error estimation to refine the predicted
prices. The main goals of this research prome: (i) to showcase the improvement of
price predictions in terms of error metrics; (ii) to investigate the stability of hourly predicted

sequences after the error refinement; and (iii) to provide insights into the suitability of error
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estimation moduls in modern benchmarks for future integration, when the appropriate
parameters are defined. This hybrid approach was evaluated on the dataset of the Nord
Pool market following the guidelines of the benchmark presented@v|[ and through
different training scenarios that highlight the positive impact of error refinement.
Moreover, the resulting error metrics of this approach are compared to a baseline DNN
structure developed using wellhown configuration and training practices in order to
achieve a simdlr score to the DNN benchmark with a static set of hyperparameters that
does not alter the tests and produces consistent results during recalibration. Additionally,
the error metrics of ERONN are compared to the benchmark scores despite the
differences m training epochs and hyperparameter optimization in order to highlight the

overall effect of the error estimation module.

Section7.3 presents the main methods utilized in the implementation of the proposed
forecasting approach with references to the core components of the network, as well as
information regarding the dataset and the configuration of the experiments. Furthermore,
this sction defines the error metrics used to evaluate the performance of¢cBRA.
Section7.4discusses the results of the experiments and compares performance metrics to
the baseline and benchmark models. Finally, in Sedtinthe advantages, as well aseth
challenges of this hybrid model, are outlined. Additionally, comments regarding the impact
of this model as a standalone project, the potential expansion of the proposed architecture,
and the integration of this model to more complex forecasting struesuand operaccess
benchmarks in the future are included, in the hope that they contribute to the intelligence

gathered in this area of research

7.3 Materials and Methods

7.3.1Feedforward Deep Neural Network
The feedforward deep neural network is an acyclicfiarél neural network 312 that

follows a simple layer structure and extends the MLP architecture for the purposes of
function approximation. The base unit of the feedforward DNN is the neuron which is a
node designed to receive a specified number of ispperform computations and pass the

output to connected nodes found deeper in the network. The value of the output at each

node is determined by activation functions, such as the rectified linear unit and hyperbolic
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tangent B13. The neurons of the DN&re organized into layers and the connections of
those layers denote the computation path from the input to the output. The simplest and
most frequently used DNN structure contains the input layer, where input features are
passed to the first set of neuran several hidden layers that perform additional
computations and tune the learnable parameters of the network, and the output layer
where one or more output values are generated at each node. For the purposes of this
study, we consider the role of the fdorward DNN for the supervised learning task of
regression 314] since we focus on the prediction of the electricity price for the next day.
Based on this task, the goal of the DNN is to learn the mapping function that describes the
complex relationship &ween the input variables and the output variables. As a general
example, we consider the fully connected DNN presented in Figlirdrhe DNN features

an input layer@ontainingQinputs, a variable numbeQof hidden layersQ where each

one contains a variable number of neurodigind, finally, an output laye¢ containing’Q

neurons for the predictions d€butputs.

Hidden Layers

hyq | = = = | hgq

Input Layer Output Layer

I"1,2 | o oo hf,z

Figure7.1: General structure of the fully connected feedivard deep neural networ.

The main learnable parameters of the DNN are the weights and bi@dég [Those
parameters are initially randomized and iteratively refined through the training process

since the network will be able to predict the output after several passes of the training
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dataset, called epochs. Weights quantify the influential streng#t thchange in the input
could have on the output and biases denote the difference between the generated output
and the desired output, essentially quantifying the extent to which the network assumes
that the output should have specific values. The tragnanocess of the DNN mainly follows
the backpropagation algorithm316] where the generated output values are compared to
the desired output and the value of error, which is calculated by a plethora edpeeified

loss functions 317, is fed back to ta network, in order to adjust the weights. Since the
goal of this training process is to minimize the error function and consequently discover
the best weights, optimization methods, such as gradient descent need to be specified for

the training process

The DNN architecture shows an impressive performance in time series forecasting tasks
and it is widely used in the energy sector as a standalone network or as a member of hybrid
and ensemble learning methods. However, the default configuration of thistateimay

not always be sufficient for the generation of accurate predictions due to several training
scenarios that need to be avoided, such as the existence of local midir@leof the error
function that could hinder the convergence of the network arte toccurrence of
overfitting or underfitting that are connected to the relative complexity of the model and
the dataset structure. Most deep learning models achieve optimal performance either by
following a set of best practices or by exhaustively searcHor the best training
configuration through hyperparameter optimizatio819. Some of the most important
hyperparameters include the number of neurons and layers, the choice of activation
function, the choice of optimizer and the associated learning 820, the number of
training epochs, regularizatioB21] and the application of early stoppin842]. The search
space of those hyperparameters could be large and the total training time needed for the
derivation of the best set of hyperparameters coule restrictive for models aimed at
shortterm and real time forecasts. Therefore, while we often see meticulous and time
consuming hyperparameter optimization approaches being suitable for benchmarks, many
deep learning approaches rely on the resulterperiments with different combinations

of best practices complemented by feature selection techniques, in order to derive their
baseline models and conduct comparisons. The interpretation of those results, given a

specified set of parameters, requires aiherable effort towards the practical evaluation
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of a network and the overall demystification of the bldmkx structure that provides added

value to research work.

7.3.2Autoregressive Forecasting Model and Model Selection
Autoregressive models constitute dass of simple time series models used to forecast

future values of the target variable based on previous observations of the same variable,
called lags323. The target variable is linearly dependent on the lags and this relationship
occurs due to some degree of correlation between lags of adjacent time steps. The number
of lags utilized in the construction of an autoregressive model determines the ordiee of
model and it is usually derived from the inspection of partial autocorrelations. The
maximum lag at time step € beyond which all other partial autocorrelations are close

to zero is often used as an indicator of the order, and the model is expéatpdrform
adequately when including lags up to that time step. The definition of the autoregressive
model is made complete by the estimation of the coefficientthat are multiplied by each

lag, the constant ternawas well as the error term . Theestimation of those parameters is
usually achieved with the use of the ordinary least squares metl3@d].[ In order to
present a general example, we consider the autoregressive model of grder the
prediction of the valueo on the next time stemf the sequence formed by the variahle

with time lags ranging fron®d to w . The formula that defines this autoregressive

model given the previously mentioned parameters is the following

(7.1)

Sinceautoregressive models are widely used forecasting tools with several applications in
the energy sector, a few core elements need to be explored for optimal performance and
the fairness of the model selection process. First, the stationarity of the datdsnteebe
investigated since statistical models often perform better when no trend or seasonality is
present. Different implementations of the autoregressive model take into consideration
constant and timedependent trends but the potential inaccurate det®mn of the trends

and their effects on the time series forecast could sometimes lead to larger error terms. In

this situation, the augmented Dickelyuller test B25 is utilized to determine the
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stationarity of a time series. According to this method, thel hypothesis assumes that a

unit root exists in a time series sample and the alternate hypothesis rejects the previous
assumption and considers that the time series is stationary.rFaalue of the statistic
results in the rejection of the null hyplesis when it is lower than 0.05. Alternatively, the
comparison is between the values of the statistic and the critical values of the Biakiay
o-distribution, where the value of the statistic must be more negative than the critical
values to confirmstationarity. The stationarity criterion imposes restrictions to the
autoregressive model that could often be seen as necessary countermeasures towards the

overall reduction of uncertainty

Second, the selection of the best autoregressive model plays @atmole towards the
minimization of forecasting error and several information criteria could be considered for
the statistical evaluation of fitness to the data, such as the Akimf@mation criterion
(AIC) B26], the Bayesianinformation criterion (BIC) B27] and the HannagQuinn
informationcriterion (HQIC)328]. The Akaike information criterion provides an estimation
of information loss given the number of estimated model paramel@asid the maximum

value0 of the likelihood function for the model with the following formula

006cQ ¢ci 1 (7.2

Furthermore, the Bayesiamformation criterion follows a similar formula with a slightly

altered first term that features the sample sizef the observed dat:

606 1&g ¢l 10 (7.3

Lastly, the HannagQuinn information criterion utilizes the previously mentioned
parameters in order talerive a more consistent fitness evaluation metric when compared

to the AIC and follows the formula:

~

00 ‘06 ¢ T 1 ¢l 10 (7.9
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The selection of models with the lowest values of information criteria and the search for
lags that have highutocorrelation values could result in a more accurate estimation of the

target variable

7.3.3Proposed Model Structure
This research project focused on the design and implementation of a hybrididsd

electricity price forecasting model based on the welbwn feedforward deep neural
network architecture, with an additional error compensation module that estimates the
prediction error and contributes towards the refinement of the final prediction. At the first
step, the dataset of the model is constructed, and market data is processed in order to
derive the input features, consisting of electricity price lags and exagemnariables
relevant to the price time series, as well as the output features of the targeted electricity
price sequences for the next day. The dataset is split into training and validation sets,
undergoes normalization and is fed to the input layer o fieedforward deep neural
network. At the second step, the deep neural network is trainedif@pochs featuring an
early-stopping mechanism that monitors the decrease of the loss function for the
avoidance of overfitting with a specified patience intdyryaroportional to the number of
epochs. Consequently, aftér epochs or after the loss function stops decreasing in that
patience interval, 24 sequences are generated at the output layer, each one denoting the

electricity price prediction for th& hour of the next day.

At the third step, the sequences are inverted back to their original values and the residual
forecasting error for each hourly sequence is calculated from the training set. The definition
of the residual training error at every hoi@for the pricer) of the day of interesQgiven

the known values of the training dataset and the predicted output is defined by the

formula:

N & N g N f (7.9
Following this step, the residualror sequences are fed to an autoregressive model for
their stepby-step estimation, resulting in the derivation of coefficients that are used to

predict the error value of the next hour based on historical error data. The final price

prediction is deried from the addition of the estimated error and the price forecast of the
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feedforward DNN. The structure of this model is presented in Figdrand this forecasting
approach is used in our case study featuring several experiments on different training
senarios for the interpretation and analysis of the error compensation process. We refer

to this model as ERONN in the remainder of this paper

( A Price Final Price Prediction
Feature Set DNN — U —
Prediction

| S— 0
. .
Target Prices—————> =m T e e e e e

+ Final Price
. Prediction
Price Error

Final price prediction for each hour
is derived from the DNN prediction,
corrected by the estimated error.

AR-X Model —» __EMror
Estimation

Figure7.2: The structure of the ERONN modefeaturing a feedforward deep neul

network and an autoregressive model for error compensation.

7.3.4Case Study and Experiments
In this section, we present a case study consisting of several experiments used to test the

forecasting performance of the propoddEREDNN model and investigate the impact of
error compensation in the stability of error profiles for each hour in the -alagad
electricity price prediction task. The dataset used for our experiments contains hourly
observations of dayhead electricityprices, as well as the exogenous sequences that
represent the dayahead forecast of load and the daphead forecast of wind generation
for the Nord Pool energy market during the time period between 01.01.2013 and
24.12.2018. The dataset is freely avaikalnh [329) and was used by the open access
benchmark of 307] to evaluate the performance of the standard feedforward deep neural
network. The data is organized according to the feature formation proposed by the
benchmark. The input features include histal dayahead prices from the previous three
days as well as the prices from one week ago labeley as,, 1 .0 [ andn f,
respectively, wheré&denotes the day of interest an@denotes the hour ranging from 1

to 24. Additionally, the daphead forecasts of the two exogenous variables are included
for the day of prediction, made available on the previous day and labeledzaandw f,

essentially defining a set of 48 teaes. Furthermore, historical values of each exogenous
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variable for the previous day and one week ago, labeledvas;, ® ,® § and

® . Lastly, afeature representing the day of the week as a binary vector with 7 elements
is included, resulting in a total of 241 input features. The output features consist of the 24
h of dayahead electricity prices. The dataset is split into a training set of the first 3 years,
including the hourly observations from 2013 through 2016 and a vabidatet of the last

2 years, including years 2017 and 2018 similar to the benchmark model. According to the
review and benchmark of3D7), the recommended minimum testing period for the
evaluation of electricity price forecasting models includes one yeabsérvations since

the common practice of including a total of four weeks, one for each season, could be
unsuitable due to inadequate representation of the average model performance, the
potential exclusion of extreme events that could have an impactaiaskt values and the
possibility of selecting only the weeks where the model shows improved performance.
Therefore, following these recommendations and acknowledging they®ar period used

in the benchmark, we believe that the selection of testing peothis review is a suitable
evaluation practice and utilize it for the evaluation of our model. Moreover, we
acknowledge that the training period varies between price forecasting models and select
the maximum available historical data in the remaindéttos dataset for our case study

in order to have a sufficient number of observations for the convergence of the deep neural

network.

Following the guidelines of the open access benchmark, we first constructed a baseline
feedforward deep neural network af layers for this multivariate time series forecasting
task. The base DNN implements a set of best practices and consists of a fixed set of
hyperparameters in order to exclude the performance benefits of hyperparameter
optimization and isolate the effectsef error compensation in our comparison. The
exclusion of hyperparameter tuning at the preprocessing and training steps highlights the
role of error estimation as an additional computational layer that reinforces the
interpretability of the performance iprovement through a smaller and simpler set of
parameters. It is evident that the best set of hyperparameters for a forecasting model
designed to perform well on a specific machine learning task is dependent on several
factors including the dataset, therecasting horizon, system or application constraints and

the intended architecture. The search space for those optimal parameters is large and the
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resulting optimal set is often chosen based on the improvement of error metrics without
having a direct andasily interpretable association to the architecture of the model. On the
other hand, error estimation presents the simple concept of error refinement through the
discovery of the coefficients that define the polynomial which best fits to the residual error
sequences, providing a prediction of the error value that could correct the final prediction
of the network by bringing the initial forecast to a value closer to the target. Therefore,
error estimation operates independently from the computational struetwf the deep
neural network and the search goal shifts towards the selection of parameters that could
prevent the values of error from exhibiting large variations and irregular patterns instead

of proposing a set of parameters that attempt to configurelackbox approach

The baseline model achieves comparable performance to the -apeass benchmark in
terms of error metrics as we will analyze in the following sections. The DNN structure
contains an input layer of 241 neurons, two fully connected hidden layers with 1082and
neurons, respectively, and an output layer with 24 neurons for the prediction of the 24
hourly sequences of the daghead prices. The activation function is the rectified linear unit
(ReLU)330] and the optimizer is based on stochastic gradient desf&81l] with a learning

rate of 0.0005 for the avoidance of local minima. The dataset is normalized usifngaxin
normalization and the neural network features an eeastgpping mechanism with a
patience interval that is equal to 10% of the total numbeepbchs in order to ensure the
stability of predictions and the avoidance of overfitting. Figdi® presents the structure

of the baseline DNN, which is used to derive the-dagad price predictions as a core

component of the ERONN model
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Figure7.3: Baseline deep neural network structure integrated in the &@RON mode
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The DNN is trained and the sequences for price prediction are generated at the output. The
experimens presented in this work consider three training scenarios, with 10, 100 and
1000 epochs, respectively, for the investigation of error compensation in a scenario where
the values of error are large and the network is not near convergence, a moderateiscenar
where the error has improved but there is still room for further training and a training
scenario where the error of the network could marginally improve after a large number of
epochs. In all three experiments, the residual error sequences for eacraenewcalculated

and their stationarity is verified by the augmented Diakeyller test. Additionally, the
inspection of the partial autocorrelation function for each error sequence reveals that after
the first 24 lags the partial autocorrelations decayvdues near zero. The results of the
stationarity test as well as the observation of the partial autocorrelation function
encourage the integration of an autoregressive model for the estimation of each error
sequence. Therefore, the residual error sequeshiare passed to an AR model utilizing a
window of 24 lags for the prediction of the next value of error in each sequence. After the
fitting of the model to the data, the autoregression coefficients are computed and the
estimated hourly error sequences aselded to the electricity price forecasts for the

refinement of the final prediction. Furthermore, the information criteria of AIC, BIC and
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HQIC were examined for the suitability of the-l2¢ autoregressive model and the
potential refinement of the modelselection process when a threshold for feature
autocorrelation is set at 0.2, 0.3 and 0.4. This additional experiment could contribute
towards the appropriate selection of hyperparameters that could be included in future
benchmarks adopting this techniquer postprediction processing of the model. Since
hyperparameter optimization for this type of forecasting task already considers a sizable
set of hyperparameters, the choice between the window length and the more complex
threshold inspection based on orinmation criteria could often be an important decision
that could determine the size of the search space and the overall computational burden for
the recalibration of a model or benchmark, given that skerim and reailtime forecasting
models need to redidbrate relatively fast. Figurg.4 presents the diagram for the

autoregressive model of the EEONN used in the experiments.

Residual Error of 1st Estimated Error of 1st
Hour / Hour
Residual Error of 2nd ? AR-24 Model Estimated Error of
Hour > 2nd Hour
| | L ]
Residual Error of 24th Estimated Error of
Hour 24th Hour

Figure7.4: Diagram of the autoregressive error estimation model.

The ERCEDNN model and the experiments analyzed in this research project were
developed in Python 3.8.8, using pandas 1.2.3, numpy 1.19.2 andlsaikit0.24.1 for

data analysis, tensorflow 2.3.0 and keras 2.4.3 for the implementation of the deep neural
network model, statsmodels 0.12.2 for the implementation and evaluation of the
autoregressive error estimation model and matplotlib 3.3.4 for the visualization of results.
The project was executed on a desktop computer with an AMD Ryzen 1700X processor, 8
gigabytes of RAM, and a NVIDIA 1080Ti graphics processor. The code of {hreddy

electricity price forecasting model is publicly available on Gitl384][
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7.3.5Performance Metrics
In this section, weoutline the performance metrics utilized in our experiments for the

comparison of forecasting error and the examination of the error refinement on the
stability of error metrics for each hourly sequence of this-dhgad forecasting task. For
the purposes of thistudy, four error metrics were used to cover different characteristics
of the performance evaluation proceddean absolute errowas used as a loss function
for the training of the deep neural network, the configuration of the eatlypping
mechanism, a well as the evaluation of the BEEIINN approachsince it is an easily
interpretable error metricMeanabsolutepercentageerror wasutilizedfor the generalized
measurement of relative erroFurthermore the metrics ofMSEand RMSEareincludedin

the performance evaluation of the experiments since they provide quadratic loss functions
that measure the forecasting uncertainty while focusing on the impact of large errors. The
values of MSE could express the sum of the variance and square vabigsofurther
contributing to the performance analysis of a model. Additionally, the values of RMSE
increase with the variance of the frequency distribution of error magnitudes, resulting in

larger values when large error values are preg8it90,333.

7.4Results

In this section, we present the results of the experiments with the inclusion of figures
featuring a comparison of error metrics between the EBEN and the baseline DNN for
each training scenario. This comparison provides an overview ofsthbility and
performance refinement that occurred in each hourly price sequence after the
autoregressive error compensation module is added to the DNN architecture. Additionally,
the overall performance of the model for each scenario is presented baseggnegated
error metrics, in order to examine the generalized improvement in prediction accuracy
stemming from the error estimation process. Furthermore, the exploration of information
criteria for the selection of a refined autoregressive model is ingastd and the value of
implementing a threshold method instead of the window of lagged error observations for
error estimation is discussed. Since the performance metrics did not fluctuate greatly after
consecutive executions, the results presented irs thection constitute averages from 10
executions for each experiment. It is worth noting that the baseline DNN structure

presented in this work performs similarly to the DNN model of the open access benchmark
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[307] since it achieves a MAE of 1.987, a MAP&895 and an RMSE score of 3.877 after
4000 training epochs, while the DNN benchmark configuration with the lowest error
metrics achieved a MAE of 1.797, a MAPE of 5.738 and an RMSE of 3.474 after
hyperparameter optimization. Therefore, the resultingdEBRNN model is utilizing a highly

performant neural network component for the experiments

First, we consider the training scenario of 10 epochs. The main purpose of this experiment
is to present the effect of error compensation on the DNN forecast whenetinor has
larger values that fluctuate greatly from sequence to sequence. In the simple univariate
case, we could assume that this scenario refers to a network that has not reached
convergence and could be unstable or not properly trained, while in thkivariate case

we could observe that each output sequence differs greatly from the desired values and
error magnitudes vary for each hour. Error compensation has the greatest impact on this
scenario, as the accurate error estimation leads to a largediptien refinement. In the
subplots of Figure7.5, we can observe that after the implementation of error
compensation, large errors are no longer present, and this greatly improves the MSE and
RMSE scores of the model. Moreover, the error profile for elactrly sequence is
stabilized, resulting in an average model performance that is close to the model

performance for each hourly predicted sequence.
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Figure7.5: Hourly errormetric comparison between the baseline DNN and thed

DNN model for 10 training epochs including): MAPE;f) MSE; ) RMSE;d) MAE.

The second experiment considers the training scenario of 100 epochs. In this task, the
neural network reaches a more acceptable forecasting performance with each hourly
sequence having similar error metrics. As can be observed from the subplots of Fyure
there are slight error variations between the hourly sequences showing that the network
is still unable to predict every hour of the dahead prediction equally well. The effect of
error compensation in the ERBNN improves the forecasting performanaed the error
metrics are lower than those presented in the opatress benchmark. Since neural
network models on sufficiently large datasets do not typically converge after 100 epochs
and the values of error are not distinctly high, the slight errorataons observed in the
baseline evaluation are passed down to the ERIN. Therefore, when compared to the
10-epoch scenario, the performance of the model improved in a similar way but the

stability improvement of error among hourly sequences was not astir.
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Figure7.6: Hourly error metric comparison between the baseline DNN and the
DNN model for 10training epochs includingal MAPE;lf) MSE; ) RMSE;d) MAE.

The third scenario considers 1000 training epochs and refers to models that are near
finalization, where the model converges to predicted values close to the target output and
the error metrics remain relatively low. Through this experiment, we can obgbatehe

error metrics could follow more consistent patterns, in this case denoting that the first
hourly sequences of the deshead forecasting task are predicted more accurately when
compared to the last few hours. This phenomenon could be a causenoéaowhen the
model is deployed for reakorld applications since the model could generate substantially
divergent values for the last few hours of each day. The error compensation improves the
performance of this model and flattens the previously desadileffect, resulting in more
consistently accurate predictions. However, it is worth noting that as the neural network is

close to reaching convergence, the error values are considerably lower, and the overall
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refinement of predictions is smaller for langeumbers of epochs. The subplots of Figure

7.7 visualize this scenatrio.
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Figure7.7: Hourly error metric comparison between the baseline DNN and the
DNN model for 100training epochs includingal MAPE; ) MSE; ) RMSE;d) MAE

Overall, we can observe that across all four performance metrics, the integration of the
error compensation module refined the predictions and resulted in improved performance
in every traning scenario, denoting that better and substantially more stable error metrics
can be derived even in situations where the neural network is not close to convergence.
Table7.1 presents the overall error metric comparison that cohesively depicts the impac

of this postprocessing error estimation model.
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Table7.1: Error metrics for the performance evaluation of the baseline DNN and the

proposed EREDNN.

Model Scenario MAPE MSE RMSE MAE
Base DNN 10 Epochs 25.375 130.332 11.194 8.581
ERGDNN 10 Epochs 6.456 10.367 3.206 2.137
BaseDNN 100 Epochs 10.492 24.761 4.970 3.068
ERGDNN 100 Epochs 4.688 6.165 2.481 1.507
BaseDNN 1000 Epochs 7.583 16.625 4.067 2.156
ERGDNN 1000 Epochs 3.464 4510 2.123 1.105

Hyperparameter optimization considers a large space of training parameters in search of a
combination that produces optimal error metrics after training. These parameters are
specified before the training process starts and affect the erfothe model during the
training iterations. After the inspection of the results presented in this work, the argument
for the inclusion of parameters that regulate error estimation and affect the error after the
initial training is complete, such as the wWow of lagged observations for the definition of

an autoregressive model, or the choice of error estimation method could be vdliduae
benchmarks could consider the full spectrum of error optimization, in an attempt at setting
the new standard for moel comparisons, where prediction refinement becomes one of
the core final steps. However, expanding the search space and introducing additional
hyperparameters is not always a viable option, especially when we consider the potential
lack of computing poweor the time restrictions imposed by the short recalibration period

of reaktime models. In this study, the consideration of an autoregressive model utilizing a
window of 24 lagged observations for error estimation was a reasonable and
computationally inegensive choice, since the total execution time of the experiments was
not dramatically increased. Additionally, the execution of the experiments considered the
parameters that could encourage the usage of an autoregressive model for this task, such
as the augmented DickeyFuller test of stationarity, the computation of partial

autocorrelations, and the computation of information criteria for the error estimator
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While the search for the optimal window size based on partial autocorrelations could be
regardedas an important step in model selection, and as a potential hyperparameter in
more complex optimization problems, the investigation of different model selection
criteria could introduce additional hyperparameters is equally necessary. This work
explored te information criteria threshold selection method as an alternative to the
simpler window selection. The information criteria threshold selection method iteratively
fits the autoregressive model using lagged observations that surpass a specified
autocorrdation function threshold (ACF). The three information criteria scores of AIC, BIC
and HQIC are computed and the model that achieves the lowest score for each hourly error
sequence is selected. After examining the scores extracted from this alternativel mod
selection approach in Tabl@¢7.4, we observed that in the scenario of 10 epochs, where
the error compensation model achieves the greatest prediction refinement, not all error
sequences led to improved information criteria when lagged observatioas a\certain
autocorrelation threshold were selected since the values depend on the error sequences
generated by the DNN. This also holds true for the 100 and 1000 epoch scenarios.
Furthermore, the improvement of the information criteria is negligible weempared to

the 24lagged window method. Consequently, in the scenario where all hourly error
sequences were able to benefit from the threshold method, the increase in forecasting
performance would not be impactful enough to justify the computational lewrdf
iteratively searching for the model that satisfies that criteria. Hence, the simplicity of the
window method for autoregressive error estimation would be the preferred method for
ERGDNN and the window size would be an appropriate hyperparametemute tthat

model.

Table7.2: Comparison between the 2hg window method and the threshold method
based on AIC scores for the-&poch scenario of ERBNN. Cells colored in green denote
an improvement in information criteria score while cells colored in blue denote worse

overall scores when compared to the window method.

L 24 Lag | | |
Criterio Window '/ Cxn '] Cxn '/ Cxn
AIC HO 1.9790 1.9292 1.9457 1.9593

AIC H1 2.3797 2.3523 2.3672 -
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AIC H2 2.2449
AIC H3 1.9656

AIC H4 1.8745

AIC H5 1.9847

AIC H6 1.8880

AIC H7 2.1403

AIC H8 2.1850

AIC H9 1.7241

AIC H10 1.9550

AIC H11 1.9167

AIC H12 2.1428

AIC H13 1.9478

AIC H14 2.1011

AIC H15 2.0097 1.9600 1.9786
AIC H16 1.7016 1.6398 1.6466 1.6662
AIC H18 2.1026 2.0382 2.0585 2.0754
AIC H19 2.1297 2.0518 2.0838 2.0931
AIC H20 1.8115 1.7889 _
AIC H21 2.3006 2.2009 2.2022 2.2343
AIC H22 1.9503 1.8856 1.8926 1.9041
AIC H23 1.9740 1.9508 1.9687 -

Table7.3: Comparison between the 2hg window method and the threshold method
based on BIC scores for the-&poch scenario dERGDNN. Cells colored in green denote
an improvement in information criteria score while cells colored in blue denote worse

overall scores when compared to the window method.

o 24 Lag ' , |

Criterio Window '/ Cxnd¢ 1/ Cxn '/ Cxn
BIC HO 2.0017 1.9432 1.9736 -
BIC H1 1.9672 1.9173 1.9173 1.9173

233



BIC H2 1.9315 1.8794
BIC H3 2.1973 2.1854

BIC H4 2.0103 1.9635

BIC H5 1.9218 1.8858 1.8889 1.9136
BIC H6 1.8862 1.8436 1.8553 1.8759
BIC H7 2.2287 2.1715 2.1715 2.1715
BIC H8 2.0533 1.9991

BIC HO 1.7851 1.7451 1.7534 1.7636
BIC H10 1.9882

BIC H11 1.9267

BIC H12 1.9583

BIC H13 2.2644

BIC H14 1.9082

BIC H15 2.0200

BIC H16 2.2123

BIC H17 1.9061

BIC H18 2.2660

BIC H19 2.2894 2.2566 2.2606 2.2723
BIC H20 2.0338 2.0195 _
BIC H21 1.9222 1.8812 1.8894 1.8964
BIC H22 2.1217 2.1079 2.1177 -
BIC H23 2.2551 2.1922 2.2201 2.2400

Table7.4: Comparison between the 2hg window method and the threshold method
based orHQIC scores for the Jpoch scenario of ERBNN. Cells colored in green denote
an improvement in information criteria score while cells colored in blue denote worse

overall scores when compared to the window method.

Criterio 24 Lag '/ Cxn '/ Cxn '/ Cxn
Window

HQIC HO 1.7015 1.6794
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HQIC H2 1.9680 1.8916 1.8972 1.9285
HQIC H3 2.1361 2.1003 2.1188 2.1306
HQIC H4 2.0807 2.0603 2.0747

HQIC H5 2.1427 2.0985 2.1003 2.1074
HQIC H6 1.9908 1.9275

HQIC H7 2.2277 2.1472

HQIC H8 1.9853 1.9692

HQIC H9 1.7594 1.7209

HQIC H10 1.9160 1.9157

HQIC H11 1.7992 1.7590 1.7652 1.7720
HQIC H12 1.7352 1.6870 1.6892 1.6954
HQIC H13 2.0105 1.9698 1.9835 2.0081
HQIC H14 2.1561

HQIC H15 2.2703

HQIC H16 2.4097

HQIC H17 1.9114 1.8745 1.8745 1.8745
HQIC H18 2.3749

HQIC H19 1.8727 1.8393 1.8588 1.8701
HQIC H20 1.9275

HQIC H21 1.9794

HQIC H22 2.0047

HQIC H23 2.1320
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7.5Discussion

Thiswork presented an error compensation deep neural network for the task ofatead
electricity price forecasting. The proposed model used an autoregressive module to
estimate hourly residual error sequences and refine and improve the predictions of the
neural network model. This approach was tested in three different training scenarios,
where the values of the error were high, moderate, and low in order to cover several
potential network behaviors, ranging from fairly unstable to nearly convergent. The ERC
DNNyielded impressive results, with improved error metrics in every training scenario
when compared to the baseline model. In detail, the error compensation method stabilized
the performance of the poorly trained network in the first scenario, decreasinyhge

of MAE from 8.581 to 2.137. Additionally, significant performance improvements were
observed in the moderate and the longer training scenarios with the values of MAE
decreasing from 3.068 to 1.507 in the 18Poch experiment and from 2.156 to 1.105 i

the 1008epoch experiment. This forecasting approach resulted in improved error metrics

when compared to the benchmark results presented3@i.

The improvement of forecasting performance is not the only benefit provided by this
approach, since the error compensation method manages to create more consistent
predictions, resulting in multivariate models that can predict each hourly sequence at a
similar level of accuracy. The inclusion of an autoregressive module resulted in a clear and
interpretable approach to error improvement since it operates on the output of neural
networks. Therefore, error estimation and refinement through this approach cbeld
easily associated with the analysis of hourly residual error sequences instead of searching
for the optimal combination of structural parameters that configure complex deep neural
networks in a blackox approach. The design, implementation and tesththis method
provides some useful insights towards the development of more robust and stable hybrid
models, as well as the integration of error compensation as an additional optimization
option for benchmarks during pogtrocessing. However, one poteatidisadvantage of

this method is the dependence on the error sequences and their characteristics. In this
project, we implemented several methods, such as stationarity and autocorrelation
analysis to ensure that the autoregressive module would behave ogpately. In

scenarios where those methods would yield inconsistent results, this approach may not
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result in substantial error improvements. As a result, we believe that the analysis of error
sequences is a crucial part that precedes the integration af tlata in pos{processing
techniques and should not be omitted. Since most hybrid models and benchmarks utilize
hyperparameter optimization to search for the optimal combination of parameters that
minimize the error metrics, the integration of error comzation could introduce a wide

set of additional parameters that would increase the overall complexity of the models and
potentially render that refinement more computationally expensive. While the simple
choice of the window size in an autoregressive emestimation model seems to be an
appropriate hyperparameter for the configuration of this method, the consideration of
more complex estimation methods could result in refinement techniques that greatly

hinder the execution time of those models

The contribution of this work is not limited to the research and development of electricity
price forecasting models since there are several ways this approach could benefit market
participants and the grid. Firstly, this approach could reduce the price uncertafnty
generators while assisting them indirectly in the maximization of profit. Since generators
often need to select the highest price after inspecting offers from different markets in order
to sell the production334], this method could lead to more inforea decisions due to the
increased stability and forecasting performance. Secondly, trading companies could
develop more robust shotterm contracts due to the availability of more accurate price
estimates. Lastly, the grid could benefit from more stabld acscurate price predictions
since the effect of price volatility could lead to more blackouts and the urgent usage of

reserves.

This project attempted to cover several research gaps through the investigation of the error
compensation effect on the welnown DNN structure used in opeccess benchmarks

and several forecasting applications. While recent studies shared a similar direction in the
implementation of error compensation on the LSTM structu?&63 as well as more
traditional statistical methodsoir different forecasting tasks, this study considered the
feedforward deep neural network as the building block for the development of performant
forecasting models that include error estimation. The examination of the results in
conjunction with recent reearch findings derived from statistical and machine learning

models reinforces the concept that error estimation is a beneficial postessing
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technique for deep learning models in the energy sector. There are several additional
aspects regarding this ethod that could be explored in future work. First, a wide
comparison of error estimation models ranging from simple statistical approaches to the
increasingly complex neural network models could contribute towards the optimal model
selection of the errorefinement module postraining. Second, the ERGNN model could

be tested on many electricity markets that display different price characteristics, such as
different levels of price fluctuations in an attempt to study the effects of the unique price
curvebehavior on the training error. Additionally, the inspection of distinctly different error
sequences could result in useful insights into the behavior of the model and the adaptability
to different market dynamics. Lastly, the benefits of hyperparamefginaization could be
studied in combination with error compensation, in an attempt to quantify the overall
performance improvement and the computational tradeoff for shtmtm and reaitime

applications
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8.1 Summary of Contribubns

In thisdissertation the forecasting structure for regression tasks in the energy sector was
examinedwith emphasis on shoiterm load andprice predictions The main forecasting
modules and proceduresvolved in the forecasting pipeline were highlighted in order to
denotethe significance of each module and outlite flow of information from the initial
data collection to the final output estimatiohroughthis examination severalkchallenges
and research gapglirectly connected to the interpretability, scalability, flexibility and
accuracy of themost prominent forecasting methodologies in this research area were
identified. In responseo thosechallengesextensive model comparisons andvel design
strategieswere developedowards the improvementf the main forecastinghodules The
proposed methodologiesvere tested in use cases where the challengesrformance
hinderancesand structural intricacies of those componemsuld be easilyletected and

associated to specific forecasting scenarios.

The study of the preprocessing module highlighted the need for robust feature selection
and efficient management of uncertaintyRobust feature selection could lead to
dimensionality reduction as well asaproved model performancend generalization
capability anddue to the identification of the most important feature&dditionally, since
several influential features in the premion of load and price could include some degree
of uncertainty, mechanisms that are capable of generating compact sets of rules could
enhance the overall interpretability of the model, assisting in the discovery of optimal
model parametersin this scope we examinedthe role of fuzzyinference in forecasting
methods for the generation of rules that attempt to explain uncertain featurasd
concluded that while robust feature selection and uncertainty management could be
addressed separately, there is anmection between these challengeSincethe studied
environmentsin the energy sector are increasingly complex, the rules utilized for the
definition of relationships between variables could cassalabilityand interpretability
issueswhen all input variables are consideressulting in poor estimation performance
and rendering some forecany tasks infeasiblélherefore our contribution focusedon

the development of a rule generation strategy thanproved upon the prominent
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linearized tree structure and deridea small and accurate set of rules througe
integration ofa robust hybrid feature selection method his approacidentified the most
important features in the dataset, denoting the impact of efficient feature selection
towards dimensionality reductio and utilized them for rule generation, denoting the

accurateextractionof relationships hat influence the variable of load.

The study of the forecasting framework highlighted several challenges and research gaps
with regards to the type of modeling approadltilized for variable estimationin
standalonemodeling most prominent and state-of-the-art models utilized in regressio
tasksare readily available through several application programming interfaces. However,
there is uncertainty surrounding the selection of similarly performant estimatorse the
learning behavior ancerror evaluationof those models is not fully explored for all
regression tasks through experimentatiofollowing this observation, is evident that

while prominent standalone neural network structures could be used interchangefainly
some forecasting tasks, yieldisgtisfactoryaccuracythere aresomeedge cases where

the usage of some classes of neural networks would not be suitable in terms of
convergence time or performanc&@hese edge cases are not propezkamined through
comprehensive comparisongeading toconfusion and poor decisiemaking throughout

the research procesS€onsequentlyour contribution considers the examination of neural
network structures for minutely sampled active power predictiomsrder toaddress the
edge case of higresolution very shorterm predictions where the brevity of the learning
processandthe substantial adjustment of weightuld impact forecasting performance.
This research work provided a comprehensive comparison that denoted the superiority of
MLPoverLSTM and CNN baseline architectureerms of accuracy and convergence time
when the sampling is highly granular for point forecaskbrough this project, the
comparison of prominent neural network modetisinforced clarity andorovided insight
towardsthe behavior of those structures, serving as the building block for more complex

architectures in thisery shortterm scenatrio.

In combinatorialmodeling the utilization of multiple estimators typically yields improved
accuracy and leads to mofiexible approaches that could adapt better to the input data.
Furthermore, efficient combinatorial modeling could be impactful in forecasting tasks

where the varying patterns and distribution shifts introduce the challenges of data and
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conceptdrift, offering improved resilience as the parameters of the estimator members
are adjusted to optimally fit subsets of datdowever it is evident thatthe combinationof
estimators is not always deterministic resulting in arbitrary decision makingoor
reproduchbility and interpretability.Therefore, our contribution towards the development
and implementation of a novel estimator selection strategy based on structural time series
characteristics provided a robust solution towards the generation of estimator sets that
best explain the trainig data andyield improved performancer hisprojectconsideredhe
designof stacking and votingstimators sinceensemble learning approaches are some of
the mostprominent methods in combinatorial modelirgnd provide performance benefits
that could be asily monitored.Peakand non-peak indices were the main structural
characteristicxonsideredfor estimator selection and our methodology denoted that the
ensemble approaches generated from the error metric examination of those

characteristicachieved tle expected performance boost.

In meta-modeling design the scope shift of the main forecasting structure for the
derivation of alternative time series representations and the inclusion of additional
forecasting layers that estimate the target variabdld significant value to the
generalization capabilitiesf dorecasting models and offémcreasedesilience towards the
initial dataset structurethrough the extraction of knowledgaVe observedthat meta-
modelingprinciples could be applied to shewrm forecasting tasks in the energy sector
since the data dtected and analyzed for the purposes realworld applications could
have a suboptimal structurerendering the task of pattern identification increasingly
difficult. Additionally,these datasets coul@¢ontain hidden relationships betweetime
seriesfeatures that stem from the impact of community influential factors as the data
collection proces®ften considerdime series of different types of consumers, buildings
and energy marketOur contribution focused on the extraction of knowledge from the
examination otonsumer similarity and causality for the estimation of alternative load time
series representationgirough LSTM ensembldsat were combined to predict the target
variablethrough an MLIgeneralizerThis approach denoted that the combination of those
components vastlymproved the error metrics when compared to the base modélis

performanceimprovementhighlighted that the extraction of similar and causal load time
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seriesrepresentations boosted the accuracy of thase model as the initial dataset that

isolated the features for individual consumption exhibifgabr quality.

The study of the output module highlighted the intricacies estimated time series
evaluation and interpretation since standalone, combinatorial and matadeling
estimators could derive suboptimal and unstable predictions due to challemdmed to
dataset quality and model tunin@he risk of poor performance in a priori processing could
be mitigated throughthe design oftomplementary a posteriori methods applied to the
output moduletowards the improvement of model metrics and the stabilization of error
profiles. It is clear thata posteriori processing methods are maifficiently presented in
recent shortterm forecasting research projects in the energy sector aftdn omitted
from relative reviews.Followingthese observations our contribution focused on the
design of a hybd estimator that features a deep neural network structure #opriori
processing an@n autoregressive error compensation module for a posteriori processing.
The proposed architecture was applied on the forecasting task ofalagd electricity
price predction andwas compared to a benchmark deep neural network model that
shared the same a priori processing structuiéne results denoted that the error
compensatiormoduleimproved error metrics and let to more consistent predictions when
different training scenarios were consideredConsequently this a priori strategy
highlighted the benefits of residual error estimation deeming it essential for error
refinement. Through the experiments presented in this wa&me important observations
were made towards hyperparameter tuning for bdtte a priori and a posteriori processing
paradigmMoreover, thisstudydenotedthe performancechallengeshat mayarise due to
the expansionof the parameter space with the inclusion of the errcompensation
module. Thesechallenges are directly connected tbe complexity of the forecasting
structure andthe time needed for recalibration and tuninghe consideration of short
term forecasting horizons imposes time constraititat may renderthe deployment of
more complex estimation structurasfeasible. Thereforethe development otbalanced
hybridarchitecturesthat respect the benefits of both processing paradigms wieiuring

a parameter space that does nimitroduce performance bottlenecks at any stagjgould

be the goalfor most estimation approaches in the future.
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Evidently, the study of recent research projects as well as the experiments conducted for
the design ad development of novel forecasting strategies indicated thatprominence

of data processing methodologies and forecasting structures is directly associated with
trade-offs relevant to thestructure of theenergy time serieand the studied research
questions The quality and quantity of the available data denotes thpreprocessing
methods that need to be included in the forecasting pipeline in order to achieve higher
compatibility between the input and the initial model assumptiofRerecasting models
that utilize an insufficient number of preprocessing techniques ofe=ult in poortraining.

On the otherside of the spectrumdata overprocessing may result in input datasets that
no longer capture the unique characteristics and gutarities of the studied time series,
resulting in poor generalizatiofzurthermore, the tradeoff between execution time and
accuracy influences the selection of processing techniques and estimsitice the
problem framing process in energy researcidahe goals of energy applicatiorset
specific requirements. Therefore, projects utilizing input at a higher sampditeggand
requiring faster recalibrationvhen the available compational power is limitedcould
benefit from simpler forecasting archittures such as linear regresss, tree-based
estimatorsand their hybrid variantsAlternatively, research work and applicatidiesusing
solely on accuracy, could utilize more complex hybrid nenetork structuresthat
include metamodeling techniques andhttention mechanisms Lastly, the tradeoff
between model complexity and transparency needs to be considered in the devefbpme
of forecasting pipelineslTransparent architectures that feature enhanced interpretability
and explainability typically share a simpler structure andnable the thorough
understanding of forecasting mechanisras well asclearer interpretation of resu#t
without requiring an extensive technical backgroun@onsequently,business and
consumetrlevel applications could benefit from less complex amate transparent models
since the expected behavior of the model coule easily understood through the
processing of sample dataResearch efforts tend to focus ostructure-agnostic
transparency, in an attempt at generating more complex modsilizing interpretable

estimation processedeterministically
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8.2 Future Work

The examination of the shoterm forecasting pipelinen the energy sectoland the
contributions presented in thidissertationenable several interesting researdirections
that could improve the performance of the modules involved in the forecasting structure

and introduce more robustekign strategies.

In the examination of the preprocessing module our contribution focused oséfertion

of the most impactful features and the detailed interpretation of influential factors through
the generation of rulesSince this study addressed the a priamalysisof featuresfor the
derivation of optimal input setsextensiveexperiments could be conducted towartise
interpretability and explainabilityof those featuredrom the forecasting models aftehe
training process Thequantificationof feature importanceandthe examinationof metrics
that specify the degree of attention dedicated selectedsequence segments provide
insight towards the thorough understanding of the learning process. Sooheist
forecastingstructuressuchasthe temporalfusiontransformer already providaformation
about feature interpretability through attention graphs and feature importance scores.
However, this level of comprehensive data analysis could be extended toratials and
side-by-side comparisons could denote thdfdrent decisions that led to the convergence

of each structure.

In the examination of standalone modelingour study contributed towards the
performanceanalysis of edge cases that were not sufficigmixplored beforan terms of
accuracy training behavioland training timereinforcing thedecisionmakingprocess for

the informed selection of estimatorsn similar forecasting tasksSincethe processof
estimator selectionconstitutes a wide research topic, future research could focus on the
detailed comparison of estimators in terms sevew@mplementary aspects such as
scalability andhe compact analysis aofata requirements for optimal training in a plethora
of forecastng tasks utilizing energy datdutureresearch effortsould contribute towards
the detailed taxonomy of forecasting methods with regards to those aspedi®e form of

reviews and benchmarks that consider several edge cases such as minutely forecasting.

Furthermore our contribution towards combinatorial modeling focused on the
development of a deterministic estimator selection strategy for ensemble regresHuiss.

approachconsideredthe crossexaminationof structuralcharacteristicsuch as peak and
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non-peak data pointsThis strategy could be extendedin future projectsin order to
examine different timeseriescharacteristics connected the shape of the target sequence
and the respective properties of trend and seasonal componéditsestimatorselection
approachcouldbe tested on estimator sets belonging to different statistical and machine
learning subcategoriesdditionally, the inspectionof structuraltime seriescharacteristics
couldbenefitthe design omore complex forecasting structures such as deeper naiige
ensemble estimators as well as cooperative andusstial hybrid models sincelarity

needs to be reinforced in the development of those architectures.

Thestudy of metamodeling and the development @f forecasting approach thattilizes
community influential factors for the derivation of alternative target time series
representationswas tested considering full consumer anonymity anduded only the
essential featres needed for power consumption predictions in ordersimulate real

world scenarios where the quality and availability of consumer data are far from ideal.
However the exploration of more descriptive client features could enable the
development of moe versatile metanodeling approaches that study impact of
community and derive more time series components that could enhance the generalization
capabilities of the surrogate modedt.is worth mentioning that sincéhe research area of
meta-modeling appraches is vast, several novel methodologm®erating on a different
context at the base forecasting structyreould be introducedn future projects.One
increasinglynterestingresearchdirectioncouldconsiderthe estimationof time series that
focus on the explanation of trend and seasonality components at the base estimator and

the reconstruction of the estimated target at the met@odeling output.

Lastly, for the improvement of the output moduleore robust feedback mechanisms for
the interpretation and subsequent minimization of error could be developed. Our
contribution introduced a simple autoregressive structure in order to maintain relatively
low computational cost andhclude a small set chdditional hyperparametershat are
directly connected to the error series but not dependent on the main forecasting structure
Future studiescould utilize more interpretable neural network structures for error
estimationand introduce hyperparametetiat couldexpress the connection between the
main forecasting structure and the error estimation module. Furthermore, a thorough time

complexity analysisould outline the cost of combining error estimation mechanisms with
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several prominent forecasting structures in order to suggest performant and scalable
architectures that result in sufficient error stabilifgr each forecasting horizonn this
scope the application and impact of error estimation modulées long term energy
forecasting tasks could be worth examinisigceerror values tend to be higher and less

consistentas the prediction horizomcreases.
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