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ABSTRACT

A Data-driven Perspective onResidential Electricity Modeling and
Structural Health Monitoring

Lechen Li

In recent years, due to the increasing efficiency and availability of information technologies
for collecting massive amounts of data (e.g., smart meters and sensors), a variety of advanced
technologies and decisianaking strategies in the civil enginesggisector have shifted in leaps
and bounds to a dataiven manner. While there is still no consensus in industry and academia on
the latest advances, challenges, and trends in some innovatidridatamethods related to, e.qg.,
deep learning and neuna¢tworks, it is undeniable that these techniques have been proved to be
considerably effective in helping our academics and engineers solve matifereaks related
to the smart city framework. Thidissertationsystematically presentfhe investigatio and
development of the cuttingdge datalriven methods related to two specific areas of civil
engineering, namely, Residential Electricity Modeling (REM) and Structural Health Monitoring
(SHM). For both componentthe presentation of this dissertatistars with a brief review of
classical datalriven methods used in particularoblems gradually progregsto an exploration
of the related statef-the-art technologies, and eventually Iamh our proposed novelatadriven
strategies and algorithmB1 addition to the classical and statethe-art modeling techniques
focused on these twareas this dissertationalso put great emphasis tme proposedeffective
feature extractiorand selectionapproachesThese approacheme aimed to optimize model

performance and to save computational resources, for achieving the ideal characterization of the



information embedded in the collected raw data that is most relevant to the problem objectives,
especially for the case of modeling deep neural networksh&prdablemson REM, the proposed
methods are validated with real recorded data from #fautily residential buildings, while for
SHM, the algorithms are validated with data from numerically simulated systems as well as real

bridge structures.
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Chapter 1. Introduction

The explosre developmenbf big data and artificial intelligence vmafully integratedthe
associated techniquasto almost every aspect of our lives, and countless academic researchers
and industrial engineetsave beeronstantlyexploring their new possibilities in a wide range of
industries.In civil engineering, many topical problems, such as urban endiggyibution
infrastructure systenmonitoring and related technicahanagementlecisions, involve many
uncertainties and complex theories whose solutions require not only matheigadipalysical
knowledge but are also highly dependent on thgerientialexpertisefrom practitionerq1, 2].
However, sich experiential expertisecan beillogically incomplete and impreciseand it
sometimes cannot lgstematically summarized with effectiveplemenationthrough traditional
operational processes due to considerable labor and time[tpgtertunately, benefiting from
the explosive growth of available data and computing resources as wh# lagge advances in
Artificial Intelligence (Al) datadriven methods such as Machine Learning (ML) algorithrage
evolved significantly in a range a#ngineeringand sciencdields with clear advantages in
overcoming the limitations of many traditional apprie@s A majorbenefit is thathey can solve
complex problems bymulating experienced practitiongiise., through an effective learning
procesgo reach the level of experts and thus gain the required exgdértie

As the name suggests, a ddtaven methodproposes a modeling framework through a data
analysis scheme rather than simply following a clabgbgsical or mathematical modeling
manney and today many scholars have developed diverse strategies to incorporate infaymation
mathematical and physical principles irtee datadriven mindset{4]. In recent years, these
frameworks can be integrated with many advanced numerical analytic techniques, benefiting from
substantial developments in areas such as digital/statistical signal processing and numerical
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methods, allowing for great flexibility andffectiveness in modeling strategid3atadriven
methodscan often be implementddst with strongeffectivenessand do not requirgreatuser
expertiserelatedo one of the main reasons why ddtasen strategiebave recently become quite
attractiveto many scholars anengineerg3]. In addition, recenincredible advances iarious

sensos and computehardwargechnologiehiave not only greatly facilitated the implementation

of data acquisition and data fusjdout alsoensured continuous computational resources for
complex datadriven computational architectures, such as deep neural netfsdriés a result,
supported by these promising advances in the big data commemiitstantlyincreasingcivil
engineering scholars and engineers have commenced research and engineering implementations
through datadriven methodsthat provide new case studies, algorithms, and resutite many

technical challenges still remdi@y.

1.1 Dissertation overview

In this dissertationgutting-edge datalriven method$iave been systematically explored and
developedfor two specificareasin civil engineering, namely Residential Elecity Modeling
(REM) and Structural HealtiMonitoring (SHM) These twoareasencompassnany topical
problems that are of broad interest to both academia and industry in civil engineeringiutay
have attracted large numbers of scholars and engineerthepasst decade to explore a variety of
advancediatadriven strategies to address related challenges

For the REM, the recent significangrowing interest inthis topic ismainly due to the
emergence of advanced sngunitl technologies and various related application scenptj@. In
recent yearghe penetration of smart meters has grown significantly and they are now becoming
more widespread globallfCompanies such as Googl8jemens Intel, General Electric and

Amazon have been developingnduse applicationgor setting uphouseholdbatteryenergy
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managemerdandloadcontrolsystemdased osmart meter daf@]. As the result othis progress
electricityutilities, governments and scholdraverealizzdtheappreciabldenefits of using home

smart meter data ianergy efficiency improvemernd demand responsgperationssince the

high resolution and quality smart meter data can be a sufficient resource for residential electricity
analysis anghredictive moeling, alongsidehe data of usefidxogenous variables such as weather
conditionrecordingq9]. Motivatedby thesefacts, datadrivenmethod developmeribr thefield

of REM hasbecome one of the most prevalent topiatedto building energymanagemenin

the era of smart gritechnologie$8, 10].

For the SHM, it is gainingimpressiveattentionin recent years as ensuring life safety and
reducing inspection costs have become top priorities for practicing engineers and resgdrchers
12]. Moreover,recent advancements in sensor and communicaéticmnologies (contact and
contactless, wired and wireless, etc.) have created great opportunities for the acquisition of
observational data at an incredible rate and amount, which have laid solid foufatatielarge
scale development and applicatafrdataacquisition techniques anidtadriven methods SHM,
leading topromising benefits to minimize the direct and indimaciney and labatosts associated
with the streamline periodic inspectiof@r aginginfrastructurg6]. Traditionally, SHM solutions
tend to land on building physical models (e.g., a finite element model) to represent the dynamic
characteristics of a real structural system, but snoHelstypically require that the actual data
measured havainimal noise, and also require precise controtl understandingf the detaildor
the model parameters, whiamayresult inundesirablestability of the model performance due to
the interferencérom the varyingenvironmentatonditions[12]. In contrast, dtadriven models
by virtues of théarge amount ofieterogeneougatafrom sensors;an efficiently and consistently

provide bottoraup solutions including diagnostics and prognostesg., damage detection and



remaining life estnation) through theinatural strengthis big data mining and interpretatifiB].
Consequentlydatadriven modahg nowadayshasbecomeone of the most attractiv&rategies

for SHM problemd6].

1.2 Similarities and differencesof the two areasin a data-driven perspective

In terms of data forms amstudy paradigns, a wide range otlassical and statef-the-art
research on datdriven methoddor the two areasis based on the acquisiticand amlysis of
dynamic data with time as the independent varidbée, the timeseries data)with specific
operationsincluding data wangling and cleaningfeature extraction andelection algorithm
developmentand validation etc. [7, 13]. Either smart meters placed in buildings to record
residentialelectricityusageor various sensors placed on monitored structural systems to measure
structural response data can provabdolarsand engineers ih adequate and comprehensive
time-series data to solve relevant problems or validate their developed methotss
dissertationin addition topresentinghe newly developed modeling strategfes the considered
problemsin the two areasextensiveinvestigationsare conducted on the key intrinsic factors
affecting the modeling performanaéth respect tgeneratime-series variables-urthermorethe
different practical engineerinthallenge®f the twoareagpresented in thidissertatiorshowwhat
flexibility and additional requirements should be met when implementinepdiaten modeling in
the face of evolving realorld scenarios

For residential electricitysagerecords, these time series data camdgardedasrelatively
normalscalar @ta generated idaily life. Therefore, the analysis and modeling of this data can be
addressed bgtandardiatadriven strategies, either through classical statistical models or through
cuttingedge machin&arning techniqued he essential objectivia this casas to maximize the

performance (accuracy) @itting the data, such as thedQuared value in regression problems,
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while ensuring the robustness and generalization of the mbketefore,for the problers in
REM, scholars have tended to dedicate more efforts to drilling down the validity, precision, and
innovation points of theeveloped models in terms of dditding performanceor to conducting
in-depth statistical analygisferenceonthe informatiorabouteledricity load profilesand resident
daily behaviorg7].

However for the structural response data in SHM prolsighe datedriven moded developed
should achieve a certain accuracy of datin{itwhile meeting the requiremenbdf consistency
with specific physicdinathematicalprincipals followed by the responsedata Taking the
acceleration respongé structural vibrationgs an example, the modeling process must take into
account how effectively thieuilt model perceives the physical propertieslerlying the response
such aghe natural frequencies and damping ratidsa monitored structural systerao that the
model can be trained to provide a wadfined physical description of@hmonitoredsystem
Therefore, this requires that the model should be highly interpretable and not like a black box
where there arsome dat@redictiongfittings that cannot belearlyexplained bymathematicabr
physicaltheory (even though the resulting accuracy valuey & high) This is why,in recent
years a growing number of scholaisave worked ondevelopingphysicsinformed machine
learning techniquesr novelfeature engineering strategies to effectively simptikydify complex
structures(e.g., the deep neural networkshich allow the developed modet® be not only

functionally morestable ancfficient, but also more interpretable at the theoretical Ig8;€l3].

1.3Logics and organization of this dissertation

As discussed above, research on-diateen methods fothe problemsn REF and SHM has
yielded a number of progressive results over the past few dedddeefore the presentation

frameworkof each chapter ithis dissertatiorgenerally starts with investigatig experimenting
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with the existing relevant datdriven methodgor target problerg then explores the advantages
and limitations of thesmethodsthrough asystematicatomparison, and finallpresents newly
develoed methodsor modified existingmethodsthat areproposed to improvproblensolving
performance with various case studiesonductedfor the correspondingalidation With the
purpose of optimizing the modeling process, digsertatioralso highlightgheeffective strategies
based onfeature engineering to extract the most relevant information embedded in the raw
measurement data to betstdresssomecommonmodelingchallengesn the two areas These
strategies cansuallysupport a more concise arational architecture of the moddh the case of
developingcomplex deep neural networkbus allowing them to gaiconsiderable generalization
and interpretation capabilities

The content oREFis presented i€hapters 2 3: In Chaptel2, atypical and widely followed
REF problem termed ashorttermloadforecastind14], is systematically researchéarougha
case studpnthe electricity usageecordsrom aresidentiaklectricity database New York City
(NYC). An in-depth investigation of classical and-igpdate datadriven methodsto the short
term load forecastingroblem is first presented o maximize the exploitation of autocorrelation
information inthe time-serieselectricity data toperformthe forecashg better a novelmodeling
strategy is proposeavhich consists adin improved recurrent neural network framework, a newly
developed dynamic feature selection algorithm, and a "default” state configured within the model
to address overfitting issues.

In Chapter3, a further analysiof the recordedelectricity usage(from the same database
considered in Chapter Bndera special situatiois performedli.e., how the residential electricity
consumption antbaddemandwvould change under the impact of the Coti@ relatedockdown

and what the potential threat to the grid is fribv@extremepeak load demanduring this period.



A series of analytical methods based on mathematicalelingand statistical simulation are
propased while significant factorsaffecting the changes in the load prafilge deeplyanalyzed
and then considered as theey predictorsfor the modeling.The simulated scenarios with
corresponding forecasting results drawn fromdaeelopednodelscan seve as timely alerts for
electricityutilities and provide inforrmativeinsights into future grid stability.

The content o8HM s presented i€hapters 4 6: In Chapte#, it focuses onttedevelopment
of datadriven methods taddresshe problem oftructural damage detection and quantification
An overview of the structural damage assessment in a vibrdtiased SHM frameworks
presentedirst, including a brief literature reviewof someclassicaimodelingstrategiesdifferent
types ofDamageSenstive Features (DSFs), anglevantstateof-the-art datadriven techniques
emerged recently.o improve theaccuracy and robustnesfa TraditionalAuto-Encoder(TAE)-
based modeling methofbr structuraldamage detectigra New Generalized AutBncoder
(NGAE) architecture, integrated withe power cepstral coefficients of acceleration respamske
a statisticabpatternrecognition strategy, ithen proposed The proposedNGAE architecture is
able tobewell-generalized ithenecessargtructuralphysicalproperties of aargetsystem thanks
to a newly defined encodéeecoder mappindinally resulting in excellent damagketection and
guantificationperformance

In Chapter 5motivatedby theobjectiveto recognizevarious damage scenarios rather than
just detecting the presence of damage as in Chapténed4problem of structural damage
classification isstudied. To address the problem propedynovel data augmentation strategy
based on a Conditional VariationAutoencoder (CVAE) architecture goposedto create a
A b al amamniagddataset of theepstral coefficientgor various structural undamaged and

damaged conditiond his augmentedrainingdataset of the cepstral coefficients can be employed



to bettertrain a Probabilistic Linear Discriminant Analysis (PLDA) modelfinally achieve
greater accuracgnd robustness structural damage classificatissompared to using the original
Aunbal ancedod training dataset.

In Chapter 6 following the analysisand findings in Chapters 4 and,3he problers of
structural damage localization for linear and nonlinear structural sysiesrsystematically
studied By utilizing the properties dhe LinearDiscriminantAnalysis(LDA), a roveldatadriven
method is proposetb address the structurdamage localization problem an unsupervised
learning mannerThe key intuition of this method is taghly extract and exploit the structural
local characteristics embedded in the cepstral aoeffis based on thestrong capability of
separating categorical data offeredthgmechanisnof the LDA.

The lastpart of the dissertatioffChapter 7)sums up the findings and contributions of the

research, while identifying possible streams of futureaesh.



Chapter 2. Short-term Load Forecastingin Multi -family Residential
Buildings

The main part of this chapter @esentedn the paper ceauthored with Prof.Christoph
MeinrenkenProf. Vijay Modi andProf. Patricia Culligan,and published in the Journal Applied

Energy[15].
2.1 Introduction

In recent years, residential electricity load profiles have become increasingly varied among
neighborhoods and homes due to modified work and leisurenmatiecreased use of electronics,
and more frequent presence of distributed generation (e.g., roof top photovoltaic) and storage (e.g.,
electric vehicles)16]. This increases the benefit of and need for electrical networks asic
Transactive Energy Networks (TEN4)6], which could transform homes from being a passive
load into a smart storage and demand responsive entity for electric grids, thus enabling a dynamic
balance of demand and deeper gnédion of emerging clean electricity generation. For example,
Zheng et al[17] introduced a model for levelized storage cost, based on storage lifetime and
electricity tariffs, and developed a storage dispatch algorithmtimiap the storage size and the
grid demand limits. Similarly, as reviewed by Song efld], a host of novel market mechanisms
and respective technology solutions are under consideration to improve the resiliency and reduce
the carbon intensity of electricity grids. Most of these innovations will either require, or at least
benefit from, the ality to forecast shosterm electricity consumption patterns at the level of
individual actor st eirnmoa tTyEpN c(@wil tyh r fedeelotimé ng t o

periods, but not longef}l4]. In the case afmnultifamily residential buildings, which are common



in many urban areas around the world, the level of an individual actor could include an individual
apartment, a floor, or an entire apartment building, for example.

Implementation of such intelligent and adaptiengents requires advanced techniques for
accurate and precise load demand and power generation forecasting. Fdershddad
forecasting, many approaches have been studied but few have focused on the electricity load of
individual households, for twoasons: First, electricity load profiles of individual households can
reveal private information that often cannot be published, contributing to a lack of data availability
for the residential sector, especially in miistimily residential buildings. Seconfbrecasting the
electricity load of individual households is conventionally considered challenging due to the
volatile nature of household load d§i®].

A large portion of the existing work on electricity use forecastirggfbeused on commercial
buildings due to the availability of datasets and the often more easily identifiable diurnal use
patterns (reviewed in, e.g., Meinrenken and Mehrf0]). For residential buildings, researchers
have deeloped various statistical models and machine learning algorithms for load prediction.
Many of them used datasets containing only one level of spatial aggregation (e.g., the aggregate
load profile of an entire building). A few studies have carried out epative experiments based
on various scenarios to investigate the influence of different forecast granularities (e.g., load at
level of individual apartments or their aggregates at floor or building level, and load at level of
hourly, daily, or weekly timentervals), and some other studies have aimed at improving
forecasting accuracy by overcoming some common challenges of machine learning algorithms

such as overfitting (reviewed by Amasyali et[2L]).
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2.1.1Load forecastingmodels for residential electricity use

As noted, although many studies have focused on the forecasting of electricity load in
residential buildingspnly a few of them have been conducted on individual housef§ld®ne
suchstudy, by Ghofrani et a[22], forecasted the electricity load of one specific household. A
Kalman Filter estimator was applied, and the load was forecasted hourly anduslybas a sum
of two separate components: the weatllependent component and the lifestyle component. The
authors used mean absolute percentage error as the accuracy metric and obtained forecasting
accuracies between 18% and 30%. Munkhammar ¢23l.employed what is referdeto as a
AMar-kba&in mixture distributi on mioodredsaution)o f or
residential electricity consumption data from Australia.

Previous studies also addressed the problem of identifying an optimal model for residential
load forecasting tasks by comparing the accuracies of various machine learning algorithms. For
example, Edward et al9] implemented seven different models, including multiple linear
regression, support vector machine, and deegaheetworks, to forecast o#i®ur ahead
electricity loads of a residential building. While the tested models showed reliable forecasts when
considering the average coefficient of variation (CV), compared to similar work, their datasets
were limited to on} three individual household$herefore, the need remains to validate such
models on larger datasets of measured electricity consumption.

In recent years, deep learning models have been shown to offer many advantages, and they
often perform better than traditional machine learning. Both Zheng @4&land Marino et al.

[25] have saceeded in applying Long ShortTerm Memory (LSTM) Neural Network to shert
term load forecasting in residential buildings. They concludedhle&tSTM neural network has

an advantage in handling dateven electricity consumption forecasting tasks. Aopibulos et
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al. [26] applied a Convolutional Neural Network (CNN) to a sHertn load forecasting task for

three individual households. They employed a statistical analysis to convert their original dataset
to a format that feilitated leverage of the advantages of the CNN algorithm. They concluded that
the proposed CNN can outperform conventional LSTM in cases where the number of data
observations are limited (such as the loads in a small energy community) and the load pattern

change dynamically.

2.1.2 Forecasting at different spatial and temporal scales

In addition to modeling techniques, the spatial and/or temporal scale of forecasting (or
sometimes granularit}27]) is another factor affectintipe forecasting accuracy. Electricity load
data in multifamily residential buildings, for example, can be obtained at varying temporal
granularity such as 15 mins, 1 h, or 1 day, and at different spatial granularities such as household,
floor, or buildinglevel. Determining the optimal forecast granularity is an important aspect of
improving accuracy of the forecast.

Determining the optimal spatial and temporal granularities at the same time, Jaifl2 &t al.
applied aSupport Vector Regression (SVR) model to make estep load predictions for a
residential building at 20min, hourly, and daily temporal granularities, as well as household,
floor, and building spatial granularities. They found the optimal forecasting granuéakigy for
onehour ahead and at floor level. Zheng et[28] developed a Kalman filtdsased bottorup
method to increase the accuracy of houseladd forecasting. They verified the advantages of
this approach via granulgyr analysis at the level of appliances, rooms, and household, and found
that the Kalman filter bottornp method at the appliance level can improve household load

forecasting accuracy. Xu et §9] applied a probabilinbasedelectricity forecasting model for
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buildings that decomposed the load into a baseline load and an abnormal peak load. They
concluded that such a decomposition technique can provide more granular data for forecasting

models and hence increase forecastirgyiacy.

2.1.3 Feature selection and sparse models

Sparse models and feature selection techniques have been shown to improve electricity load
prediction by capturing certain key featu[86]. Therefore, these approaches cowddiblized to
obtain a generalized model by lowering the risk of overfitting, as they can focus on a small amount
of core information highly correlated with electricity use.

Regarding the sparse coding techniques used in existing literature, Jaif8&} applied a
lasso regression model, which is a shrinkage and selection approach to linear regression that
approximates sparse coefficients, to forecast energy use in an NYC multifamily residential
building. They concluded #t the lasso regression model provides competitive performance
compared with a support vector machine. Candanedo[82hpresented a dafitering method
by removing norpredictive parameters and unrelated features, toowepthe performance of 4
statistical models for the energy use of appliances in selmvgy house. With the method, they
concluded that the gradient boosting machines (GBM) outperformed the other 3 used models,
which achieved the accuracy of 57% ifi R

More recently, with respect to forecasting electricity load and othersmes data, some
studies have implemented feature selection by integrating advanced deep learning techniques.
Amarasinghe et a[33] developed a-D convolutional neural network (I&NN) performing
energy load forecasting at individual building level. Their experimental results showed that the

CNN outperformed SVR. However, using such an approach here is unlikely to succeed when
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temporal load profiles & large seasonal volatility and unexpected load changes due to human
behavios. Regarding the recently used recurrent neural networks, Wang[&4]adleveloped a

novel shortterm load forecasting method based on the attemtiechanism (AM), rolling update

(RU) and bidirectional long shosterm memory (BiLSTM) neural network. When comparing the
Bi-LSTM model with AM and RU to a traditional BiISTM model, both the mean absolute
percentage error (MAPE) and the root mean sgeaior (RMSE) were shown to decrease in the
load forecasting associated with their two data setan ¥ al. [35] employeda temporal
convolutional networkintegrated withencoderdecoder layers by using a sequetmsequence
(Seg2Seq)framework to yield better hidden representation of features for-8erees data
forecasting. They concluded that their developed architectures outperform many multivariate

regressions teclgues.

2.1.4 Focus ofthis chapterand differentiation from previous work

The abovementioned studies, using sparse coding techniques and advanced neural network
techniques, usually automatically obtain the most influential hidden feature representation by
using fixed types of features. However, this approach usually does not consider whether these
features are always dominant under different situations such as seasonal changes and some
idiosyncratic human behaviors. Similarly, although most of the ab®oeisied studies applied
past electricity load values as important features for prediction, they did not consider dynamic
methods of continuously updating the selection to the most correlated feature types in order to
enhance the feature representation teefeeding them to the forecasting models. Such a dynamic
feature selection process is needed when electricity consumption of an apartment (as in our dataset

described in Sectiof.2.1) could be primarily due to loads from refrigerators and stanuine
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electronics that are present even when a resident is not in the apartment for up to several days. This
can lead to overfitting if this problem is addressed by using multiple previoust@pdéoad values

(as done by the aforementioned studies) and by gebyity on the featurselection process of the
encoderdecoder layers of Seq2Seq and TCNN or the sum of weighted stateslodgdd LSTM
structure. Aiming to address these issues, we extend a previously introduced Convolutional LSTM
framework (ConvLSTM)36], whose buikin kernels allow the extraction of key information, by
adding a dynamic featwselection algorithm andraodetsimplification approach, which enables

timely reactions to the rapidly changing states of various load profiles in case of overfitting. The
resulting ConvLSTNlIbased neural network with selected autoregressive features (henceforth
CLSAF model) is teted as a shotterm load prediction in a multifamily residential setting over

three different season types (winter, summer, and the shoulder seasons of spring or fall) and across
three spatial granularities (apartment, floor, and building level).

To testthe feasibility and forecasting performance of our approach, we use a residential
apartment building in New York City, NY, USA as a case study. We use the actual, hourly
apartmerdevel electricity load of 59 individual apartments across 11 floors and fimee
different seasons (2019 data) to train the forecasting models and evaluate their accuracy- This data
rich case study allows us to systematically evaluate the effects of season, spatial granularity, and
model choice on the forecasting accuracy. Bmale determine two key characteristics of the
residential load data and how these affect the forecasting accuracy for different apartments or
floors. Based on this analysis, we discuss basic elements of a possible data screening technique,
which could ai in providing confidence levels of load predictions to facilitate more complex

transaction schemes within TENS.
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2.2 Data and methods

2.2.1 Overview of electricity data

The considereelectricity usedatasetn this workis the historical electricitgonsumption
records of a prd940 multistory residential building in ManhattaNYC, from an electricity
databasenamedMFRED (a detailed description of the database can be referr¢8719. The
building is a prewvar constructionwvith a stearrbased, central heating system and electric window
air conditioners for <cooling. Therefore, ali
electricity use, whereas heating loads are not (except for the occasional supplementaryifeating
personal electric space heaters or heating blankets, for example). Electricity use for every
apartment was separately metered by a Siemens® SEM3-métsy system with 5@mp split
core current transformers and +1% accuracy. As the model trainiagadapartmerevel, we
used the incremental electricity consumption (kWh) from one hour to the next. For the floor and
building level, we first aggregated the observed electricity load of the respective apartments at
either the floor or building levelnal then used the aggregated data as training data to forecast the
aggregate level.

The dataset contains 59 individual apartments, eleven floors, and one building, for three time

periods in 2019, to reflect various weather conditions during the yeaipd pewinter when the

use of indoor lights and possible auxiliary use of electric space heaters is highest (Jan. 7th to Feb.

3rd); a period during a shoulder season when little or no auxiliary heating but also little or no air
conditioning will be used (pr. 1st to Apr. 28th); and a period in the summer when the use of air
conditioning is high (July 15th to Aug. 11th). In order to ensure comparability of the 3 different

time periods, each period was chosen to start on a Monday and to last exactly 28actaysat

the different periods would each comprise of the same number of weekdays and weekend days.
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For convenience, we henceforth refer to these
respectively.

Figure 2.1 (a) displays the diurnal load profiles averaged over all 59 apartntégtse 2.1
(b) shows three examples of the hourly consumption of individual apartments duringdayone
period. Data averaged over all apartments show systematic load patterns (e.g., high in the evening
hours, low during the night), whereas some individual apartment®tjowvith volatile loads,
partially caused by residents leaving the apartment for several days at a time. As reviewed in the
Introduction, such idiosyncratic patterns render load forecasting more challenging. In response to
such challenges, the model apgpch developed here aims at extracting the most correlated
information from daily load profiles as prediction features, in order to mitigate the interference of

idiosyncratic human behavior with prediction accuracy.
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Figure 2.1: (a) Diurnal patterns of average hourly electricityusein 59 apartments.(b) Example
daily electricity-load profiles of three sample apartments.
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2.2.2. Metric to evaluate forecasting accuracy

In past studies, four types of metricave beerwidely used to assess forecasting accuracy
[38]: (i) scaledependent measures, e.g., Root Mean Square Error or Mean Absolute Error; (ii)
normalized metrics, e.g., Mean Absolute Percent Error (MAPE) or Coefficieraratidn (CV);

(i) relative metrics such as Mean Relative Error; and (iv) sfreke metrics such as Mean
Absolute Scaled Error. Since the sedépendent measures cannot be used for comparing the
accuracy of forecasting at different magnitudes and MAsPiot applicable when handling the
case of zero load valuabke CV is considered in thigork, as applied, e.g., by Jain et[&l7]. We

refer to CV as CWesidual, in order to distinguish it from another, similarly definedrimin the

following sections. CWesidual is defined as follows:

p . .
i} pB w W (2.2)

ow
where0 is the number of individual hourly load observations for which the load is forecasted. In
our study0 isequaltaw @ T X 0), representing the hourly load over the last three weeks
of each 4week time period (the first week is used for training ardléist three weeks are used

for testing as showrin Table 2.1). w andw are the observed and predicted hourly load at time

stepo, respectivel. wis the mean value of the observationsof the hourly electricity load.

2.2.3 Forecasting models and features used

In this work we firstly try 4 benchmark models and a ConvLSTM model to complete the
forecasting task. Then, by overcoming some disadvantages of the ConvLSTM model, and
combining it with some advantages of one benchmark model, a more accurate and robust CLSAF
modelis developed, whic can carry out sheterm load forecasts for all scenarios (i.e., for the
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three spatial granularities and three seasdrdle 2.1 provides an oveiew of the 6 models and
the corresponding feature types used in the present study.

For the source and accuracy of the electricity data, please refer to Se2tiorAll weather
data (i.e., both for training and for testing) are historical 2019 datsoassh Table 2.1, which
was obtained from the National Oceanic and Atmospheric Association (NOAA), NY Central Park
Station. The temperature data ic@@te to +0.3C, and the humidity and wind speed data to
around £1%. In practical applications of the forecasting, the weather conditions used as the
exogenous features for the forecasting of each-sit@e will be the ondour weather forecasts
(however f or the ini-upa@) peraiiond,ngt fdwaosdel s woul ¢
weather conditions, as shownTable 2.1).

Regarding theuse of exogenous features shown Tiable 2.1, dry-bulb temperature
(henceforth At emperatureo), absol ut ebinarumi di t°
weekday/weekend, and the sinusoid of local time were chosen as our predictors. Wind speed rather
than wind direction was chosen as one of the features as the prevailing wind direction at a weather
station is not indicative of the actual wind directiat a specific apartment in a dense urban setting.

On the other hand, wind speed and solar radiation are more likely to be closely associated with
cooling and lighting needs at the apartment in question and have been used in our analyses.
However, when aar radiation was added as an additional exogenous feature, it was detrimental
to accuracy; this may be because in rdfaltnily high rise buildings, only the predominantly south
facing apartments or the apartments on the higher floors are subjecteectosdiar radiation,

even if the sun shines. Therefore, we decided to remove irradiance from the list of exogenous

features.
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Table 2.1: Overview of the inputs, outputs, and training (warmup) periods for theemployed 6
models (4 benchmark models and 2 newly employed models).

Autoregressive
Model name features (hourly

Output (onestep

Exogenous features Training (warmup) ahead hourly

electricity load) (hourly granularity) period electricity load)
Persistencenodel y[t-1] None None y[t]
Selected by the
default setting of First 7 days of eact
ARIMA model iforecast None 28-day period v
R
Selected by the
default setting of First 7 days of eact
ETS model fiforecast ¢ None 28-day period vt
R
Temperaturel[t],
absolute humidity[t], ‘ '
SVR model y[t-1] wind speed[], ~ First7 days of eac yit]
weekday/weekend[t] ~ 28day period
and sin(local
time[t])
Temperaturel[t],
absolute humidity[t],
i wind speed[t], First 7 days of eact
ConvL.STM model ylit-1] weekday/weekend[t]  28-day period yig
andsin(local
time[t])
Temperaturel[t],
Selected yHp] or humidity[t],
y[t-1] wind speed[t], First 7 days of eact
CLSAF model (p: denotes a selecter weekday/weekend[t]  28-day period vt
lag from time index) andsin(local

time[t])

2.2.3.1Benchmark models

As mentioned early4 classicabenchmark mode]samelya Persistence modg28], an Auto
Regressive Integrated Moving Average (ARIMipdel[39], an Exponential Smoothing (ETS)
model [39], anda Support Vector Regressiormodel [27], are presented in this chapteFheir
fundamental mechanism and apaptions to shorterm load forecasting problems are introduced

in the following.
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Persistence models can be applied as a benchmark feseimes prediction applications [44].
As we aim at conducting a singdeep hourly forecast, the persistence model nvpley uses the

hourly load observed during the most recent time step:
"YQE QAR | QO & QEQ (2.2

wherew is the predicted hourly load at time stegndw  is theobserved hourly loadt time
stepo p.
ARIMA models and ETS models are two strong, and-established model types for time
series forecastin[g9]. Therefore, they were selected among our series of benchmark models and
used on all the aforementioned datasets, with default parameters automatically selected by using
t he Af or ec as[@d® In@dditidn,aag discusenin IRroduction, SVRnodelshave
proven to be a welperformingtechniquen residential load forecasting, so it was also selected as
a benchmark model, using the same features as the ones for the employed ConvLSTM model to

set up a SVRnodel| as showrn Table 2.1.

2.2.3.2Convolutional long shofterm memory neural network (ConvLSTM) model

Long ShoriTerm Memory (LSTM) Neural Networks have beeoyan to be an efficient and
powerful approach to shertrm residential load forecasting tasks across multiple spatial
granularities, as shown, e.g., Biyenget al.[24]. However, an LSTM model might not completely
meet the requirements of our dataset, for two reasons: First, as shown in S8ctipelectricity
loads in some apartments are volatile without clear diurnal patterns. Second, the primary factors
driving electricity load may vary between seasons. In particular, the ambient temperature will
likely affect the electricity consumption of air conditioners during the summer time but will be

less relevant in wintertime when a building is centrally heated. Conséguentight be best to
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only use the exogenous features most correlated with electricityHoadur forecasting taskve
tried a ConvLSTM layer to capture core information of the exogenous features that are highly
correlated with electricity load, bykimg advantage of the buiih kernels.

The ConvLSTM neural network, introduced by Xingjian et al. [38], is a variant of the LSTM
neural network, which integrates a convolution operation into the LSTM cell. The convolution
operation takes the place ofatmai x mul ti pl i cati on at each of t
captures inherent spatial features by several convolution operators irdmmdtisional data.
Xingjian et al. [36] applied their proposed ConvLSTM network to tbet capture the
spatiotemporal correlations of their spatial data. They concluded that the ConvLSTM network
outperforms an LSTM with fully connected layers for precipitation nhowcasting.

A ConvLSTM cell consists of a series of operations that can storetahpformation with
a selection process bythebditn ker nel s, and timely erases the
to prevent gradient vanishing [49]. Fig. 4 displays the basic mechanism of a ConvLSTM cell whose

operations can be formulated as gixe equations:

(2.3)

I O0WRF O
where 6A6 denotes t#hetHadamavd | ‘pisthednput tbdthem @t 6 o
ConvLSTM cell at time step. | and g are the output and state of the ConvLSTM cell at

time stepd  p, respectivelySimilarly, | and f are the output and state of the cell at time step

22



0. They are generated by several joint computations based on four intermediate [fectors:,
and F attimeste®. s+ ,¥ .F % .F .JF - .ands are trainable weights that
appear in pairs for each intermediate vecjordt , 4 , andf are orresponding trainable biases.
As shown inTable 2.1, we employed the most recent one tistep electricity load as the only
autoregressive feature, and temperature, lioed, wind speed, and binary weekday & weekend
information (6106 r eprFrres)entosD ow e eekpd aeysse n(tis. eve,e KM
the exogenous features for the predictlarthis case, the exogenous features vegtor the input
vecor k£ | and the predicted hourly load for time step t, are defined as:
F 0 Qda R QIO QR AW 0 "QE QAN RVQ VI @Q £
L o (2.4)
@ 6&&00"¥YD

where @ is the observed hourly load at time step p, £ is composed byo and
exogenous vectog , as the input vector at time stgpandw is the corresponding output

(forecasted harly load).The ConvLSTM cell expects the feature dimension of an individual input

to be a twedimensional array. Therefore, in our case, we tekas a whole, and treat it as one

feature with a dimension of one by five.
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Figure 2.2: Mechanism of a ConvLSTMcelli A6 denotes the Hadamard pr od.
the convolutional operator. Adapted from Xingjian et al. [33] and Marino et al. [16]

As the model is employed to conduct singlep load foreasting, there is no need to separate
the data into training vs. testing data. However, the model needs aupgariod to be initially
trained by backpropagation to adjust itself to the best state. Therefore, for each of the-tlage 28
periods, the firsweek load data was used as the waprperiod for initial training, and after that
the model was formally employed to make the forecast. After eackstapdorecast, the observed
hourly load at the last predicted time step was used for parametengp&agarding the selection
of the previous week as the waup period, there are 2 reasons: First, through multiple
experiments, we found that when the warm period exceeds 2 days, the accuracy of the
subsequent forecast will converge. In addition,ftrecasting accuracy will not rise if a longer
forecasting horizon is implemented, and thigpisbably due tahe varying load patterns as
discussed in Sectiagh2.1. Second, choosing the previous one week, instead of a longer period, as
the warmup perial can make our developed dynamic feagkection algorithmt¢ beintroduced

in Section2.2.3.3) characterize the historical electricity diurnals of the targeted apartment quickly
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without the requirement of significant computational resour@edle 2.2 shows the hyper
parameters of the ConvLSTM model, dfidure 2.3 shows its ufrolled sequential architecture.

Table 2.2: Structure and hyperparameters of the ConvLSTM model

Propertes Values
OneConvLSTM2D layer and two dense
Structure
layers
Number of filters 36
Kernel size 1x2
Activation function Relu
Nodes number of first dense layer 4
Nodes number of second dense layer 1
Activation function of dense layers Relu
Epoch 20
Size of batch 1
Loss function MeanSquarederror (MSE)
Optimize Adam
Training (warmup) period First week of each 28ay period
Training time (over CPU) 20 seconds
V) i2) Vi
1 1 1
Dense Dense Dense
layer2 layer2 layer2

Dense
layerl

Dense
layerl

Dense
layerl

ConvLSTM
Layer

ConvLSTM

ond  oyer

]

Ii2) Iy
Figure 2.3: The built un-rolled sequential architectureof the ConvLSTM model.

2.2.3.3 ConvLSTM neural netwonkith selected autoegressive feature (CLSARode)

As shown inFigure 2.1, the load profile in some apartments is characterized by idiosyncratic

human behaviohapartmeridstemporaryacancy, for example), whicould prompt overfitting
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in the traditionalConvLSTM model. To preemptsuch a problem, a bettsuited feature
representatiorwas devised whiclselecs the most correlated lagged hourly load, rather than
locking intoinflexibly by using the previousme-step valuepr several timestep load values
without any correlation examinationa/e thus extendetthe ConvLSTM modeby two additional
strategiesAn autocorrelatiofunction (ACF)}based algorithm to select the most correlated lagged
|l oad as the aut or egr estatsin whichhéRersistemae enpdel awould bea i d e
employed for prediction whewer the algorithm fails to obtain lgged loadwith sufficient
correlationas t he aut or egr e s ssiate eonceivedda modelsimplfidation, i d e f a u
is aimed at handling overfitting issubstaremostly caused bipad profiles of the same apartment
that changed between periods of occupancy vs. vac@heYCLSAF modelwas therdeveloped
by a combination ofhe abovanethodswith the mechanisrdescribedn detailbelow.

First, an autocorrelation function (ACkas considered for usehich is aimed at selecting
thelagged hourly loadnost correlatedvith the onestepahead loads the autoregressive feature
for prediction. TheACF computsthe correlation of the timseries lagged values with themselves
thusinvestigaing the periodical nature of a tinseries dataset. It is formulated as follows

6¢wWwho

I ——— (2.9)
Wi W0

whered ¢ andw @ denote covariance and variance, respectively,caisdhe observed hourly

load at the given time stéoro Qo ®iw andw®id  are two variances of the hourly

loads with a separation Btime stepsi denotes the correlation of the hourly load values with a

lag of Qhours apartWe set the range of lags returned by the ACF tab€Q tiphch8 he 9,

to capture diurnal geerns,and i s measured over the previous 7

with the one week warrap period, which is the longest period available in the dataset prior to
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first model employment time steplkigure 2.4 displays the ACF results of two example

apartments.

(a) (b)
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08 08
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Correlation

15 20 25 0 5 10 15 20 25
Time Index Time Index

Figure 2.4: Autocorrelation ri of two example apartments with up to 24 lags (July data)

The ACF isemployedin the implementation of the model as followsrst, the ACF is
employed to compute the autocorrelatiorthe previous wee& sourly load data to obtain the
most correlatedag. Then, the corresponding lagged hourly load is selected as the autoregressive
feature but onlyfor the nextone stepahead hourly forecast. After moving to the niexecasting
time step, the algorithm updates the previousweek data by adding thatest hourly observation
and then repeats the autocorrelation computation and selection process to update the most
correlated laged loador the nexistep prediction.

For example, it can be seenFigure 2.4 thatthe first example apartment exhibésegular
pattern withabout 24 hourperiodicity, and the highesautocorrelation is athe smallest lag
considered, i.e1 hour. (We ignore the corfation at lag 0 because it is a seffrrelated result.)
Therefore,in this case,the algorithmwould select theload of the previous hour as the
autoregressiveehture for thenext forecastBy comparison, th&igure 2.4 shows that the
example apartment exhibits only a much weaker diwglegdtricity load patternand the highest

autocorrelation is at lag 2Bours Therefore, the algorithm in theasewould select the loadt
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lag 23 hourss the feature. However, due to $ineallercorrelation of the selected lag in the second
example, overfittingmay occur. This motivateds toimprove the CLASF model further by
developinga i d estate askxplainedbelow.

Figure 2.5 shows the role of the default statevhich acts as a more robust, flick option
for the load forecastingand its dynamic implementation in t6& SAF model We definel a new
variable—- referred toasthe autocorrelation threshgldvhich determinestavhat time steps the
prediction model switches back and forth between the neural nebasdd forecasting and the
forecasting based on the default stdtke optimal value of—was determined by a calibration
procedure based on experimef(dse next seion). As shownin Figure 2.5, at every time step,
the autocorrelatiobased algorithm is employed to select the most correlatecasagetailed
above Then, theneural network state of the CLSAF model (left patlFigure 2.5) is employed
for the onestep ahead hourlfprecastingoy the selected lagged hourly load and the exogenous
features stated earligdioweverth e r esul ti ng model output is wuse
only if the correlation of the selected lagslarger tharthe threshold— Otherwise, th&€€LSAF
mo d efil déesf statd (tigldt path ifrigure 2.5) is activated by usinthe Persistence model to
obtain the forecast for the next timstep This procedure is repeated at every time skefs
important to noteghat evenafter the initiali w a-u mtéaining over the firstveek hourly load
data,thep ar amet ers r el at ed t oandtheemos toBefatedlag atdle ur a |
updated for each timstepduring the forecastingegardless of whether the actual forecattken
fromtheCLSAFO6s neur al n et wo.THs emsures that themodel can sl a u | t
back seamlessly to the neural netwbdsed forecast whenever the correlation for the most

correlated lag is above- The exogenoufeature vectorg , the input vectork , and the

predicted hourly load> of the CLSAF modelor time step aredefinedas
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where the input vectok and the predicted hourly load have two caseJhefirst casemeans
theload is forecasteldy theneural network of the CLSAmodel.In case ongw Is the most
correlatechourly load selected by the algorithm as the autoregressive featime atep. £ is
the input vector that consists of the selected laggeddoad and the exogenotfeature vector
F attime stem, andw isthepredicted hourlyoad fortime stepd. Thesecond casmeanghat

the load is forecastetty theCL SAFO0 s def a wrkistence madella cagel twoehe | P

predicted hourly load) isequaltow  attime step.
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Figure 2.5: The flowchart of CLSAF model.

As shown inFigure 2.5, the threshold—determines which state of the forecasting model is
used at which time steps anbetefore, impastforecasing accuracy.To determinethe optimal
value of— experiments werearried out to measure the average achievedréd\dual at
apartment level (sample of randonsigiected 20 of the 59 apartments, for 3 seasons). As shown
in Figure 2.6, the best average forecasting accuracy (i.e., lowest averagesitMal) of the
CLSAF model is achieved with—= 0.64. As—increases from 0.64 to 0.9, it is increasingly
unlikely that the correlation of the selected lag is greater-thémus resulting in the default state
of the CLSAF being employed more frequently. Similarly, whes decreasing from 0.64 to 0.3,
it is increasingly likely that the correlation of theesg#kd lag is greater thas thus favoring the

neural network to produce the load forecast.0.64 was used in all subsequent analyses
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Figure 2.6: Threshold thetavs. average CVresidual of 20 samplechpartments.

2.2.4 Fast Fourier transform (FFT) to assess strength of diurnal pattern

We used frequency spectrum analysis to characterize the daily electricity load profiles, using
a Fast Fourier Transform (FFT) algorithm which uses periodicity and symtoegignificantly
reduce the computation tinfd1]. For a sequence of electricity loagsat 0 time steps, the

discrete Fourier transform (DFT) is formulated as follows:

W wQ (2.7)

where N denotes the sequence lengifo redu@ the computational complexity for a more

favorable analysis of the spectruiy. (2.7) can be written as:

A w Q 7 Qo w Q7 (2.8)

where Q miphclBH) p, andm & 0 k 0F¢ . & is the original amplitude by
transformation, in terms of the frequericy
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Once the original amplitudes for all frequenciesQ P Y p) were determined,
we used a scaling approach by standardizing the original amplitudes to generate comparable
amplitudes of specific frequencies across the 3 spatial granularities (apartment, floor, and building
levels). The standardization was formulated as follows:

(I) ‘

@ ¢ (29)

where® is the standardized amplitude of frequekcy and, are the mean and the standard
deviation of the original amplitude¥he constant C prevents negative amplitudes and was set to
0.5.In order to quantify the strength of diurnal patterns of the fwafdiles, we defined a new
variable S, as shown igg. (2.10), which is the mean value of the standardized amplituges (
(2.9)) at two specific frequencies, namely, 1 cycle per day, and 2 cycles per day:

Y — 21D
C

where® andd® are the standardized amplitudes as B@r(2.9), and'Q andQ represent the

specific frequencies dycle per day and @ycles per day, respectively.

2.2.5. Compuational resourcerequirements

The developedConvLSTM and CLASF models were run on a standard computer with Intel
(R) core (TM) 1.99GHz CPU and 16Gb of memory. The code was written in Python. No
significant computational resource or code was needed for the Persistence model as the load
forecast is nply executed by applying the previous observed hourly load. The ConvLSTM and
CLSAF models require approximately the same computational resources because the CLSAF
model is a combination of the ConvLSTM and Persistence models. The training (ppperial

for each lasted about 20 seconds, and only 0.2 seconds were required for each subsegquent time
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step for parameter updating and prediction. Therefore, a standard machine with one CPU could
easily provide the required computational power fagadlife apdication of the CLASF model in
a TEN, meaning that each next hour load could be forecasted near instantaneously as soon as the

previous time stepbs |l oad has been measured a

2.3 Results

2.3.1 The best performing odels in the study

As previously discussed, tipeincipalchallenge of load forecasting with respect to our dataset
is the large volatility of loads in individual apartments. Thus, in selecting the best performing
models, our priority was focused on thefpemance of all models in forecasting apartrienel
load data. An overall summary of apartmbvel forecasting accuracies by the 6 employed

models (4 benchmark models and two newly employed models) is providiedis2.3.

Table 2.3: Overall average C\tresidualsof apartment-level loadforecasting for all three datasets
(January, April, and July) by the 4 benchmark models and the 2 newlgmployed models.

Mo d e | n Mean va Mi ni mu Ma xi mur
Persi st 61. 2 6. 3 141. 4
SWARI MA 64. 1 6. 4 201. 5
SWETS 63.7 6. 4 188. 4
SWSVR 62.0 6. 3 162. 3
ConvLST 57.9 6. 2 131. 1
CLSAF 53. 3 5.9 115. 8

As shown inTable 2.3, the SWARIMA, SW-ETS, and SWSVR models have worse
accuracy (higher C¥esidual} than the ConvLSTM and the CLSAF models when handlieg
caseof individualapartment load forecasting. Nbtg, their accuracies are even lower than the
accuracy of the persistence model. Therefore, in the followingnaialy pay attention to the

forecasting results of the persistence model, the ConvLSTM model, and the CLSAF model.
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2.3.2CV-residuals by spatiagranularity, models, and seasons

The forecasting accuracies of the three models (the persistence, ConvLSTM, and CLSAF
models), evaluated by Ckésidual Eq. (2.1)), for all scenarios (three spatial granularities and
three seasons) are provided-igure 2.7. The forecasting accuracy varies as a function ofapati

granularity, model type, and season, as analyzed in more detail in the following sections.
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Figure 2.7: Forecasting accuracy (CVresidual, in %) of building, floor, and apartment level over
the 3 seasongzrror bars indicate the maximum and minimum CV-residuals of each group (red
and blue numbers, respectively); black numbers give the averages. The building level has only one
forecast accuracy for each model and season.

2.3.2.1 Effect of spatigjranularity on forecasting accuracy

Reviewing the results ifigure 2.7, it is easy to note that the highest average accuracy is
achieved at the buildg level (lowest CWesidual), followed by floor level and then apartment
level (highest CWresidual). To test this result for statistical significance, we carried out two

sample itests (twetailed, unequal variances).
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For the floor vs. apartment leveline such tests (Flogtan & AptJan, FlootApril & Apt -
April and FloorJul & Apt-Jul across three models) were carried out. These showed that the
average accuracies of all 9 combinations are significantly different (p<0.05), confirming that the
floor levd forecasting outperforms that at apartment level.

For the building level, no further statistical tests were carried out because our dataset only
contained one building. However, as seeRigure 2.7, the C\tresidual at the building is smaller
than even the minimum C¥ésidual of any of the floors. Consequently, the building level

produces the highest forecasting accuracy for our dataset.

2.3.2.2 Effetof model type on forecasting accuracy

As shown inFigure 2.7, the CLSAF model yields the highest average accuracy, followed by
the ConvLSTM model,rad then the Persistence model. To verify the statistical significance of this
finding for floor and apartment levglnine paired-tests (twetailed, unequal variances) were
carried out (Persistence & ConvLSTM, Persistence & CLSAF and ConvLSTM & CLSAdSsac
three seasons). The results show that the averages of all 9 combinations are significantly different
(p<0.05).

One typical example that illustrates an advantage of the CLSAF model compared to the
ConvLSTM model is shown ifrigure 2.8: When either model is confronted with a period of
vacancy in an apartment, the CLSAF model reacts to the change faster, regardless of whether the
apartment changes from occupied to vacaauf@d August 2nd ifrigure 2.8) or vice versa (after
August 10th). This is because the CLSAF model can switch its state back and forth between the
neurd network and the Persistence model, thus mitigating overfitting due to volatile load data, as

stated earlier. In contrast, the load forecasted by the ConvLSTM model shows a continuing diurnal
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variation for the full period of the vacancy, because it oigeté the prevacancy period, thus
leading to smaller forecasting accuracy.

Furthermore, as can be seerFigure 2.9 (a), the pattern of average foesting accuracy
shown inFigure 2.7 does not hold for all apartments individually. While the average&3idual
of the ConvLSTM model for all three seasons are lower than the ones of the Persistence model,
the situation is resrsed for some apartments (e.g., red circlguire 2.9 (a)). The reason is that
the ConvLSTM model sometimes loses robustness leading to overfangjustratedn the
example apartment iRigure 2.8 (which shows the observed and forecasted load profiles of the
same apartment as the drighlighted by the red circle iRigure 2.9 (a)). Overall, such possible
overfitting is avoided by the CLSAF model which outperforms both the Persgsteodel and the

ConvLSTM model, not only on average, but for every apartment, floor, building, and season,

individually.
—— QObserved hourly consumption

= —s+— Predicted hourly consumption by ConvLSTM
E Predicted hourly consumption by CLSAF
=

h=l

a

E

=]

(7]

[ =

<]

o

=

5

[s)

I

Aug 1st Aug2nd Aug 3rd Aug 4th Aug 5th Aug 6th Aug 7th Aug 8th Aug 9th Aug 10th
Date

Figure 2.8: Hourly forecasting results of the ConvLSTM and the CLSAF models for onexample
apartment from Aug 1% to Aug 10", 2019.Exact hourly load values are not shown for privacy
considerations.

2.3.2.3 Effect of season on forecasting accuracy

In addition to the abovmentioned effects, it can be noticed that, for a particularapati

granularity and model type, forecasting accuracies are considerably affected by the season, with
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July consistently exhibiting the lowest (i.e., best) averaga&3idual, followed by January, and
then April. We again used tweample {tests (two tailedynequal variances) to determine whether
the exhibited differences in forecasting accuracy caused by seasonal changes are statistically
significant. Nine pairs were set up for the floor or building level (January & April, January & July
and April & July, @ross three models). The results show that the differences in the average CV
residual of apartments [of floors] between the different seasenst statistically significanty
T8t ), owing to the large variation in each sample of 59 apartments [1LE]fland the limited
sample sizes. Consistent with that, irgraup variance of CVesidual, determined via ANOVA,
is substantially larger than intgroup variance, as evidenced Ipy (— ) 0.98 for apartments
[0.88 for floors].

Such high level of intragup variance in C\Mesiduali which is not explained by the spatial
granularity or model type points to the possible existence of other not yet identified

characteristics in each observed load profile. This will be explored in the next sections.

2.3.3 \wlatility of electricity consumption vs. forecasting accuracy

The large variations in Gyesidual inFigure 2.7 andFigure 2.9 (a) indicate different levels
of forecastingdi f fi cul tyo for di fferent apartments
underlying cheacteristic of the electric load profiles that impacted forecasting accuracy. One such
characteristic was found to be the volatility of the load data, hencefortbbG&tvation. The

definition of CV-observation is as follows:

50 v p (2.11)
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wherew is the observed hourly load at the ith time stedenotes the mean value of the observed
loads, and) is the number of the observations (here 672, for hourly o\a¢a 28 days). CV
observation can be understood as a type of normalized standard deviation and reflects a scaled
variation of electricity load. Therefore, a load profile with a larger mean value but similar absolute
standard deviation has a smaller-Gbrvation.Figure 2.9 shows the relationship between CV
observation and forecasting accuracy, along with the respective linear correlationsanessp

July was randomly chosen as the example to visualize Eugoreship. For January and April,
results are similar to those in July, namely all correlatamedbetween 0.62 and 0.69, and all p
valuesare smaller than 5&. This shows that, regardless of model type, season, or spatial
granularity, the achieved farasting accuracy is driven to a considerable extent bpldérvation

of the load profile, with prediction accuracy the higher, the loweroBservation.

The relationship between average-Gbservation and average €@¥sidual across the three
seasons is slwn in Figure 2.9 (b). July data yields the lowest averages of the two metrics, and
April data the highest. Since this is consistent with the patdfigure 2.7, this provides a likely
explanation for why the three seasons exhibit different averagesifuals: As the average €V
observation incrases from July to January and April, the average achievable forecasting accuracy
decreases accordingly. In other words, the seasonal effect on forecasting accuracy is at least

partially explained by a concurrent difference in-Ghservation between the seas.
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Figure 2.9: (a) CV-observation vs. CVfresidual, for three models and three spatial granularities
(July data). (b) Average C\tobservation by three seasons vs. respective average-@gidual.

2.3.4 Strength of diurnal patterns vs. forecast improvement

ExaminingFigure 2.9 (a) shows another effect that, however, does not seem to be easily
explaina by CV-observation: The improvement in forecasting accuracy from the Persistence
model (benchmark) to the CLSAF model varies between apartments (as well as between floors).
This led us to search for a characteristic of the load profiles that affecteccitusacy
improvement. As illustrated in Secti@2.3, the key difference between the Persistence model
and the CLSAF model is that the latter employs a featelection techniques that can extract the
core information of daily load profiles. Therefothe difference in accuracy between these two
models is likely due to how much of such dgilpfile information is present in a particular profile.

In order to investigate the extent to which the daily profiles aided higher forecasting accuracy
of the CLSAF model vs. the Persistence model, we defined a new vasiablguantify the
strength of diurnal patterns of the load profile, as defined in Methods. To illustrate graphically
which load characteristi€ is sensitive toFigure 2.10 shows the spectral analysis of two load

profiles, one with strong diurnal periodicity at the 12h and 24h mark, and one without.
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Figure 2.10: Spectral analysis of two sample apartmentsyoFFT with the standardized amplitude.
The spectrumin (a) reflects a strong diurnal pattern, evidenced in the spikes at 1 and 2 cycles per
day, respectively. The spectrum in (b) reflects few to none diurnal electricity patterns.

The improvement in forecasting accuracy, i.e., reduction irr€lual,R was defined as
follows:
v ow ow
50 212

where CViresidual is as defined in equatifi). Figure 2.11 shows the relationship between the
strength of diurnal pattes ) and the forecasting accuracy improvemeRit for all spatial
granularities and seasons.

The results demonstrate that the strength of the diurnal pattern has a statistically significant
impact on the forecasting accuracy improvement, witimgmovement of up 25% in some cases.
The apartmentevel has the smallest average improvemdRt {1%), followed by floors
(R=14%), and buildingsR = 23%). The result underlines that, as outlined in Se@i812, it is
inherently more difficult to prdict electricity load profiles whose diurnal profiles are either not
present or masked by high volatility. In contrast, a stronger diurnal pattern, which tends to me
more pronounced in the aggregated loads of an entire floor or building, facilitatefotheation
extraction and learning process executed by more complex models such as the CLASF model, thus
resulting in larger forecasting accuracy improvement for such models vs. the benchmark

Persistence model.
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Figure 2.11: Strength of diurnal pattern (S) vs. relative reduction of CVtresidual (R) from
Persistence model to CLSAF model, covering the results of 3 spatial granularities and all 3 seasons.

2.3.5 Combination of CWobservation & diurna pattern strength vs. C\fesidual

Next, we sought to understand to what extent the above two underlying characteristics (CV
observation and strength of diurnal patterns) in combination can explain the achieved forecasting
accuracy. This is shown Figure 2.12, which divides the parameter space of-Ghservation and
Sinto four areas representing four load profile categories, using the averagesobs@Wvation
andS as the area separation points. We classified all 213eSMuas obtained by the CLSAF
model (59 apartments, 11 floors, and 1 building; each for 3 sgasto the four categories
according to their corresponding e@lbservation and S.

We found that electricity load profiles with hig@and low C\tobservation yield the highest
average forecasting accuracy (i.e., lowestt€%idual). The opposite is truerfload profiles with
low S and high CVobservation. Furthermore, the effect of ©Wservation on forecasting
accuracy is stronger than that §fas seen by changes of 26 percentage points ine€dual
along the CVobservation dimension but only 8 pamntage points in th& dimension. To test for

statistical significance of these effects, we carried outdample ttests (twetailed, unequal
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variances). We found statistical significange ( 1@t p for 5 of the 6 panwise differences, and

moderate statial significancery 1@t pfor one paikwise differenceTable 2.4).
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Figure 2.12: CV-observation vs. strength of diurnal pattern §) and average CVresidual for 4 load
profile categories.

Table 2.4: Results of ttests (twatailed, unequal variance) to determine statistical significancef the
differences in average CVresidual per load profile category.

. High CV- High CV- Low CV- Low CV-
p values for corresponding _ . . .
t-test observation observation & observation & observation &
& high S low S high S low S
High CV-observation & high S N/A p=0.06 p=9e12 p=3e21
High CV-observation & low S N/A p=1e5 p=5e10
Low CV-observation & high S N/A p=2e3
Low CV-observation & low S N/A

2.4 Discussion

Our results could serve as a starting point to set up a possible dassessment method for
time-series electricityoad datasets. The method would allow users of load forecasting models to

make a preliminary assessment of the nature of a load piaefdeet, providing two benefits: (i)
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reducing the modeling complexity for some apartments; and (ii) providing confidence levels for
the predicted electricity use.

With regards to the first benefit, possible implementation steps would be as followsrtérst,
could use the previous 2fay electricity data of an apartment intended for forecasting to compute
CV-observation. Using the relationshigescribedin Figure 2.9, this would provide an
approximation for the forecasting accuracy likely achievable by even a simple Persistence model.
Second, one could use the spectral analysis det er mi ne the | oad prof |
patternS, again usinghe previous 2&lay data. Using the relationship illustrated-igure 2.12,
CV-observation and together would provide an estimate of the forecastioguracy of the
CLASF model.

As for the 2nd benefit, knowing not only the forecasted electricity use, for example for the
next hour, but also the confidence levels of the prediction (inferred frome&igfual) would allow
more sophisticated transaction schemes within the example&Mfapplications outlined in
Introduction as follows: Any such trading of electricity with others would carry riskamely
the risk of either not having enough el ectric
to honor the transaction agcet® with another user. However, the ability to evaluate how accurate
the forecast will likely be, makes these risks more manageable. For example, user A may be able
to determine that despite having committed to selling a certain number of kWh fromwheir o
storage to user B, user A can still be 90% confident to have enough electricity for themselves.
Alternatively, the transaction could be priced such that user B knows that there is a 10% risk that

user A will not be able to provide the full amount ofcaleity that they agreed on.

43



2.5 Conclusions

In this chapter first, we presenta novel ConvLSTM neural network model with selected
autoregressive features (CLSAF model) to improve sistgpahead electricity load forecasting
for three spatial granularities: apartment, floor, and building level. The CLSAF model achieves
higher foreasting accuracy (up to 25% improvement vs. the Persistence model). The CLSAF
model enables durable robustness by leveraging the advantages of its autocebhatstibn
featureselection algorithm and a moegmplification method to prevent overfitting eh
confronted with volatile load data caused by changes in resident behavior and/or temporary
absences.

Second, based on the prediction results of our rgudtnularity dataset across the three
seasons, wepresent a loagrofile-identification strategyfor two characteristics that are
statistically significantly correlated with forecasting accuracy, namelyoB3érvation and the
strength of the diurnal pattern S. These characteristics capture the load profile volatility and the
degree of learnable daifyrdfile information, respectively. The smaller @bservation and the
stronger the diurnal pattern, the higher is the forecasting accuracy the CLSAF model can achieve.
Moreover, we discuss how these conclusions can guide basic steps of a possible data pre

as®ssment method for practical load forecasting applications and the associated advantages.
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Chapter 3. COVID -19 Related Impact onResidentialLoad and

Grid Stability

The main part of this chapter [gresentedn the paper ceauthored with Prof. Christoph
Meinrenken, Prof. Vijay Modind Prof. Patricia Culligan, and published in the Journal of Energy

and Buildingg42].
3.1 Introduction
3.1.1 Background andnotivation

Since early 2020, the COVHD9 pandemic has caused a global catastrophe, impacting almost
every aspect of daily |life in most countries.
popul ation was i n Al oc k éaehvomterdersioasimiaa guidadines t y p e
This severe situation saw more than 80% of workplaces worldwide partially or fully closed,
resulting in significant economic impacts, including a global recession that might rival the Great
Depression43].

Generally, how to effectively respond to global disasters is a crucial issue for local
governments and decisianaking personnel. Energy and electricity infrastructures (from energy
supply to demand) have faced disruptions due to the C&@Ipan@mic and related shelter-
place orders that are believed to be the most severe in seven dddhdéoridwide, the partial
or complete shutdown of many commercial and social activities has substantially reduced energy
demam in 2020[43]. To investigate thehanges in electricity profiles due to the pandemic
Bahmanyar et al[45] compared the effect of different containment policies carried out by 6

European countries (Spain, Italy, Belgium, the Netherlands, Sweden, and the UK) on their
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electricity consumption during the COWII® pandemic. They found that the weekday
consumption bmost of them considerably decreased and that the consumption profiles were close
to prepandemic weekend profiles when compared to the same period in 2019.

Although the overall energy consumption during the pandemic decreased, the decrease was
driven byreduced commercial loads in large metropolitan areas such as NYC, London, or Paris,
whereas residential electricity consumption increased as many residents switched to working or
undertaking educational or other activities from h¢Atd. In addition, the shape of the residential
energy demand profile shifted, with weekday diurnal profiles resemblirRGPKD-19 weekend
diurnals[47]. Some studies showed electricity peaks disappearing during mgeritegls, with
these peaks instead shifting to noon. For example, one study reported an approximate 30% increase
in electricity use around midday in the U.K. during early April 2020, compared {pameemic
times[48]. In addition, n the NYC metropolitan area, also in early April 2020, a 23% increase
during typical working hours (9:00 am to 5:00 pm) was obse@ed

Significant changes in household eiatye use would lead to new load profildsat might
produce new challenges for the consumers and for thdmyedrly 2020many settingsf utilities
and governments allowed customers to defer payments, leading to large@astctricity bills
andtheelectricitybills in thesummer month have also been higher than-pemdemic bill§50].

Even in heating dominategeographies such as New York City, one experiences hot weather, and
during those periods the cooling demand can dominate. This need is met ttreugge of
electricity, unlike much of the heating. Hence one would expect that if residents spend more time
at home between 9 am and 5 pm on weekdays than they would have otherwise, the energy use
during that period would be higher. One way to reducedeesial summer peak load is to

incentivize behavioral modification, e.g., encouraging residents to cypbalnelectricityusage,
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such as for laundry, by shifting respective activities to other times of thitayror managing
summer peaks during global crises, such as the CE&@IPpandemid or even nationalevel
crises, such as the 2011 Japan Earthquakere factors need to be taken into account, including
how hot it gets over the summer months, and whetloee mesidents are allowed, willing or even

encouraged to return to the usual place of work/school during the aftermath of @@fisis

3.1.2 Focus and objective alis chapter

A case study is conducted to investigate Ca8eelated increases in residential electricity
usage from 2019 to 2020ased orthe electricity data recorded in the same database of -multi
family residential buildings considered in Chaptef@r the analysisbelow, we focus on two
characteristics of # electricity usage of an average apartment, (i) the electricity consumption
(kWh) on weekdays during the 8 hours from 9am to 5pm (in order to gauge how much electricity
use and commensurate financial burden shifts from commercial buildings and schti@s to
residential sector); and (ii) the hourly peak demand (Watt) on weekdays during the 5 hours between
12pm and 5pm (in order to gauge possible stress on the electricity grid when increased residential
peak demand either coincides with systeide loads obecomes larger than the substations and/
or distribution lines in residential areas were designed to handle). We develop a series of robust
predictive models and identify two key drivers of residential electricity usage, namely the severity
of the pandenaii as measured by the Covi® case load and the outdoor weiulb temperature.

By performing the Monte Carlo simulationgwhen use these models to predict electricity usage
characteristics for conditions when there is a confluence of high outdooertomes during the
summer with medium to high portions of residents working or studying from home. Such

conditions might occur if COVIEL9 stayathome orders in urban areas like NYC persist into the
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summer months or if there is widespread adoption ofvark and study from home lifestyle that
isnonpandemic related but part of a future, HAnew
how much residential summer electricity peaks might increase financial burdens for residents and

the risks of grid sess or failure.

3.2 Data and methods

3.2.1 Dataset for apartmerlevel electricity usage

3.2.1.1Electricity related to heating and cooling

In thiswork, the sameelectricitydatabase diFRED consideredn Chapter 4s used which
covess 390 apartments ranging in size from studios-teedroom unit$37]. The heating in 89%
of the apartments is supplied centrally (burning natural gas and distributed within building, using
steam or hot water), whereas the anditioning is supplied by personal appliances that are
commonly the window air conditioners mounted on windows or walls using electricity. Therefore,
heating in most apartments does not contribut
for heatng blankets or space heaters) but air conditioning does. The other 11% of apartments are
equipped with different forms of packaged terminal air conditioners (PTACS), with the majority
of the cooling and heating s uppric loadddoes roht r al |
materially contri but e dTheredone, tlzepastmbajonty of aparsnerdgsl e c t
in our dataset exhibit higher electricity use during the summer, depending on weather conditions,
especially temperature. In contraiste electricity usage during the winter and shoulder seasons
depends much less on the weatk@r. analysiswe usd the incremental electricity consumption
(kwh) from one hour to the next from January 1st to August 31st of both 2019 and 2020. The 2019

and2020 data were compared to reveal modified diurnal shapes and increases in both consumption
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(kwh) and peak demand (Watt) due to the effects ofatlipme conditions during the pandemic

in 2020.

3.2.1.2 Removing vacant apartments from dataset

Before analyzing the overall daily electricity use of apartments, we sought to eliminate the
impact of uninhabited apartments on average electricity consumption. Therefore, apartments that
were not occupied for a |l ongtmemited)ofwetrieme e
the dataset.

To robustly identify vacant apartments, a threshblibr the Emonth average load of an
individual apartment was set at 1.067 Watts per square mete\Wime value was determined
for the average size of studiaad onebedroom apartments of our dataset, which usually have a
minimum consumption of 70 Watt that consists of a refrigerator (~50 Watt) plus ~20 Watt for a
router/WiFi and other electronics in standby motlee electrical consumption of refrigeratoms i
the vacant apartments can vary considerably with the changes of climate contihienefore,
such a definition of the threshold does not consider the additional load caused by weather condition
changes, and the 1.067 W/threshold thereby should belpapplicable in the shoulder seasons,
and thus was used for April only. To determine the thresholds suitable for identifying vacant
apartments in other months, the April value was scaled in proportion to the typical electricity

consumption of all 390 apanents in the respective month, as follows:

Y Y — (3.2)

whereY s the April threshold (1.067 WAy “Y is the threshold of any month, add

ando are the baseline consumptions, defined as thedweeaged apartment electricity load

during April and the targeted month, respectively.
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By the defined threshold, the numbers of identife@porarily vacant apartments from Jan.
to Aug. in 2019 and 2020 are computed and shown separatéigure 3.1. One can easily
observe that an increa# the number occurs after February 2020, probably due to the outbreak
of the pandemic in NYC, which prompted some residents to move out of their apartments
temporarily. Inorderto maximize consistency between the 2019 and 2020 datasets (i.e., same
apatments in both years), an apartment was removed from both datasets whether it was deemed
vacant in 2019, in 2020, or both. Based on this approach, 84 vacant apartments were removed from

the 2019 and 2020 data, leaving 306 apartments for all subsequgsteanal
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Figure 3.1: Numbers of identified vacant apartments from Jan to Aug in 2019 and 2020

3.2.1.3 Electricity consumption baseline adjustment for 2020 data

Electricity consumption in the 306 apartments might have changed from 2019 to 2020 for
reasons other than the pandemic. This effect was accounted for via a baseline adjustment. Since
the residentsdéd work and study March2G20 anwards,t ar t e
the electricity data from Jan.ilFeb. 292020was not yet impacted by the pandemic. Therefore,

this period was chosen as a benchmark to reveal any difference in eleas&ligselines between
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2019 and 2020. The average usage m Udeb. 2020 was 2.0% lower than during JaReb.

2019. One possible reason could be the adoption of more egigiggnt devices such as LED

light bulbs or electronics with lower staig power consumptiorl.o show that the difference of

the electridy-use baseline between 2019 and 2020 is not due to weather conditions, especially the
temperature that is the key factor impacting electricity demand, we investigated the average
monthly electricity consumption and the average daily-lwdth temperatureni Jan. and Feb. of

2018, 2019 and 2020, These are shownhahble 3.1 for each year. One can observe that although

the average temperature in Jafreb. of 2019 is 0.2C and 2.4C lower than the ones in 2018 and
2020, respectively, it is the monthly electricity consumption inJ&eb. of 2018 that stands the
highest, about 2.2% larger than the one in 2019, indicating that the weather congitairaldy

not the key factor leading to the decrease of the electdoitigumption baseline in Jan. and Feb.

of 2020. Therefore, to show the difference between the electricity diurnals and use of the two years
more accurately, thRourto-hour electricityconsumption for 2020 was increased by 2.0%. All
subsequent analyses, results, and figurdsis chaptereflect the 2020 data after this adjustment.

Table 3.1: The monthly electricity consumption and averagedaily wet-bulb temperature in Jan.
and Feb. of 20182019, and 2020.
January February
Monthly electricity Monthly electricity

Years consumption Averagedaily consumption Average daily
O (0]
(kWh) temperature®C) (kWh) temperature®C)
2018 260.91 2.1 231.21 3.5
2019 254.30 -2.3 226.92 -0.1
2020 249.65 0.1 221.89 2.5
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3.2.2 Choice of relevant factors and timeindows of interest

3.2.2.1 Preliminary analysis of factors driving residential electricity usage patterns

In order to analyze in whaime-windows the residential electricity usage has changed most
significantly due to the pandemic in 2020, an electrditynal analysis was carried out. For
brevity, we henceforth refer t ostaydtleo ne mege bef ¢
and the ti mes @afhtoente 0t hpaetr iaosd .t he fAst ay

First, it can be noted fromigure 3.2 (a) that there are shifts in demand during the nman
hours on weekday®uring the pe-stayathomeperiod the earlymorning load ramjup staréd
at about 6.00am and peaked at 8.30am, followed by a decline, with no secongprantp the
early evening. In contrast, staghome usage exhildtia smooher rampup that stagd between
6.00am and 6.30am, reaththe height of the pretayat-home morning demand peak only at
9.00am, and then contired to increase through the morning and early afternoon.

Regarding electricity usé&igure 3.2 (a) shows that, overall, 2020 weekday electricity usage
of apartments (24h) shows a more significant increase (7% increase) versus 2019 use than on
weekends (4% increase). These increases became more pronounced once advancing into warmer
weather in July, wherthe increase in 24h weekdase above 2019 reached 13%, probably due
to higher loads from aiconditioners FFigure 3.2 (b)).

Studies for commercidduildings in the U.S. have shown that their principal electricity use is
mostly concentrated in the worktime period (usual@n® 5 pm) on weekdaygb2]. Focusing on
the same time window in the residential sector, when masidents would usually be at
work/school or otherwise outside of their homes, the-atdqpme usage increases are even larger
than over the 24h period: Comparing 2020 to 2019 usage duamgt® 5pm, one can see a 22%

increase in average electricityeus early April and an even larger increase of 27% in early July.
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Figure 3.3 shows the overall trends in the-Bdurelectricity-use and $hourelectricity-use
(9amd 5 pm) as percentage increases from 2019 to 2020, over the same period ofl Janglst
31st. Percentage increases in the hourly peak demand on weekdays betweendl3pm are
also shown (see rationale 8ection 3.2.2.3). It can be observed that the three characteristics,
especially the hourly peak demand between 12pm and 5pm anehthe &lectricity use, are
correlated with two metrics, i.e., the outdoor Avatb temperature and the number of new
confirmed Covidl9 cases in every month: During the styome period, the pandemic led to
significant increases in residential electricity use, even when temperatures had not yet reached
levels where air conditioning waequired. These increases were therefore most likely due to an
increased use of lights, appliances for food preparation, computers, and entertainment systems
because more residents worked/studied from home. Once entering Phase 1 of the gradual
reopening,new daily Covidl9 cases in NYC were declining, and the portion of residents
remaining in their homes during the day was likely declining as [4@]l However, due to the
higher outdoor temperatures now requiring increasetingploads, the $our electricity usage
exhibits a notable further increase during the summertime in 2020.

In summary, both the outdoor temperature and Ga9idases should be considered when

explaining differences in electricity usage between 20122880.
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Figure 3.2: (a) Stay-at-home and prestay-at-home electricity diurnals of one week in early April of

2019 and 2020, respectively. (b) Same for one week in July.
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Figure 3.3: (a) Increases in 24hour-use, 8hour-use, and 5hour peak-demand (weekdays) between
2019 and 2020, by month. (b) Total monthly new confirmed Cowvid9 cases in NYC in 2020, by
month. (c) Average monthly wetbulb temperature in 2019 and 2020, by month.
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3.2.22 Choice and rationale for time windows and electricity metrics of interest

Based on the observationsS$action3.2.2.1, for the remaining analyses, we therefore focus
on the following two characteristics of electricityage, which capture different time windows
and different electricity metrics:

(i) Average pefapartment electricity consumption (kwh) cumulatively from 9am to 5pm on
a given weekday, f or -bourelsciridityyu seelos o Trhd fe@d inwaesd atnc
order to gauge the electricity usage (and associated costs) that can shift from the commercial sector
(such as office buildings and scltholme) tamndt lbe
A wofrolm-homeo guidelines.

(i) Hourly peak derand (Watt) for an average apartment at any time between 12pm to 5pm
on a given weekday, defined ahlour r esol uti on, f or -hdurpeak i t y al
demando. APeak demando was defined as tehe hi gt
any two consecutive full hours in the time window of interest. To establish these, first, the hourly
average Watts between-1pm, 2 p m, é-5pmronl a given day were determined, and then
t h ehodrpeakd e mando on t hat day unvafthese fave leoarly valmesb e t h
The peak demand during full or partial seyhome orders was further compared to the highest
ever hourly residential peak in a-pandemic condition in 2019. This peak typically occurs in the
evenings of hot/humid days.h& comparison was carried out in order to gauge whether the
increased afternoon peak demand during widesprea@skmme conditions could lead to black
outs or browrouts of the local substations and distribution system in predominantly residential

regions of a city (because the demand is larger than what the system was designed to handle)
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3.2.3Model components and calibration

3.2.3.1 Model inputs and outputs

Previous work on electricity usage forecasting for households has shown that outside
temperature is the strongest factor driving electricity demand in the residential $&oe cooling
systems of the targeted households, as in our case study, comprise electrical air cor{8itijoners
Regarding the specific type of temperature, previous work has showvettiailb temperatures
a better predictor for residential cooling loads tharlirfp temperature, as the former captures
both temperature and humidiB1]. Therefore, we chose wbtlb temperature (hencefoNkBT)
as our first independent factéor modeling. WBT was available at approximately hourly time
resolution, typically with a data point available near the full hour (National Oceanic and
Atmospheric Association (NOAA); Central Part weather station in NYC). In the models, as the
predictor for the 9amb5pm electricity use, the 9abpm averagdVBT (WBToamspm) Was then
determined by averaging tha#@BTsfrom 9am to 5pm. Similarly, the predictor for the 12ppm
peak demand is the average of the 6 temperatures from 12pm t&\&hRrdmspn).

Next, a #day movingaverage of daily new confirmed Covi® cases (henceforBCCavg7pay
in NYC was used as another independent factor in the regression models. Specifically, for any day
for which the electricity consumption was modeled, the factor waavitrage of th® CCavg7pay
of the previous 7 days, which was obtained from the NYC Department of Health and Mental
Hygiene.The previousstudyin [44] has shown that due to the implementation of the -tatd
stayathome orers after the pandemic, the increased rates of the Q@vabnfirmed cases and
time spent at home have a positive correlation of 0.526 (95% confidence intervali0O(XQ0R
Obviously, the implementation of the sheliesplace restrictions with the laegcale home

guarantine, can result in a surge of electricity demand due to more cooking (microwave) and
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working (lights, airconditioners, etc.) at home by residents. Therefore, the daily confirmed cases
can be another key factor impacting electricity dadh as it reflects the probability that residents

stay at home vs. not (whether out of caution, in response twwgityd e gui del i-ates of
homeo orders, or both).

As described irsection3.2.1, most apartments in our dataset consume more electricity in the
summer when air conditioners are used, whereas consumption during winter depends only
marginally on the weather. Therefore, we developed separate models for times when cooling is
not requiredand times when cooling is required. The threshold temperaturebyty for
requiring cooling versus not in NYC is commonly 18.320]. SinceWBT was chosen as the
predictor in thiswork, we converted 18.3°C into its approxita respectiv&VBT by using the
average of all hourly NOAAeportedWBTs measured at times of 18:28.34°C in 2019 and

2020. The thus obtainafBTthreshold YWBTirest is 13.8°C.

3.2.32 Model structure and rationale

Separate models were devised to fastdhe &ourelectricity-use on one hand and the 5
hourpeakdemand on the other. Each model was further differentiated into-@aedeéls, one for
cooling times and one for naooling times, thus yielding a total of 4 separate models.

Inputs, logical fow, and outputs of the 4 models are summarizdeignre 3.4. Each of the
four models follows two basic steps to predict the electricity usage characteristics durag stay
home behavior. In step one, the electricity usage data observed in 2018 iis oer to model
the two usage characteristics as a functioNV&T only. This reflects the usage characteristics
under a non stagt-home scenario. In step two, the difference between the observed 2020 usage
(observed at a certaWBTandDCCavg7pay and the nompandemic 2019 usage (modeled for the

sameWBT) is used to devise models to predict the -stllyomerelated increase in electricity
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usage. As will be showbelow, this increase is a function @CCavg7pay and, for outdoor
temperatures where daotg is required, also a function of the aver&gBT observed in the daily
particular time window for which the electricity usage is predicted.

Note that for the modelingn this case instead of more complex methods such as neural
networks, we opted fdraditional multifactor regression models in order to retain transparency
of the mathematical relationships. This approach was chosen in particular to retain robustness of
the models when predicting electricity usage for parameter rand@S @fvg7payand WBT that
had not been observed (s8ection3.2.4). The optimization of coefficients was carried out
stepwise: The coefficients for modeling 2019 data and for the single factor transformations were
optimized first, and these coefficients were therd leginstant in the subsequenta2tor linear
regressions. The stepise optimization of coefficients minimizes the degrees of freedom in each
modeling step and thus further reduces any risk of overfitting. Coefficients in all regression models
were choseto minimize the mean squared errors between the observed and the ndatkeled

In keeping with this &tep process, the sections below are therefore organized as follows:
Section3.2.3.3 illustrates the broad relationship betwa¥BT and the &ourelectricity-use,
including the impact of stagt-home conditions from 2019 to 2020. Sect®3.4 illustrates the
same for the Hourpeakdemand. Based on these impa@sctions3.2.3.5 and3.2.3.6 then
illustrate the details of the modeling process for tHeo8relectricityuse and Sourpeak
demand, by employing singfactor analysis, log and exponential factor transformations, and
multi-factor linear regression. Secti8r2.4 provides the equations for combining these models to
forecast the $ourelecticity-use and Sourpeakdemand under a potential future scenario of
widespread stagt-home conditions that also coincide with warm weather. Se8tih provides

the evaluation metric for the model sd predict
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9am-5pm average
wet-bulb temperature
> WBTinresh?

l Yes

No

12pm-5pm average
wet-bulb temperature
> WBTihresh?

Use Eq. 3.3 to get the modeled 8-
hour electricity use in 2019 for the
case that cooling is required

Use Eq. 3.2 to get the modeled 8-
hour electricity use in 2019 for the
case that no cooling is required.

Use Eq. 3.5 to get the modeled 5-
hour peak demand in 2019 for the
case that cooling is required

Use Eq. 3.4 to get the modeled 5-
hour peak demand in 2019 for the
case that no cooling is required.

I

l

|

!

Use Egs. 3.6, 3.8,3.9,and 3.10to
predict the 8-hour electricity use in
2020 for the case that cooling is
required.

Use Eqgs. 3.6 and 3.7 to predict
the 8-hour electricity use in 2020
for the case that no cooling is
required

Use Egs. 3.11, 3.13, 3.14, and
3.15 to predict the 5-hour peak
demand in 2020 for the case that
cooling is required.

Use Eqgs. 3.11 and 3.12 to predict
the 5-hour peak demandin 2020
for the case that no cooling is
required

|

Forecast the future possible 8-
hour electricity use by Eq. 3.10
and Monte Carlo simulation
under the assumed conditions
in Section 3.2.4.

I

Forecast the future possible 5-

hour peak demand by Eq. 3.15

and Monte Carlo simulation

under the assumed conditions
in Section3.2.4.

Figure 3.4: Flowcharts of the forecast models for weekday-8our-electricity-use (in kwh per
average, occupied apartment; left) and $our-peak-demand (in Watt per average, occupied
apartment; right).

3.2.3.3 Modeling 2019 usage: 9aépm(8-hour) weekday electricityse
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32. lheating in most apartment sodedoeecst rn octi tcyo nutsraigl
for hebankegts or space heaters) but air con:

consumption does not vary significantly with

range (no cooling required) and iemplaegpentdi hgt s
fit is defined as foll ows:

W a Q (3.3
whebe is the foeadiecttlmdecditny Q&Y 9, iasmmdasdadabove.

andare the two coefficients of fiéa)eex psrearntsi a
case where coolWBWJgspihsargeWwddhhalas .(8AQ@).),.

As s emgue3i50 a)n(dd) t-inewBe c tursieciitny 2020, both for
required and not, shows <considerable increas:

di scuxns eSde3@t1286peci fically, Figue 36 @aot)hfaitndd ufrri oarg |

temperature periods (below ~5AC) rhotaileer cet riisc intoy
use of the two years. That I sOUbD%izdarmrde miwae t h
thus the astsmme adoeemrddisttiagons, only started at th

weat her (above ~5AC) -ha#iea etursiec iatfyit heet wocgent
by black arrfdws)kencaenditsheiss ekip o n eWiB fin deldd3y. 8fACr) .t
This indicates that, -athwmeng oinlde t 8 o mme il teidme ,0
increaseshowhedthreiec8itry 2020 due to the dominse
tempat ur e, DGO highdo wdehcreased at that ti me anc
of -ahaye guidelines, pr esfeamabl grl féaadggeari nr, e stihdi esn

consistent with t HBe22(egsara3d33 . shown i n Section
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Figure 3.5: Weekday 8hour apartment electricity usage vsWBT. in 2019 and 2020.

3.2.3.4Modeling 2019 usage: 12pBpm (5hour) weekday demand peaks

A linear regression and an WBXpavree ret isalt rmeqgrt

t hehopealemand in 2019 (Fig. 8), as foll ows:

) Qw6"Y o) (3.4
@ 00 (3.5)
wh eb&Y is as defwinedsaldwee-moyehdeda® d,

Man@are the coefficients of tih(@a nfo gd eerscsti e nt. h A
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5hopredalemand i s even more sensitive to temper e
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Figure 3.6: Weekday 5hour apartment peak demand vsWBT. in 2019 and 2020.

3.2.3.5 Predicting increases in usage: 3&pm (8hour) weekday electricityse

Next, we carried-fascton sealgsenftocindéet i f
i ncr ease i-hno-aw eeecktdraigc i @9yp m) fr9mt 02020 as a f

WBJasp@a NRIC®yg7payAS motSe vtal3lehll tme i ncrease was de

@) &) @) (3.6)
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wheoe denotes the iI-mcewlecactarsiecoiftrypome 2819 to 2
determined as the differemnce baentdweere tnhoed ed besde

2 0 19 ( mode  lWBdH.dp@mbser ved &enctdPo2® hep saTper scrif
Ai(omMmi(ddenote the two cases of no cooling reqg
required ( N=6,7 roebsspeercvtaitvieolnys.

Through the singkéactor analysis shown iRigure 3.7 (a), one can find that the increase in
8-hourelectricity-use is logarithmically impacted WyCCavg7pay AS seen irFigure 3.6 (b), the
increase resembles a step functioM&3T rises. However, the step is most likely not principally
caused by th&/BT change but rather by stay-home conditionsFigure 3.5 (c) shows that the
average increase that corresponds to IaBIT s(around-6.7°Ci 4.5°C) is zero (open blue circles
in Figure 3.7 (b)). These lowelWBTscorrespond to the period pstayathome (before the
pandemic) from January to February 2020. WhenMBd reaches about 5°C, the increase-in 8
hourelectricity-use is higher (solid blue circles Figure 3.7 (b)), but there are no additional
noticeable &nds as a function of further increas\iW@T. Therefore, we set the dependence of the
increase in &ourelectricitruse onWBT to zero. For temperatures when cooling was not

required, the finategression model was thus defined as follows:

L., W I g0 0D T s
azRSt wmY (3.7
whebe denotes t he pr echiocetleedc tursiegictaysd enotelset &e

predi-coefll e 8tursiec iithygad2Mdy@r e the two coefficient
The corresponding statistical me t Table3a ndnd mc

Table36, respectively.
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Figure 3.7: (a) Increase in weekday hour-electricity-use (9 ami 5 pm) vs.DCCavg7payin NYC. (b)
Same VSWBToamspm.

We first analyzed the relationship between theho8relectricity-useincrease and
o® . As shown inFigure 3.8 ( a the data again shows a roughly logarithmic trend.

Therefore, to maximize the forecasting accuracy of the subsequent regression model, a logarithmic

transformation for th®© &@ was implemented, as follows:
08 G Ow a0 & ht (3.8)
wheO® as abo®® andenotes its transformatio

subsequent r eogarnedsagieont hmodedd.heomb ki mumnbper at ¢
38sets a zero floor to avoid negative predict

As sekgnre38n a) t he dmmlacydd mi c dobean snfodr nmeatticohn
observations ideally, for theOd&olliomwi Ng§Crleado
decreased substantiall y.emblirsatlue dchsaoilwthdetar ift @it
use is |l argely affected by cooling as displ ay
i rFigure 38 (a) the observations at high temperatul
(0] ¢s} . Howev®®, whver e higher earlier that yea
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points highlightedcHggre 38 & ) htleartpke esaccluindat hWet

and the co-hpes paehudsiec gtthgus had not reached
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tt

S

Thig€omnéirms ourSeob3F2en2v atthiaotn tihne f i nal regressi

electricity use -atuomergc avi dlietsiporesa @dbsstapanadnsi de

WB T

As for the relationship betWWBdrgore3d 7 d)lrecavsse s

an approximately exponential relationship.
WBT as foll ows:

w6"Y 0Q (3.9)
wherew 6"Y in 2020 is as above, and6"Y is its exponential transformation to

be used in the subsequent linear regressiorand & are the two coefficients. The two
transformed variable® & andw 6"Y were then used as the two independent

variables in a twdactor linear regression model for predicting thdiruseincrease when

cooling is rguired, as follows:

.. W (0] ¢)) w0o"Y
azrot Oy el Ie (31D
wherew denotes the pr ehdoiitedtursiacciitayadle nbh e 8
predi-ftdw®ide 8 tursiec ii tiOy®2 0 2 Candw 6Y are as defined above, and

T 8,1 g, andl g are the three coefficients of thefator linear regression model, whose

statistical metrics and modeling performance are showialnte 3.3 andTable 3.6, respectively.
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Figure 3.8: (a) Increase in weekday &our-electricity-use (9ami 5pm) vs.DCCavg7pay (b) Same vs.
WBTeam5pm. All data points are for times when cooling is required during Jari Aug.

3.2.3.6 Predictingincreases irusage: 12pabpm (5hour) weekdapeak demarsl

Next, we used similar methods to analyze and forecast the weeluay-peakdemand
(12pmi 5pm) as a function of the two factoM/BTi2pmspm and DCCavg7pay. The increase was

defined as follows:

@ @ @ (311

wheoe denotes the i-mcpreaemandf ftom 5019 to

deter mi ned as t he di fference bebweeand hehe®bs

model ed peak demaghodael €D 10 r WBHH &p rbessepr ved i n
2020 :;Seste3e®20.n3. 2) heAgaipreyr stcri pts Aa(i)o or A(Cii)
cooling required (N=105 observations) and cooling required (N=69 observations), respectively.

For DCCavg7pay Figure 3.9 (a) reveals an approximately logarithmic trend, similar to the one
for increases in-Bourelectricity-use inFigure 3.7 (a). The relationship withWBTi2pmspmShown
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in Figure 3.8 (b) is similar to a step function, as above. Therefore, we chose again to set the

dependence of the increases ihdurpeakdemand otWBTi2pmspmt0 zero. The final model is as

follows:
L. W I g €E0® I 8
azRSt oY , ,
W W W
wherew denotes the

t hepr ediSGiogd ale mand

(312

predhacywredle maode aaaedde o ttehse 5

ifng an@a@&@re th

e t wo coeffic

. . , erer ..
l ogarithmic re@@®essiien amoadloveandhe correspon
and model ing per fTabte@éaanciebleds, e relspwrectiivel y.
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Figure 3.9: (a) Increase in weekday shour-peak-demand (12 pmi 5 pm) vs.CDDavg7pay (b) Same
vs. WBT12pmspm. Data points are for times when cooling is not required.

The relationships for increases ihburpeakdemand irFigure 3.10 are similar to what we
described for the increases hin8ur-electricity-use: (i) When cooling is required, only considering
(0] ¢s} is not sufficient to predict the increases. Instead, the impabtBifi2pmspm Must be

considered as well; (i)la 0 g a r ant éxponeatial transformation can be used to maximize the
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forecasting accuracy of the subsequent linear regression model. Toretfacsformations were

as follows:
(0)¢)) & & wd §08 oht (31 B
wo"Y QQ 31 %
where'O @ [0)¢)) oY ando’y are as dedjned a
®©,Q , aade the coefficients of the | og and ex

oper at o313i nsedgs. a zero floor Hhersutheequeamtsfoe

model does not yield negative predicted value
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Figure 3.10: (a) Increase in weekday Sour-peak-demand (12 pmi 5 pm) vs.CDDavg7pay (b) Same
vs. WBT12pmspm. Data points are fortimes when cooling is required.

Next, the two transformed variablé® @ and w 0"Y were used as

independent variables in a tvfactor linear regression model to forecast the increasehmub

peakdemand, as follos:
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where,w denotes the predhocymale mandoe aabeddeinno ttehse 5

t he pr éendbipeetabldman d 1 g1 2 @n@f0g. are the three coefficients of the 2
factor linear regression model, whose statistical metrics and modeling performance are shown in

Table 3.5 andTable 3.6, respectively.

3.2.4 Monte Carlo simulation for possiblextremefuture scenario

Our ultimate objective is to predict the possible valueslod@-electricity-use and Hour
peakdemand in the future, if widespread styhome behavior (due to a worsening pandemic or
other reasons) and warm weather were to coincide in NYC. We ahssuilation for this rather
than the directly observed data itself, for the following reason: In 2020, NYC did not experience a
scenario when highCCavg7paycoincided with highVBT. Rather, in April, when the daily case
numbers were at their highest, WBTin NYC was still below the value &VBTiresh, and air
conditioning did not yet take place at any material rate. WN&T rose in June and July, the
impacts of the pandemic in NYC had eased, and people were no longer required to comply with
the stayat-home guidelines (known as phase one and phase two reopening). There is therefore no
directly observable electricity usablC€wgaat a f ot
(and thus a high portion of residents working/studying from home)bir@md with high
temperatures.

For such a prediction, we extracted those observed values of the two pre@Q0xsg(pay
andWBT) that met the assumed conditions separately and recombined them to create a new dataset

via simulation, as follows: We seledtenly the subset of observedCCavg7paythat were greater
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than half of its JarDec. 2020 maximum (i.e., greater than 2,651) and onlyAB& that were

greater thaWBTiresh Then, in a Monte Carlo simulatioB9], we randomly sampled 1,000 times

from the two extracted subsets to generate a new set of predictive factors consisting of 1,000 pairs
of data (each pair with one value DCCavg7payand one value fowBT). The simulated factors

were then used in E3.10) and Eq.(3.15) to predict the corresponding 1,000 predictions for 8

hourelectrcity-usage (kWh) and the 1,000 predictions fdrdurpeakdemand (Watt).

3.2.5 Evaluation metric for prediction accuracy

In order to assess the prediction accuracy of the four models (ModBl ve compared the
predicted values of the-l®urelectricity-use and $ourpeakdemand to the respective values
observed in 2020 using the commohnietric (coefficient of determination):

) B W
Y p —D—— Blp
B W W

wherew is the observed -Bourelectricityuse or 5Shourpeakdemand in 2020, and is the
corresponding predicted value, and the corresponding evaluation results of the four models are
shown inTable 3.6. It should be noted that the? Results inFigure 3.5-Figure 3.10 are the
intermediary evaluation results of the sinfpetor regressionseeded in the stepwise modeling

process, which do not reflect the accuracies of the four models as evaluated®¥axq.

3.3 Results

3.3.1 Model calibration andorediction accuracy

As outlined in the sectioaf Data and Methodsve used a set of four models to predict the

two electricity usage characteristics we focused on indase (i) The cumulative 9arbpm
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electricity usage (in kwh) for the averagg ar t ment on we ehodralgctsicit{ hen c e f
useo); and (ii) the highest hourly peak deman
12pm5 p m ( h e n eheufFpeakd é mafinsd 0 ) . The two independent
prediction areif the 7day rolling average of daily confirmed Covi® case numbers in NYC

prior to the day of observed electricity u¥Cavg7pay; and (ii) the outdoowBTaveraged over

the respective time window on the day of observed electricity\iB&gamspm Or WBTi2pmspm.

Specifically, Model 2 and Model 1 predict then8urelectricity-use, separately for the two
cases when cooling is required or not, respectively. Model 4 and Model 3 predidtahedeak
demand for the same two cases. The regression derffi@and their 95% confidence intervals for
all models are provided ihable 3.2-Table 3.5. Figure 3.11 displays the predicteaind observed
8-hour-electricity-use and Hourpeakdemand in 2020. The prediction accuracies, assessed as R
separately for each of the four models, are showrabie 3.6.

Overall, the models enable robust predictions of the two electricity usage characteristics in
2020, with R from 0.56 to 0.84 Table 3.6). However, differences in accuracy between the 4
models exist. The prediction accuracy is higher at higher temperatuvéB$ 13.8°C (R of
0.84 and 0.80 for Models 2 and 4) than the accuracy at smaller temperatures when no air
conditioning is required (Rof 0.57 and 0.56 for Models 1 and 3). The more accurate regime is
key to determining whether there are potential challenges and dslelefctricity grids (see
Conclusions). Another, but less pronounced difference is that, within the high temperature regime,
the model to predict thelBourelectricity-use (R=0.84 for Model 2) is moderately more accurate
than the model for the-Bourpe&-demand (R=0.80 for Model 4). This is also reflected in the
narrower 95% confidence intervals of the respective model coefficients. It is possibly due to more

volatile/idiosyncratic cooling loads during the summertime. For the conclusions of this paper
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(Section3.4), they are reached by the results of the Model 2 and Model 4 (theéemgierature
case that cooling is required), which have promising accuracy with 4teé ®84 and 0.80,
respectively.

Table 3.2: Coefficients for Model 1 (prediction of the 8hour-electricity-use when cooling is not
required). 95% confidence intervals of the coefficients are reported in parentheses.

a a Ts T8

-0.019 2.535 0. 0614 3.828
Result (0. 022, (2.513 (0. 05! (1.40!

-0.016) 2.557) 0.069 6.248
pval ue 4 . 1058e 2 . 3160e 2. 241 e 7 . 586 e

Table 3.3: Coefficients for Model 2 (prediction of the 8hour-electricity-use when cooling is
required.). 95% confidence intervals of the coefficients are reported in parentheses.

a a W W ® [4) T s T g T s
0.620.08 1.37-6.9¢€0.130.10-1.150.971.05
Resu (0.4(0.0 (0.9(9.7.-(0.0(0.0(L.41(0.8(0. 8
0.800.10 1.84-4.250.290.15-0.8¢€1.111. 214
p va 3. 152 4, 1113 7. 256 1. 142 8. 545 3. 284 3. 989 8. 295 6. 194

Table 3.4: Coefficients for Model 3 (prediction of the5-hour-peak-demand when cooling is not
required.). 95% confidence intervals of the coefficients are reported in parentheses.

Q Q

T8
-3.578 337.6 13.17 3.556
Resul t ¢ (4. 168, (333.5 (12.11 (1. 282
-2.988) 341.6) 14.24) 5.830)
p value 4 . 868 e 2. Flle 3. 1Re 4. 17l e

Table 3.5: Coefficients for Model 4 (prediction of the Shour-peak-demand when cooling is
required.). 95% confidence intervals of the coefficients are reported iparentheses.

Q Q W ) Q Q I8 I 8 I

81.38 0.088 212.9 -1030 6.426 0.1678 -248.9 1.0963 0.9969
Results (57.86, (0.075, (93.94, (-1743, (9.711, (0.1123, (-305.1, (0.8973, (1.1196,

104.9) 0.102) 331.8) -325.6) 3.451) 0.2233) -192.7) 1.2953) 0.8742)
pvalues 6.72e5 1.19e12 9.61le4 4.47e5 3.75e3 7.22e4 3.58e5 6.64e7 1.77ell
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Table 3.6: Model accuracy determined from the observed and predicted-Bour-electricity-use and
5-hour-peak-demand in 2020. N denotes the number of data points for eaci? Ratistic.

Model-hdur Model-h@ur Model-hd&ur Model-hadu
el ectursieciwti- el ectursieciwi pedlle mand ' pedal man
cooling cooling cooling wiht cool
R? 0.57 0. 84 0. 56 0.80
N 107 67 105 69
(a) (b)
8 1300 ¢
= . [ Obsewatfun Vs, pred\ct!un !f no cpulmg required ]
E , S 1200 ;):hxservalmn vs. prediction if cooling required
S Q 1100t
S 8
- 6 c 1000 |
g’ E 900 |
> 5 E
S S 800}
;E . % 700 |
§ 3 600
33 g 500
o o
_§ Observation vs. prediction if no cooling required % 400
'8 2 Observation vs. prediction if cooling required [
a ¥=x o 300
1 200 " " " " N " " " " " )
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Observed 8-hour electricity use in 2020 (kWh) Observed 5-hour peak demand in 2020 (W)

Figure 3.11: Model performance. (a) Observed vs. predicted-Bour-electricity-usage in 2020. (b)
Same for 5hour-peak-demand.

3.3.2 Forecasting the two usage characteristics in a hypothetical future scenario

Finally, the models were applied to predict the possik@@-electricity-use and Sour
peakdemand in a scenario in which both warm weather and widespreaal-siaye behaor i
due to (for example) a renewed, severe level of the pandemight coincide in NYC or similar
metropolitan areas in the future. As shown in the preliminary analySesiion3.2.2, there are
no observediata points for the combined condition,ev@WBTis larger thanWBTinresh (13.8°C)
andDCCavg7payis larger than 2,651 (half of the maximi@Cavg7payobserved in JarAug. 2020).
For such a scenario, the Monte Carlo simulatisec{ion3.24) was employed to generate new

data satisfying the respective conditions, and there are two main advantages for using such an
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approach. First, when it comes to the two predictors for the hypothetical scenario, naméfthe
larger thanWBTnresh and theDCCavg7paylarger than 2651, both of them do not follow a normal
distribution by referring the results of the Kolmogoi®mirnov (k-S) tes{53] (both generate the
p-value smaller than 0.05, which rejects the null hypotheaigtie statistical distribution is same
as Gaussian.). Therefore, a Monte Carlo simulation is likely to generate more realistic data for the
two predictors, instead of simply using the averages of the two for prediction, so as to obtain a
more reliable rage of the forecasting results instead of a single predicted value. In addition, as the
Model 2 and 4, developed through the logarithm and exponential transformations/itB Tlaed
DCCavg7payare nonlinear, a more realistic dataset produced by the Marte Simulation can
take into account the nonlinear relationship between the two predictors and the increases, which
thereby enables more accurate forecasting for the hypothetical scenario.

The corresponding predicted futypessible 8hourelectricity-useand 5hourpeakdemands
are shown inTable 3.7. The Monte Carlo simulations show that, for the average, occupied
apartment, the -8ourelectricityyuse and Shourpeakdemand are likely to be 7.8638.21 kWh
and 1218 1369 Watts, respectively. Note that this is an estimate spanning a range of conditions
whereWBT s larger than 13%€ andDCCavg7payiS larger than 2,651. As seenhkigure 3.6, the
highest observed-Bourelectricity-use and $ourpeakdemand in 2019 were 6.61 kWh and 894
Watts respectively. Compared to these observed values, we therefore predict thhbtire 8
electricity-use could be 158 24% higher than the one under normal circumstancess{ayeat-

home period), and thettourpeakdemand could be 35%53% higher.
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Table 3.7: Predicted results of the 8hour-electricity use and 5hour-peak-demand, generated using
Monte Carlo simulations with Model 2 and Model 4 respectively, withvalues for + 1 standard
deviation in parentheses.

Predicted Maxi mum o Esti mated

in 2020 in 201¢ i ncrease

8hour el ect 0
( kK Wh) 7.92 (8.2 6. 61 158024 %
5hour peak 1289 (136¢ 8914 358053 %

LargeWBTVvalues could lead to a potential rapid rise of the&rpeakdemand, and we thus
further explored the observed and predictdibGrpeakdemand under the variolBC Cavg7pay
scenarios anWBTi2pmspmObserved in JWAug., the warmest summer ntbs Figure 3.12). One
observes that whewBTi2pmspm iS constant, the-Bourpeakdemand increases logarithmically
with the increase in the number BCCavg7pay as stated in the established ModelSéction
3.2.3.6). Observe that the maximurhbéurpeakdemand in 2019 was 894 WattsVeB Ti2pmspm
of 24.2C and 0 cases, and the maximum observed value in 2020 was 1,188 WR{E @kspm
of 24.4°C andDCCavg7payOf 396. The green band illustratedRigure 3.12 corresponds to the
projected peak for the highestise load band of betwe2y651 and 5,301 dDCCavg7pay,if these
cases were to occur during the hotter temperatures shown here thatoegimge The projected
5-hourpeakdemand could certainly exceed the maximum observed one in 2019 (894 Watts), and
at hotter temperatures could be twice as high as the corresponding 2019 peak, potentially leading
to new risks for electrical grids in thetiwe (seeConclusion}. The peak demand for any hour in
2019 was observed to be up to 983 Watts, which, withouadtagme orders, commonly occurs
only in the late evenings over the summer. The projected green band also exceeds this peak by a

wide margin
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Figure 3.12: Observed and predicted weekday Hiour-peak-deamd (12pm5pm, per apartment) in
Jul.-Aug. 2019 and 2020 under the scenarios of variol¥CCavg7pay

3.4 Conclusions

Comparing 2020 with 2019 residential electricity consumption data, a case study was
conducted to investigate and forecast CeMrelated increases in residential electricity usage of
occupied apartments in NYC, based on a sample of 390 apartments.aftmeeaps are, in size
and vintage, representative of NYC residential building stock, and their electricity consumption is
consistent with other muifamily settings in the same climate region. We focused on two
characteristics of residential electricityage, (i) the electricity consumption (kwh) of an average
apartment on weekdays in the 8 hours from 9am to 5pm (in order to gauge shifts in energy use and
commensurate financial burdens from commercial buildings and schools to the residential sector);
and(ii) the hourly peak demand (Watt) of an average apartment in the 5 hours between 12pm and
5pm (in order to gauge possible stress on the electricity grid when this peak either coincides with
systemwide loads or becomes larger than what feeders and distridines in residential areas

were designed to handle).
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We identified two factors and built a series of regression models which can predict the above
two characteristics with an’Rf 0.56:0.57 for days when no cooling is required and @& for
wamer days. The two factors are the severity of the pandemic (measuredagm@lling average
of daily confirmed Coviel9 cases in NYC) and the outdddBT (measured as the averagd8T
during the respective-Bour or 5hour window). The models indicatieat increases in residential
electricity usage between 2019 and 2020 were the higher, the more severe the pandemic (which
we interpret as a proxy for the portion of residents working and studying from home). And for
times when cooling was required, thesereases were further modulated by the outdoor
temperature. Therefore, in NYC in 2020, usage increases versus 2019 continued to grow more
pronounced during the summer months even while lockdown measures were being partially lifted.

In a Monte Carlo simulain, we then used the models to forecast the two usage characteristics
for conditions which, fortunately, did not actually occur in 2020, but which could occur in the
future in NYC, in similar regions, or indeed in future pandemics or natural catastnjihes
comparable stagt-home guidelines. These conditions were the combination of high outdoor wet
bulb temperatures (such that cooling in the apartments is required) coupled with medium to high
pandemic severity (and with it a high presumed portion ofleass working or studying from
home).

We found thatunder such assumed future conditions, the weekdaguBelectricity-use
(9am5pm) could be 15% 24% higher than the one under normal circumstances (i.e., ratstay
home behavior), implying a correspamgl substantial increase in electricity costs for residents.

We further found that the weekdayhburpeakdemand (12prbpm) could be 35% 53%
higher than otherwise. This suggests possible grid stress especially if substantial increases in

residential demad coincide with recovery in commercial demand. At high daily case numbers
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(100% of JarAug. 2020 maximum) and/BTi2pmspmabove 25°C, the-Gour hourly peak demand
would be nearly twice that of the maximurhdurpeakdemand in 2019 (894 Watts). It would

also be much higher than the largegér observed peak demand in 2019 (983 Watts). In
predominantly residential network areas and feeders with no commensurate load reduction in
commercial buildings to offset this increase, such high peadesarly twice a high as the prior

year peak could lead to loads that exceed the designed feeder capacity, possibly leading to failure
risks of the local substation and distribution infrastructure.

This chaptercan provide a meaningful reference point for building ganaand utilities to
improve the balance of supply and demand in future grids, for example through battery storage in
residential buildings, distributed storage, maiketchanisms to encourage the integration ofgrid
efficient interactive buildings intonsart grids, including via storage in electric vehicles, and
Transactive Energy Network&6]. In such contexts, the models introduced in thiaptercould
be integrated with emerging smarid management techniques, in orteimprove the residential
electricity forecasting accuracy under stjhome guidelines due to a pandemic or other natural
catastrophebor t o account f omotrimal potlaerfteisaly | ef a& viem

catastrophe.
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Chapter 4. A New Generalized Autoencodefor Structural Damage

Assessment

The main part of this chapter igresentedin the paper ceauthored withDr. Marcello
Morgantini and Prof.Raimondo Bettiand published in the Journal Mechanical Systesrand

Signal Processingp4].
4.1 Introduction

In recent years, advances in sensors and computer technologies have supported various
promising developments in structutaalthmonitoring (SHM) techniques. Data obtained from
sensors installed on a structure can help engineers continuously assesscthealsintegrity,
reduce the operational costs, and optimize the available res¢b¢eln dealing with buildings
and bridges, the most common measurements available for such analyses is represented by the
time histories o the structural response, i.e., acceleration and/or displacement, recorded at
different locations on the structure in service conditions or during particular single events (e.g., an
earthquake or hurricane). Because of the nature of the data used,HiMseethodologies fall
into the category of vibratiechased SHM approaches.

Among all the possible features used in damage assessment strategies that rely on the
vibrationbased SHM approaches, modal characteristics (e.g., modal frequencies, mode shapes,
modal damping ratios, etc.), which are functions of the physical parametieesstructure (mass,
damping, and stiffness), have been proven to be very effective and practical features for structural
damage assessmdhit]. For exampleShih et al.[57] developed a mukHtriteriazbased non
destructive procedure to detect damage in aateirder bridge, by accounting for changes in

natural frequencies, modal flexibility, and modal strain energy. They concluded that the modal
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flexibility and the modal strain energy can rbliaidentify the scenarios of single and multiple
damages in the bridgeds girders and deck. Goi
alternative strategy for damage assessment is the one based on model (fp8latimigere the
recorded responses of a rHifd system are used to update iteratively the physical parameters of a
mathematical model (usually a finite element model) until the model can accurately reproduce the
recorded responses: If there are substanaalations in the physical parameters during the
monitoring period, e.g. a noticeable drop in stiffness, it might indicate that the system has suffered
some structural damages.

In recent yearghanks to the advances in modern computer performances, feaktracted
directly from the structural responses through simple digital signal processing tools have become
very appealing since their extraction is very fast and does not require large computational resources
and great expertise by users. Among these-liased features, the ones defined in the cepstrum
domain, extensively used in the fields of speech and speaker recognition, have been proven to be
quite effective in SHMapplications[59]. The cepstrum of a signal, originaltiefined as the
Apower spectrum of the |l ogarithm of the power
[60], when they developed a method to detect echoes frorrsnes signals. Recently, cepstrum
based features have been employed in structural damage assessment by Zh§iit].eT laky
used MelFrequency Cepstral Coefficien(MFCCs) to characterize the bridge deck acoustic
response to ultrasonic pulses to study the delamination of the concrete deck. In 2014, Balsamo et
al.[59] used the MFCCs obtained from the vibration response of buildings idgeé$¥as Damage
Sensitive Features (DSFs), with a novelty detection strategy integrated with stgtestiead
recognition analysisin 2021, Morgantini et al.[55] presented a theoretical investigation that

shows analytically how the power cepstral coefficients of the structural acceleration responses are
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linked to the modal characteristics of the structure and how they can be successfully used in a
damageassessmenstrategy. One of the advantages of using these cepstral coefficients is
represented by the rapidity with which they can be extracted from the original time signal,
compared to other features (e.g., natural frequencies) that require complex andrsmang
operations. This characteristic of the cepstral coefficients, together with their intrinsic connection
with the structureds modal characteristics,
the new generalized auencoder, presented in trdkapter for the rapid assessment of structural
damage

With the recent explosion of Machine Learning (ML) applications in every sector of our life,
ML and deepearning techniques are finding fertile grounds in many civil engineering
applications and remtly have shown great potential in structural damage assegd$iethhanks
also to an increasingly large amount of measurement data from real buildings and bridges. Among
these techniques used in SHM problems, the convohitioeural networks (CNNs)63],
implemented on a superviséshrning framework, have shown promising results when used in
damage assessment in concrete and steel struf@dreds] However, @en though supervised
strategies can provide fairly accurate damage assessment results, they need proper network training
that commonly requires large datasets representative of both the undamaged structure and the
structure in different damagmnditions, a requirement that cannot be obviously satisfied when
dealing with realife structureg66].

Consequently, over recent years, many studies have focused on approaches of unsupervised
learning for the damage assessmin buildings and bridges. Pathirage ef{@f] developed a
unsupervisedearning framework for structural damage assessment, which consists of a deep

autoencoder for structural characteristics dimension reduction, and a simple autoencoder for a
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regression task of predicting structural stiffness reduction. Througterical and experimental
investigations on steel frame structures, they concluded that the proposed framework enables
improved accuracy and efficiency in structural damage assessment compared to the traditional
neural network approaches. Ma et [8i8] used a Variational Aut&cncoder (VAE) to learn a
compressed hidden representation of the structural acceleration responses to be used in damage
detection. Through the numerical studies of a békenbridge, they concluded thtite proposed

method can accurately identify different types of damages that were simulated by setting various
crack depths on the structure. Along the same line of research, Wand6#] groposed an
unsupervised approadbased on a deep atgacoder and on a ofedass support vector machine,

to assess structural damage, using the recorded acceleration responses of the intact structures as
training data: the proposed method enabled high assessment accuracy (91% or higher)

Although the use of appropriate features can effectively improve the performance of ML
models in the task of assessing damage, there are still some unavoidable bottlenecks in modeling
with many deepearning algorithms, e.g., the overly complicated netwairlcture, leading to
slow training speed and overfitting issues without reasonable nyederalizatior{69]. In this
chaptey a New Generalized AutBncoder (NGAE), integrated with a statistipattern
recognition strategy and the power cepstral coefficients of the recorded structural acceleration
responseds proposedor structural damage assessmdrtis NGAE is capable ofapturing the
component of the power cepstral coefficients that is linked to the overall structural properties and,
at the same time, of shrinking the data variance caused by different external excitations, sensor
and actuator locations, and measuremergendihe cepstral coefficients, by virtue of a compact
representation of the structural properties, can greatly simplify the structure of the network, and

therefore, significantly accelerate both the training and the inference speeds, compared to an auto
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ercoder that uses the recorded acceleration responses or the traditional modal features as the
net wor kdés i n b6 67 Based dn the wdtrained NGAE, two evaluation metrics

for assessing damage are congpuand integrated with a statistiqadtternrecognition approach

for further damage detection and quantification. The effectiveness of the proposed method was
validated by both simulated and r¢al f e exampl es, comparing the
obtaned using a Traditional Autencoder (TAE)[70] and those obtained through the Principal

Component Analysis (POA71].
4.2 Methodology
4.2.1 Analytical expression of the cepstral coefficientssifuctural acceleration

The power cepstral coefficients, extracted from the acceleration response of a structure,
provide an alternative and compact representation of modal properties of the structural system
(e.g., natural frequencies, damping ratios aratle shapes) and have shown great potential in
structural damage assessment.

Let us consider the equations of motion obandegreeof-freedom (DOF) model of a linear

time-invariant system:

leo pmpo Leo 00 (4.1)
whered v g , FN A and b~ g are the mass, damping and stiffness matrices,
respectively, each of dimensiah 0 . The vector« 0 ¥ a is the vector of nodal
displacements 0 N a  the nodal velocity vector, and 6 N 4  the nodal acceleration

vector.0 0 N a is the input vector, containing the values of the nodal external excitations at

time O.
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For the general case where all theDOFs are excited by different input excitation,
considering that the measured structural response comes in as a discrete time signal, the z
transform of the acceleration time history at #eDOF (Q pfB h) ),0 &, can be then

expressed as:
o & O arYa (4.2)

where’O & j represents theChQi" term of the inertance matrix afd ¢ represents the-z
transform of the input excitatiocn 6 applied at théd DOF (Q pF8 h) ). By expanding the

right-hand side of Eq. (2 & can be rewritten in the form of products as:

5 a S . (4.3)

where_ and_" are the complex conjugate eigenvalassociated with th@ vibrational mode
of the systemd pHB R ), andYorepresents the sampling time interval at which the structural
acceleration has been recorded. The symbolsfor & pH8 R are thed roots ofthe following

eqguation:
Y& %op%n p 0 Ra p Q7a p Q74 T (4.4)

where %o %o, are the components of tlie mode shape at the correspondig andQ
locations.0 j indicates a function of a modal characteristics and of the type of measurements
consideredAs shown in[1], Eqg. (4.4) accounts for the locations of the forcing functions and of

the sensors, for the type of measurement as well as for the type and magnitude of the input forces.

By taking the Inverse Discrete darier Transform (IDFT) of the logarithm of the squared
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magnitude ob & , the cepstral coefficients extracted from the time history of the acceleration

recorded at th€" DOF can be expressed as follows:

~ Y,

o % @ Y HEln Yon p 6 A T (4.5)
where® 1 represents) cepstral coefficient for the acceleration atthe DOF (Q pf8 f) )
withiii ndi cating the fAquefrency oAl diaraconsi@ared,y t he
as thed R at] T depends only on the sampled input while dhe) fory Tare simply

equal to zerdl]. The parameters and] are the damping rat@nd natural frequency associated

with the & vibrational mode of the system, respectively, and 5 1 p , is the
corresponding damped natufaéquency. For a detailed derivation B§. (4.5), the reader is
referred to [1].

In this chapter it is important to note that the expression of the cepstral coefficients of the

structural acceleration recorded at felocation Eq. (4.5)) can be rawritten as:

wn - N (4.6)
where— and’ 1 are given by

) % @ Y R0 Yon p
i 4.7)

S P .
'Y - (0V)
tr ) n
Eq. (4.6) and (4.7) offer some important insights into the nature of the cepstral coefficients. It
appears thahe cepstral coefficients i (i phcMB D) can be thought as composed by two

terms, namely—) and’ 1 . The term— only depends on the structural properties (natural

frequencies and damping ratios) of the overall structural systerthasdt is independent of the
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location where the structural acceleration has been recorded, i.e., the-g§amepresent in all
N cepstral coefficients extracted from the acceleration responses recorded at different locations

on the structure. Orhé contrary, the componént 1j , which is completely related to the roots

@ , depends on the recording location as well as on the locations where the forcing functions are
applied (through the components of the mode shapes at those locatior®,obiaridicteristics of

the external excitations, and on the overall structural properties. Hence, it is reasonable to expect
that, for the cepstral coefficients extracted from the recorded acceleration responses of a system,
the larger contribution to the iance in the estimation of the cepstral coefficients comes from the
term! 1, while the contribution from—] should remain basically constant, except for some
inevitable measurement noiseherefore, it would be helpful to develop an effective strategy for
damage assessment that reduces the variance caused by the exel&tdrterni 1} and by

measurement noise and enhances the weight of the-térm

4.2.2 Autoencoders and theroposed framework

4.2.2.1 The traditional autoencoder

As shown inSection4.2.1, the cepstral coefficients, extracted from the structural acceleration,
might present a large variance as a result of the different external excitations and this might hide
potential changes in the] counterpart induced by damage. In order to strictly assess a
structurebs state without considerable interf
building an autoencoddsased model to characterize the underlyingucstiral properties
(embedded in the cepstral coefficients) can be an effective solution.

The autoencoder is one type of unsupervised neural networks, which commonly sets its output

values equal to its inputs through backpropagation of numerical optiomgad]. A wide variety

86



of autoencodebased models have been used for representation learning and feature dimension
reduction, handling large amounts of unlabeled recorded[dalaThe simplesttsucture of a
traditional autoencoder (TAE) consists of an input layer, a hidden layer, and an output layer, where
the input and its corresponding output should be identical to each other, as sliogurem.1.
Alternatively, a TAE can be considered as a-pant system, namely an encoder and a decoder,
where the encoder maps an input vector into a compressed hidden representation, while the
decode maps the hidden representation to a reconstruction of the original input.

Let6s first i nvest i-lgomdnkayertTAEIs setaup esingMihegpower a s i
cepstral coefficients of the structumetlata accel

structure in its undamaged state is monitored) atlocations and that a training dataset
o Bhe has been created. Such a dataset accounts for0 vectors ¢commonly
called instancesp ; ¥ a1 ('Q pB )  with 0 G, andQ pMB h ), where each |,

containghe0 cepstral coefficients extracted from tfirecord of the acceleration response at the

Q" recording location. Thus, the veci®og, can be expressed as:

o or phoy ¢h8dy f MRy O (4.8)
wherer) represents thg™ element in the vectos . Using the Mean Squared Error (MSE)
between the input and the reconstructed output of the TAE as the loss function of the TAE, we can

state the optimization problem of training a TAE built to model the structural responséf#t the

recording location afllows:
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wheress N A andsr N A are the weights of the encoder and decoder, respectively,
and-H-ﬁ N g and-H—ﬁ N 9 are the corresponding biases, withand ry representing the
dimensions of the input/outpud  and hidden spaceg)( i.e., the input/output and hidden layer
sizes respectively, and generally 0. In Eq.(4.9), the operatori& represents the Frobenius
norm. The encoded hidden representaggn™ s by the encoder, and the reconstructed output

e N a bythe decoder can be expressed by:
1 &
i O als tn

where'Qt and"Qt represent the elemeniise activation functions for the encoder and decoder,

Ii OF re

= x

41 p

respectively (usually the sigmoid function or hyperbeéingentfunction [20]). Generally, the
nonlinearity of the activation functiori@t and’QO enables highevel computational abilities,
but can lead to a higher level of difficulty in solving the optimization problem. Inatbik, the
Adam optimization algorithni73] has been employed in the training of theEIBy solving the
optimization problem of Eq4.9), the singlehiddenlayer TAE, when incorporating a linear or a
sigmoid activation function at the hidden layeraide to learn the underlying informatifmom
the input in a similar fashion as when using the HCH. Specifically, the reconstructed output
of such a TAE is strongly related to the PCA reconstruction based on thg finstcipal

components of the covariance matix == v g  wheret e ;[Bhe | .

However, this structure of the TAE does not perform sufficiently well in detecting damage
when using the cepstral coefficients as inputs to the network (as shown in the Numerical Results).
In fact, the nature of this TAE would aim to retain as much infaonas possible frorthe entire
cepstral coefficientsréther than only from the most relevant information about the structural

properties contained i) ) and would try to fit the excitatiorelated variance embedded in
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[ n,as well as the onauased by the measurement noise. Therefore, it is necessary to generalize
the structure of the autoencoder to reach a better characterizaherowérall structural properties

of the system indicative of the presence of damage.

4.2.2.2 The proposed neyeneralized autoencoder

The generalized autoencoder (GAE) was first proposed by Wang&5Jalwith the aim of
better learning the underlying structure of the original data and of obtaining-gemellalized
compressed repsentation at the hidden space. As originally presentgtbjnthe GAE is set to
establish a mapping that forces each input instance to reconstruct a set of instances based on a
relational loss function, rather than reconstiitself. However, the GAE as originally defined is
not applicable in our case, as the defined relational loss function still cannot weaken the
contribution to the variance by the tefrmr} and by the measurement noise. In addition, it is
noteworthy thathe GAE does not support a strict ground truth (desired output) for each of the
input instances, which is different from the TAE whose desired outputs are identical to the
corresponding inputs. Therefore, it would be difficult to reasonably assesgrtakreconstruction

error of the GAE by specific evaluation metrics.

||Xi,d - 'in,d”i ”EN‘i SiXij—Xig ”2
Output: E‘i'd Xiq
T
h‘i,d id
Input: Xiq Xid
(a) (b)

Figure 4.1: The traditional autoencoder (a) and the proposed new generalized autoencoder (b).
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By drawing on the idea of the relationa$s function of the GAE and on the advantage of the
MSE-based signal reconstruction error, a New Generalized-Baotoder (NGAE) is proposddr
improving modeling performancd-igure 4.1 offers a comparison between the fundamental
mechanisms of the TAE and the NGAE architectures. Starting from the initial dataset, the
optimization problem of training a NGAE built to model the structural response’@t tecording

location can be expressed as:

T 5 h A Rl A B

A e P P
AOCE3— e QF & QF nern 5 s
. .» 5 (411
AdGEF— = OF il fs
i e P p
AO(;E%— L
wheres s a9, s "a ,fsna andfi v s represent the weights and biases of

the NGAE. The vector |z Q5 res 5 ™ s representsthe ‘& encoded hidden
representation by t h®oulNubafEhé Bidden tayen ditpbeing the. e . | t
hidden space dimension, while the veotgt Qs 7 |z ™ s represents thé®
reconstructed output bt dandt'@t rdpEserE the elechenise d e r
activation functions as introduced 8ection4.2.2.1. The vecto#s N4 , t er med -as t he
groundt r ut ho vector of (Odesiret @Gpdtofthe NGAEH is definedoas be t h

a weighted summation of the cepstral coefficient vectors at every recording location of the system

expressed as:
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° i of (4172

wherei is a specific weighting term corresponding to ¥docation (Q pH8 ) ). Such a
coefficient is defined by looking at the average of the variance of the cepstral coefficients in the
vectorse ; ('Q pB Ay ) and can be expressed as:

&

PB P B arn o (413

—

subject to the condition:

i p 41 %

where wp fj represents thé ™ element in the vectos ; (B pfedD ), i.e, the cepstral
coefficient®; 1 , while i i} represents the mean of the elemengsry for'Q pfB A with
respect to th&) location The constand is determined by the equality constriaof Eq. (4.14).

Using Eq.(4.6), the newgroundtruth vectore can be expressed as:

e —p B irgp,é+-1 B iryn, &0 B iryo0 (41 %

7 —p Tip,é—n snAl, -0, {0 (41%
One can observe that the newoundtruth vectore containsO newly-defined cepstral
coefficients, each of which maintains intact the contributiery related to the overall structural
properties while the contribution from the excitation and sensor locations appears as a weighted
average of all thecorresponding terms at the various locations. Two important points are

noteworthy here: First, theewly definedvectore is independent of the locations where the
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structural acceleration has been recorded. This implies that all tN&AEs, used tanodel the
overall system, will have the same ngwoundtruth vectorse ('Q pH8 h) ) as the desired
outputs for their training. Therefore,if NGAEs are set up for modeling the structural response
at the0 locations in the system, they wilve the same decoder mapping after a well training
process. The other important point is about the componenss representing the weighted
summation of the excitatierelated terni 1} for'Q ph8 ) . As the weight is set inversely
proportional to the variance of all the cepstral coefficients extracted at¥thecation the

summatiorB i y 1 can help shrink the data variance associated with the excitation and

measurement location tesmindirectly enhancing the contritban of the term—n : This will

facilitate the assessment of damage. Consequently, such a mapping from asmirtputhe
corresponding desired outpeitc an be i nterpreted as buil ding &
the input and output througheir common par—1| based on the learned hidden representation

lﬁ . To visualize this effeckigure 4.2 shows the output vectery; (Q p) (introduced by Eq.

(4.16)) and the vectos (introduced byEq. (4.15)) obtained from an 8 DOF shefype system

that will be discussed iBection4.3.1, subjected to an excitation applied eithethat F'or the &'

DOF. It directly shows that the cepstral coefficients inthe veetp t he TAEOGs desire
shown inFigure 4.2 (a)) produces different trendsnd distributions under the two different
excitation locations (due to different contributions of the termr ), while the trends and
distributions of the modified cepstral coefficients in the veetqrt he NGAEOGOs desir e
shown inFigure 4.2 (b)) are very close, as the variance in each term dlas been largely

reduced
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—— TAE’s desired output (excitation at 1 DOF)|| ——NGAE’s desired output (excitation at 15t DOF)| |

TAE’s desired output (excitation at 8 DOF) NGAE’s desired output (excitation at 8 DOF)
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Figure 4.2: Visualizations of the sampled instancesiq (d = 1) and x5 obtained from an 8DOF shear
type system, with a zeremean Gaussian white noise excitation applied at either thé'ar 8" DOF.

4.2.2.3 NGAE with linear activation function

In order to provide a more explicit intuition of the theoretical mechanism of the NGAE, let us
now consider the case where both activation funct@hsand’Qt in Eq.(4.11) are linear, i.e.,
O rern frn T oren frandQy il s 7l s Inthis case,
it is possible to derive an analytical solution for th@imization problem associated with the
NGAE, defined in Eq(4.11), so to better understand the mechanism behind the proposed NGAE.
By substituting the above lineactivation functions, removing the scaling terms, and applying

the properties of the Frobenius norm, Ejl1) can be expressed in a matrix form as:

7 b sffafts  AOGCEE &5 i s 1+ 41y
where the columns of the matricgs N and= v g are the desired output vectors
e N g andinputvectores ; N 5 (Q pMB R ), respectively, and N s is a vector of

ones. Letus defirg s = 45 ( " s ) asthe hidden output matrix of the
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NGAE, whose columns are the hidden omsl;plr1 (Q pB A ). Such a new matrix will allow

us to express E@4.17) as:

T b i afn  AOCETE 53 s

—
=

413
AOICETL <L

where: = w5 i & vs ) indicates the reconstructed output matrix of the

NGAE atthed"locaton To det er mi ne thyeandio;pandbimsed pandie i ght s

-H— i, for the NGAE of thé(d" location,let us first set the partial derivative of Eq8) with respect

tofequal to zero: This will pfraeide an expres
P
ti == 747 419
Substituting the solution df ; given by Eq(4.19) and 5 r= 5 into Eq.(18),

w nhs Ry AQCEE T 57 (429
where= L T andg g E T6 , which are basically the
matricest andq subtracted by their elementise averages. It is important twte thatthe
hidden space dimensigndetermines the rank gf N = becausé) 0. From Eg. 20),
the matrix multiplicatiorss 5 that minimizes the loss function can be obtained from the
truncated Singular Value Decomposition (SBj] of the matrixt :

= FHT T AT (42}

where the columns of VY andq NY are formed by the firsfy normalized

eigenvectors of th& = and<L =, respectively, associated with the fihstigenvalues

E _ mThematrixt QQQ"Q MhH isa diagonal matrix that contains the first
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f singular values of the matrix with , _ (i pfB M). Therefore, by setting the hidden

layer sizef) equal to the ranke of the desired output matrix , themultiplicationgr 5 can
theoretically achieve the bestnki L approximation of= and, consequently, the baanki L
approximatim of= , given the relationship betweén and< , i.e.,&= £ Lk 70

Such a property is also applicable when building a sihigldenlayer TAE[32]. The HAopt i mal

solutions off  andg in Eq.(4.21) can then be expressed as:

— . - J
Th oT1 .9 AHT (427
Where4|| NY  is a nonsingular matrix that generally cannot be eliminated through the

backpropagation process during the training operation, leading to a nonorthogonal learned hidden

space for the NGAE. Finally, taking advantages of (Bd.9) and(4.21) and considering

7k T6  , the optimal reconstructed outpht, expressedis= T ;7
++ , can be obtained as:

= g = 42 B
where= is equal to* 70 |, representinghe elementvise averages Gk .

In conclusion, the optimak  allows us to derive a NGAE the&n captur@s much structural

property information as possible from the cepstral coefficients in the matrithrough the

retained first) principal components of the covariance matix === . In this way, when
considering the cepstral coefficients from the training dataset, the optimal output vatueslin
result in a more stable probability distribution, representative of the undamaged state of the
structure, compared to tligstribution produced by the TAE (the results will be showSaation
4.3). These derivations demonstrate again that the NGAE can better generalize the overall

structural properties embedded in the cepstral coefficients by removing a large amount of the
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variance of the cepstral coefficients contributed by the sensor and force locations, excitation and

noise, resulting in a more robust training process with less risk of data overfitting.

4.2.2.4 Implementation of the proposed NGAE

In the field of deep leaing, training a neuratetwork architecture commonly needs a series
of ordinated steps and experiments to adjust the weights and biases of its neurons aié]ayers
The network hyperparameters, including both model (g numbers of layers, neuros, etc.) and
algorithm (e.g., learning rate, mibatch size, etchyperparametergan havesignificant effects
on the network performanedar e commonl y d-atamrmo m e dreubyib y r i al
t h u[mDb.Bihce cepstral coefficients can provide an effective and compact representation of the
structural properties (natural frequencies, mode shapes, etc.), we edploxery concise
autoencoder framework that consists of one input layerhatden layer, and one output layer for
both the TAE and the proposed NGAEhe reason for choosing such a simplified architecture is
that, theoretically, additional hidden layers in the TAE and NGAE architectures can improve the
reconstruction capabilés but, at the same time, can also increase the risk of data overfitting and
do not improve their capabilities of detecting damage from the variation patterns of the cepstral
coefficients (as shown iSection4.3). It is the handling of a reduced variargreund truth that
enhances the damage identification capabilities of the NGAE, Therefore, such a simplified
architecture can provide appreciable damage assessment performance with a robust learning
process and, at the same time, significantly decreaseskhef data overfitting.

For a reasonable comparison between the results produced by the TAE and NGAE, almost
identical sets of hyperparameters were used for both autoen¢ddéle 4.2). The input and
output layer size®f the TAE and NGAE were both set equalttdth e number of t he

coeffOCE@ABY s tFhoer si ze o ft wak setadalnto rank yofekr for the
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NGAE, and equal to the rank. of &= for the TAE, so to achieve the besinki . fiL

approximation, as shown Bection4.2.2.3, and at the same time to avoid the data overfitting and
unnecessary computational burdénsigmoid functiony @ pfp ‘Q , was chosen as the
activation function of the hidden layers (encoders) of the both autoencoders. Such a choice can be
justified by the following reasons: 1) Its nonlinearity supports a more complex mapping function
tha typically enables a better input reconstruction for the autoencoders when compared to those
that use a linear activation functidt),the sigmoid function can largely retain the trunce&@®D-
approximation mechanism for the sindieldenlayer autoencods [74], so that thebestrank

iL7ie approximation can still bacheved to a considerable extent at the hidden layer. In

addition, other settings need to be defined before training the model (as summaretee i 1):

1)TheXavier Initipa7T®@gaatuesedstomategygdomly initia
biases of both autoencoders, 2) the batch si ze
to work thraughgbeher weuptdts and biases of th

32, a reasonabylBé3detflmae!|l numaemeof epochs defini

optimizer wil/l wor k t hr oausg hs eéthee gegunali rteo t T @0 (i
autoencoders fully converge through[ 7®&Bhstrair
chosen to i mplement the training for the NGAE

Onemportant advanuwerget lod d direr eNsGOACEn doiori g t hAE i
desired outp&t iof itmeée NSAEent of the |l ocation:

have been r exmakhdleeds atnhde tshalsecti on of a const a

when modeling the response of different | ocat.i
of thé& déA\ffEends on the target |l ocatibmayeandith
needs t oasbhee vtaarrigeedt changes. Consequently, for
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the architecture onhcyl aceH disn adtadt olbiteh es elt e goinrcrei, n g
just call it mul ti pdresadri meosc dtoiro moidre | ti meg swsetr

mul tiple different architectures of the TAE W

recording | ocations, resulting in relatively
I n ter msatoiforcalmpaftf i ci ency, the use *x®f0 cepsi
coefficients, can |l argely decrease the struct

significantly fast training process)| ecampane
response (in the order of 10, 000 [d&a@]aSiproil mtrg)y
during the inference process, since the cepst
t han ot herg.f,eaMwtroeRsegreessi ve (AR) [coheff 8 dijeent

inference speed of the NGAE is almost instant

Table 4.1: The determined hyperparameters for the considered TAE and NGAE.

Property Value
Input layer size 0
Hidden layer size iL (TAE)oriL (NGAE)
Output layer size 0
Activation function (hidden layer) Sigmoid
Activation function (Output layer) Identity
Epoch 1000
Batch size 32
Learning rate 1le3
Loss function Mean Squared Error (MSE)
Optimizer Adam

Table 4.2: The workflow of the TAE or NGAE modeling.
Step 1:Given the training datase¢ ; 8 he , create the matris= for the TAE, or create

both the matrices and< for the NGAE, as shown iection4.2.2.1-4.2.2.2.

Step 2:Set up the TAE or NGAE by incorporating the model hyperparameters shdwa bv.1e
For the TAE, the hidden layer size is set equal to theiran&f the matrixt ; for the NGAE, the
size is set equal to the rank of the matrixt .

Step 3:Randomly initialize the weights and biases of the TAE or NGAE b} éweer Initialization.
Step 4:Train the TAE or NGAE by the input number of epochs, or until convergence.
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4.2.3 Evaluation metrics for damage measurement

After the training process is completed, the
characterize the overall structur al propertie
and that are embedded i n thewisngtutofcepespgtar alc
o Bhe obtained from the same system but in

state beco,mihs) beingthd nurbblereof the testing instances related t&the
recording locationt hper e vi o us -sutnadtaemaigrefdor mati on t hat the
in the training phase can provide a reference
s t dnttreswork, we adopted a strategy for assessing the presence of strdatuege based on

the data reconstruction error of the trained TAE or NG&d: Two evaluation metrics, namely

the Normalized Root Mean Square Error (NRMSE) and the Standard Deviation Ratio (SDR), have
been used for the damaggsessment task. The NRMSE aggregates the magnitude of the prediction
errors for various data points into a single measure of predictive power, and can remove the effect
of different error scales when modeling different recording locations. The SDRinsliaator

based on the ratio of 2 standard deviations and can be an informative statistical representation of
the signal reconstruction error: Conceptually, it can be considered as an extension of the-signal
noise ratio in digital signal processing,ginally developed to compare the level of a desired signal

to the level of its background noise. In tivsrk, we adopt the following expressions for computing

the NRMSE and SDR values of each single instance in the training géB he or in

the testlBheg ;s e:t
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4.2 3

0 YOO i

nlﬁ

YO 425

nlﬁ

wherethevector ; r epr es®deési t @ @; owfuttphode GAEt he N@®AE, an

vector« 1 t @t econstr uegtodd t hewToAtE t he NGAE, with th

Ooidan@ pBR) | inked to théo®ard@ pBiMgf daehte, taersd i ng
The veacetparesent swvitstee aevleemgret of al | t hee i nstan:
——B B e , [aAn@ andi E e represent the maximum and minimum values in

the average vectar, respectively. The notations . and, , . are used to represent the standard

deviations of the elements nhe desi ¢pahd io thérpeuctonst rwtcg ed out

respectively

4.2.4 Using the NGAEN a damage assessment strategy

Once the values of the two metrics (NRMSE and SDR) have been congrutetsupervised
statisticalpatternrecognition strategy is proposed for damage detectiomaactification among
different recording locations. The damage detection task can be conducted through the approach
of multivariate novelty detection by establishing a statistical distribubased on the training
datg that is representative of the sttural system in its undamaged statel by usinghe Squared
Mahalanobis Distance (SMDJ9] on the output data from the training phase.t hr es hbo h d
SMD needleftimelde based on t he ,whreani nai ntdersd antnadgh dsies

structure in a new unknown state becomes avail
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with the threshold to determine whether the
occurrence of damagdehadsmhgengdanectfedati on f
can be i mplemented by dbedsend ndga mangle uisn dhigc epsr.op

The results of the n8enmtetrdBcnav a lsitduadtye d( dtihsactu sts
NRMSE f ol |-ows maal tl doigshtirtitleu SDR f ol l ows a norm

T h e r dlfe 8MDs were computedonthen ( NRMSE) , i .e., the natur al

and otrhiegSMR,I combi-chieme nisnitoonag M sv e'@tpBrs and

o Na QpBh for the training and testing sets,
o, 1 16'YD" YO h"YOy (42p
o, 1 16'YD"¥O hyoy 42y
The SMD ofotdan vtelteamrbe expressed as:
O OFI OFI H, H OFI H (42 3
whereH N a represents the sample meaer thed instances ob . , given by:
H = o, 429
0
andy N q represents the covariang®trix, given by:
H —_ OF] H OF] H (43 D

When a new set of the vectarg ('Q pfB Ry ) from a testing dataset beconmailable, the

corresponding SMDs can be evaluated with respect to the established training distribution as:
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O o ok H, Hl o H, 431
A study by Ververidis et a[80] hasshownthat the SMD of & -dimensional multivariate data
sample from a testing dataset, in this c@seo ; , follows a scaledOdistribution with
parameters of and0 ¢ , where the distribution iglefined by the&) instances of the
training set. For our case, the SMDf thus follows the scale@distribution that can be

expressed by:
O o DO; 4372
h 3

whereg ¢ for the twodimensional vector . To detect the presence of damage, a threshold
— , for the'Q" recording location, was set equal to the @y@&ntile of the training scaled
O distribution. Consequently, the Scaled Squared Mahalanobis Distance (SSMP) of
was defined as a locatiatependent damage index, given by:

0 0 €

Y'Y O '@ﬁ W’O O R (43 3

If the SSMD of thé) instanceo . of the testing seas larger than the set thresheld, the system
will be consilered damaged over the correspondihgionitored event, and, if the median value
of all the SSMDs ob ; for "Q pMB M) is larger than- , the system will be considered

damaged over the entire testing period.

Because thproposed damagassessment strategy should be implemented for each recording
location separatelyherewill be eventuallyd defined thresholds (Q pF8 ) ) and thus can
lead to some inconsistent conclusomo provide a consistent scale for daga quantification,

another damage index, termed as the Relative Scaled Squared Mahalanobis Distance (RSSMD),

102



was defined to remove the dependence of the damage index at a given location from its
corresponding threshold, expressed as:

YIYND YYD S 43 %
where" YYD i represents the median value of the SSMDs of the testing instapce®r

"Q pMB ) at the" location of the system: a positive value of the RSSMD thus indicates that
the system has suffered some structural damage.

A flowchart of the entire damage assessment process is sh&iguie 4.3.

Establish the training
distribution based on

the SMD
Extract the power

cepstral coefficients
from time histories

NGAE framework
testing

Processes of the power

Create the inputs and

cepstral coefficient npt Process of the damage-
extraction & NGAE . outputs of NGAE

modeling

H

assessment strategy
Compute the damage
mdices of testmg sets

NGAE framework
setup and training

Implement damage

Compute the metrices detecr}:ﬂ a}ld
used for assessing the quantification

damage a

Figure 4.3: A flowchart of the proposed method for structural damage assessment

4.2.5 Computational requirements

The proposed NGAE architecture, integrated with the power cepstral coefficients, by virtues
of its concise and easgetup structure without deep hidden layers, can be usegioshdamage
assessment tasksection 4.3) with few computationakequirements.The TAE andNGAE
architectures evaluated were run on a standard computer with Intel (R) core (TM) 3.89 GHz CPU
and 16Gb of memory. The code was written in MATLAB (for the cepstrafficient extraction)

and Python 3 (for the TAE and NGAE modeling). ThelCiilme for the whole process of the
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coefficient extraction and 1068€poch training is about 12IP5 seconds for the numerical case
study of the 8 DOF syster8dction4.3.1), and 450 seconds for the case study of the Z24 bridge
(Section4.3.2). Thereforea standard machine with one CPU could easily provide the required

computational powemeeded irreatlife applications in structural damage assessment

4.3 Numerical studies and results

Two case studies were conducted to validate the effectiveness abfies@d method for
structural damage assessment. In the first case, the cepstral coefficients are extracted from the
simulated timehistories of the structural acceleration from an 8 DOF stypar discrete model
(Section4.3.1) considering a variety offterent damage scenarios, while, in the second case, the
cepstral coefficients are obtained from the tinngtories of the acceleration response recorded by
a network of sensors installed on a #leatige structureSection4.3.2) in progressive damage

staes.

4.3.1 Structural damage assessment of an 8DOF shigge system

The first case study is represented by a lumped mass model of an 8 DOfygbegstem,
as shown irFigure 4.4. The baseline conditions of the system are: The baseline stiffness of the
vertical elements is set @ ¢ mmsA Q pMB A, and each mass is equal o
P QOO phB Y. The assumption of modal damping is used, with a damping factor qf b
for each of the 8 vibration modes.

To simulate different operational and damage conditions, sixteen different scenarios as shown
in Table 3 were considered by changing the baseline stiffnesses of certain elements. The first 9

scenarios represent the structural system in undamaged conditions, with only slight changes in the
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stiffness at some floors, to simulate the fluctuations of the stalqitwperties due to changing
environmental conditions (e.g., temperature, humidity, etc.). The remaining 7 cases are
representative of different structural damage conditions, with various types of drops in the stiffness
of somevertical elements.

For eachscenario, the excitation is provided by an external force applied either at the bottom
mass (the 3 DOF) orat the top mass (the"8DOF), with the probabiliies of the force to act at
DOF 1 or DOF 8 equal to 70% and 30% respectitelgimulate differat statistical distributions
and variances of the extracted cepstral coefficients. The external force is modeled ane@arero
Gaussian white noise, with the zeyaerhold (ZOH)assumptiorand with a magnitude of 100
N. Each realization of the force haduration of 500 seconds and it is sampled at 200 Hz. The
generated acceleration time historééshe 8 DOFsare then corrupted by a 10% RMS Gaussian
white noise to simulate measurement error. In ¢hise study400 realizations of acceleration
responss for each of the 9 undamaged scenarios showabie 4.3 were simulated, for a total

of 3600 sequences of the acceleration cepstral coefficients extracted at each DOF. All these data
were then collected togetehie 0 Withd m otghrent At r a

ando U} The ft e sconssts @f the aepstral eoefficients extracted from 200 new

realizations of the acceleration responses for each of the 9 undamaged and of the 7 damaged
scenarios, producing a testirgtse ;8 he with 0 ¢ mando Yfor each of the

16 scenarios.
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Figure 4.4: The 8 DOF sheartype system

Table 4.3: Considered undamaged and damaged scenarios of the 8 DOF shégre system.

Scenar Conditi or Types of anoma
1 Undamaged Baseline scena
2 Undamaged N mod@f ox uvhphxhy
3 Undamaged N mo®f ox vhphxhy
4 Undamaged N p&r@f ox uvhphxhy
5 Undamaged N pdrtdf ox vhphxhy
6 Undamaged N moif o phchoft
7 Undamaged N oM f ox phghofr
8 Undamaged N pgrif ox phghofr
9 Undamaged N pstf ox phghoft
10 Damaged N mQf oxr p
11 Damaged N mQf 6 o
12 Damaged T mQf 6 v
13 Damaged N mQf oxr ¥
14 Damaged N mMpof oxr x
15 Damaged T miQf dx ofy
16 Damaged N mQf ox chp

The TAE and the proposed NGAE were implemented following the scheme presented in
Table 4.2 and using a number of cepstral coefficients that ranged from 1 to 50, so as to check the
sensitivity of the results to the number of coefficients considered. The evaluation metrics, namely
the IN(NRMSE) and SDR, of the training and testing sets for eadhwxde then computed and

analyzed.
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A series of normality tests, using the esa@mple KolmogorovSmirnov (K-S) test{53], was

then carried out over the estimated evaluation metrics and the correspovdinggare shown

in Table 4.4andTable 4.5. From the analysis of the results, it appears that-tredyes related to

the NGAE for both metrics are well above the 10% significance level (@), indicating that

we can assume that both the INn(NRMSE) and the SDR follow aahatistribution. In addition,

the pvalues related to the NGAE are generally larger than the ones of the TAE, demonstrating
that the NGAE, by substantially reducing the data variance attributed to the excitation and
measurement noise, can establish a malast 2dimensional normal distribution as the training

distribution for further damage detection and quantification.

Table 4.4: The p-values of the normality tests using the oneample KS test for the IN(NRNMSE)
produced by the TAE and NGAE (the 8DOF sheatype case study).
DOF DOF DOF DOF DOF DOF DOF DOF

TAE 9.0 2.9Z7 6.98 5. 124 6. 38 5.54 4. 7D 2. 65

NGAEL 4. 613 6. 1 6. 2 5.68 6.24 7. 71 6. 0B 5. 112

Table 4.5: The p values of the normality tests using the onsample KS test for the SDR produced
by the TAE and NGAE (the 8DOF sheattype case study).
DOF DOF DOF DOF DOF DOF DOF DOF

TAE 2. 44 5. 92 4. 22 4.8 5. 14 7. 28 3. 4B 5. 23

NGAEG6. b 7.5 7.81 8.98 9.0 7.68B 7. 14 6. 056

The scatter plots that visualize the distributions of the two metrics (IN(NRMSE) and SDR) are
presented irfFigure 4.5, where the results obtained from both the TAE and NGAE are provided
for comparison. One can easily observe that the distributions of the two metrics from the
undamaged scenarios in the testing set significantly overlap the ones of the training sehgndica
that a wellestablished training distribution can be obtained by both the TAE and NGAE. With

regard to the 7 damage scenarios (Scenarb6)0the corresponding values of the two metrics
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deviate from the training distribution to some degree dueffiereint settings of damage severity,
with the ones produced by the NGAE showing larger deviation patterns than these obtained by the

TAE. This indicates that the NGAE can better characterize the darhaggcteristicembedded

in the cepstral coefficientsan the TAE.
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Figure 4.5: The distributions of the IN(NRMSE) and SDR produced by the TAE and NGAE for the
9 undamaged scenarios and the 7 damage scenarios, considering 50 cepstral coefficiEntsZ0).
(a) The results of the TAE at the 3 DOF. (b) The results of the TAE at the 7 DOF. (c) The results
of the NGAE at the 3¢ DOF. (d) The results of the NGAE at the 7 DOF.

The damage detection for this case study was condfmtedch of the 8 DOF, based the

8 thresholds- ('Q pfB hp) obtained from the established training distributions. Then, the

SSMDs of o (Q pMB hpands ¢ m)nrelated to each of the 16 scenarios, were

computed and individually compared with the correspondindor a binary classification,
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assigning 6006 i f the system was classified
in Figure 4.6 showthe classification results of the TAE and NGAE, at tHeaBd 7" DOFs, for

all testing scenarios (200 x 16 instance®rresponding to the 5% significance ley®éction

4.2.4). The overall accuracies of both TAE and NGAE are excellent, with the NGA& méng
slightly better than the TAE (e.g., false positive rate 0.530066% vs. 1.94% 2.19%). It is
important to note that the classification results of both TAE and NGAE can provide extremely
small Typell errors (i.e., the damaged scenarios are lassified as undamaged), with very low
error rates (< 0.38% for the TAE and basically 0 for the NGAE). In addition, by comparing these
results with those presented[iti, the proposed NGAE can also outperforms the PCA method,
with the lateroneleadng to relatively larger Typél errors @n F1 score of 96.8% (PCA) vs. over
99.3% (NGAB). The receiver operating characteristic (ROC) curves, as the overall classification
performance of the TAE and NGAE, are showrFigure 4.7, where the NGAE can provide a
larger area under the curve (AUC) compared to the TAE (0.999 vs. 0.996), demonstrating the

superiority of the NGAE over the TAE in the damage daia@gain.
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Figure 4.6: Confusion matrices of the binary classification at the '8 and 7" DOF of the 8 DOF
system, for both TAE and NGAE Q = 50), corresponding to the 5% significance level. (a) The
results of the TAE at the 3 DOF. (b) The results of the TAE at the  DOF. (c) The results of the
NGAE at the 39 DOF. (d) The results of the NGAE at the 7 DOF.
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Figure 4.7: ROC curves of the binary classification performance of the TAE and NGAE, produced
by averaging the results of the 8 DOFs.
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Since the number of the cepstral coefficients used in the analyssslinked to the input and
output dimension of the TAE and ME, an investigation was conducted to explore the
relationship between the numheand the damageetection accuracy, by recording the trends of
the F1 scores over varying as shown irFigure 4.8 (a). The results show that, for o Tthe
F-1 scores rise quite rapidly and thenDasicreases, they stabilize approaching 100. This trend is
relatedto the fact that the magnitude of tleepstral coefficients decreases with increasing
quefrency. For lowed , more and more information on the structural properties become available
to the autoencoders asincreases bufor large0, little to no new information isacquired This
can alsdbe seen by looking at the variation of the rark the cepstral coefficient matrices
(Q pf8 fY) andL as a function 0b (Figure 4.8 (b)): It is obvious that beyond a certain range

of 0, adding more cepstral coefficients cannot further improve the performance of the

autoencoder.
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Figure 4.8: (@) The average Fiscore of the 8 DOF oveRQ. (b) The ranks of the matricesXq (d = 1,
é , ) add X°over Q. The error bars in (a) represent the minimum and maximum Fiscores of the 8
DOF6s resul ts.

After obtaining thevaluesof the damage index SSMDs for the 16 testing sets, a further step
for damage quantification was conducted by computing the RSSMDs of the 16 testirigpsets (

(4.34)) at each DOF. As a result, the RSSMD of the 8 DOF under the 16 scenarios, produced by
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the TAE and NGAE, are shown in tR@gure 4.9 andFigure 4.10, respectively. Looking at these

plots, the following observations can be made: 1) The RSSMDs of all the undamaged scenarios 1
9 are negative and the ones of the damaged scenaridsdl@ peitive. Such results are in perfect
agreement with the definition of the RSSMIbE( (4.34)), proving that both the proposed NGAE

and the TAE can accurately identityet damage and undamaged conditions. 2) For the damaged
scenario 1616, the magnitude of the RSSMDs produced by the TAE and NGAE is directly related
to the damage severity, showing that the two autoencoder architectures can provide close results
in indicating occurrence and severity of damage. 3) The RSSMDs produced by the NGAE for the
different damage conditions are generally larger than the ones obtained by the TAE: this confirms
that the proposed NGAE, by using the weighted average as the détiat, biaracterizes the
overall structural properties embedded in the cepstral coefficients and shows great sensitivity in

assessing structural damage.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario s Scenario 6 Scenario 7 Scenario 8 Scenario 9

(a)

W DOF 1
NN DOF 2
N DOF 3
N DOF 4
N DOF 5
N DOF 6

RSSMD

. DOF 7
= DOF 8

xxxxx

Figure 4.9: The RSSMDs of the 8 DOF across the 16 scenarigspduced by the TAE @ = 50). (a)
The results of the 9 undamaged scenarios. (b) The results of the 7 damaged scenarios.
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Figure 4.10: The RSSMDs of the 8 DOF across the 16 scenarios, produced by the NGAEH50).
(a) The results of the 9 undamaged scenarios. (b) The results of the 7 damaged scenarios.

4.3.2 Structural damage assessment of the Z24 bridge

The data recorded during operation and demolition of the Z24 bridge, «neglh case
study, wereused toevaluate the performance of the proposed NGAE in dealing with data from
real applications. The Z24 bridge was a concrete box girder bridge, with a main span of 30 m and
two side spans of 14 m, in the canton of Bern, Switzerland. This bridge was mofotoabdut
10 months (Nov. 10, 1997 Sep. 10, 1998), with the intent to analyze the effects of some
environmental parameters such as local temperature, rain, wind speed, humidity, traffic condition,
etc., on the structural response. At the end of thedfth period and prior to its final demolition,
progressive damage in terms of lowering of a pier, spalling of concrete, etc., was induced on the
bridge and the corresponding responses were recdrdbl 4.6 gives an overview of the various
monitoring campigns and damage conditions of the bridge. More detailed information about the
bridge and its monitoring system can be found in Kramer g8Hland Reynders et §B2].

For each damage condition, the bridge was subjected to an ambient vibration test and to a

forced vibration test, with two vertical shakers placed on the bridge deck to provide the forced
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excitation with a smooth and stable spectrum between 3 and 30 Hztwork of 16
accelerometers, positioned at strategic location on the bridgeré 4.11), was set up to record
structural acceleration responses. &gery hour, a total of 65,536 samples (with a sampling time
interval of 0.01 s) were recorded by each accelerometer, using an antialiasing filter with a cutoff

frequency of 30 Hz.

Table 4.6: An overview of the various bridge structural conditions.

Date (199 Scenario

1a7 July Undamaged condition
4 August Undamaged condition
9 August Installation of pier ¢
10 August Lowering of pier, 2
12 August Lowering of pier, 4
17 August Lowering of pier, 8
18 August Lowering of pier, 9
19 August Lifting of pier, tildt
20 August New reference condi
25 August Spalling of concrete ¢
26 August Spalling of concrete ¢
27 August Landslide of 1 m at
31 August Failure of concrete
2 Septemb Failure of 2 anchor
3 Septemb Failure of 4 anchor

Plan view

Utzenstorf
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b /\‘ i [
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South North
Bern Zurich

Figure 4.11: Details of the locations of the setup sensois Z24 bridge. The considered
accelerometers 05, 07, 10, and 12 are circled by the 2 red circles.

In this case studythe damage assessment operation was carried out using only the data
recorded by the accelerometers 05, 07, 1QFifure 4.11), as the records of other accelerometers
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were presented some abnormalitigsb]. The recorded acceleration responses of the firgt tw
scenarioon Table 4.6 (July 10" i 17" and August # i 9", representative of the undamaged
conditions, were used for training the proposed NGAE: Although the environmental conditions
(e.g. temperature, humidity, wind) were quite similar, the datarded between July 10 17

were obtained from the bridge in its regular operational conditions while those from Alligust 4

9" correspond to forced vibration tests. The data corresponding to the other 5 scesraised/

for testing: The datadm sensor 10 during the August™7315 periodwerenot available and so

it was not considered. In order to increase the dataset size with more instances, each of the hourly
records was framed into three 30 minutes segments, with 15 minutes overl&ggmglingly, a

total of 684 framed records of the two undamaged scenarios, for each of the 4 sensors, were

available The training dataset was created by randomly selecting 90% of the data for each of

these two scenariod (@ p)gpwhile the data weresed as 2 undamaged testing sets. Similarly,
the recorded acceleration responses of the 5 considered damaged scenarios were preprocessed in
a similar fashion resulting in 5 damaged testing dettotal, there were 7 testing datasets for a
total of 245 awilable framed records.

Similarly to the numerical study, 50 cepstral coefficiensry , 3 pf8 fvb 0 v ; were
extracted from each record, with the first one of each sequgncet) discarded. When dealing
with either the training or the testingtdses, the vectore (defined by Eq(4.12)) is the weighted
summation of the vectoms, for 'Q phchott, linked to the sensors 05, A, 12, respectively.
The NGAE and TAE were set up and trained by using the same hyperparameters and strategy
shown inTable 4.1andTable 4.2.

Figure 4.12 shows the distributions of the computed INn(NRMSE) and SDR for the data from

sensor 12 obtained using the proposed NGAE, whidble 4.7 and Table 4.8 present the
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comparisons of the correspondingadues for both the TAE and the proposed NGAE. Looking at
the pvalues, one can easily observe that thealpies related to the NGAE are quite larger than
those obtained by the TAE, and evident bias exists in the SO afata obtained by the TAE,
probably due to overfitting issues caused by the large variance of the data linked to the external
excitation and to the measurement no@e.the contrarythe proposed NGAE, by working with
weighted averages of all the cepstoefficients, can provide a more stabldiensional normal
distribution for the training data. The ability of the proposed NGAE in differentiating data
corresponding to undamaged conditions from those of damaged conditions is visudigedan
4.12, which shows the distributions of the IN(NRMSE) and SDR obtained by the NiG&Elear

that the portion of test data corresponding to the undainaegedition perfectly fits with the
training distribution Figure 4.12 (a)) while, when damage occurs, the data clearly deviate from it
(Figure 4.12 (b)).

Table 4.7: The p values of the normality tests using the orgample K-S test for the h(NRMSE)
produced by the TAE and NGAE (the Z24 bridge case study).

Sensor Sensor Sensor Sensor
TAE 6. 4P E 1. 62 E 8. 06 E 9. 5B E
NGAE 1. B E 2. 7 E 2. 42 E 1. 0B E

Table 4.8: The p values of the normality tests using the oreample K-S test for the SDR produced
by the TAE and NGAE (the Z24 bridge case study).

Sensor Sensor Sensor Sensor
TAE 4 . OB E 7. 2P E 3. 18 E 9. 8B E
NGAE 1. 20D E 4 . 98B E 4 . 45 E 3. 511E
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Figure 4.12: The distributions of the IN(NRMSE) and SDR obtained fromsensor 12using the
NGAE. (a) presents the results corresponding to the training data and undamaged testing data. (b)
presents the resultsorresponding to the training data and damaged testing data.

The damage detection and quantification operations were conducted, following the proposed
statisticalpatternrecognition strategySection4.2 4). First, the damage index SSMDs (33))
were computed for the data corresponding to each of the 4 sensors separately. Next, for the
computed SSMD values of the 7 testing sets obtained from eacle df skensors, they were
individually compared with the threshold value &a&tthe corresponding sensor (E4.32) -
(4.33)). The confusion matrices iRigure 4.13 present the classification accuracies obtained by
the proposed NGAIor the data from sensor 10 and fiZan be seen th#ie proposed NGAE is
still quite accurate in detecting damage even when dealing with real data. Here, it is naked that
type Il error in the classification is slightly larger than the type | error, mainly due to the low
damage levebf the bridgeduring August 2%' i 27" monitoring campaignresulting in some
corresponding SSMD values being close to those of the undamaged scamarithus being
incorrectly classified as undamagéa addition the median value of the SSMDs of each damage
scenario was compared with the threshold value seafdsensor to determine whether the bridge
wasdamaged or noEigure 4.14 shows the boxplots of the distributions relative to the data from

the sensor 12 for the 7 scenarios, obtained by the proposed NGAE: The value of the threshold has
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been set equal to 4.39 (dash blue lin€igure 4.14) corresponding to the 5% significance level
(Section4.2.4).By looking at these distributiond)d ones corresponding to the undamaged cases
are well below the threshold while, when damage is present, the distributions shift above the
threshold.From these results, it isvidentthat the proposed NGAE can accurately classify
damaged and undamagedrsagos.

In order to quantify the different levels of damage severity, the damage indices RSSMDs (Eq.
(4.34)) for each of the 4 recording locations were computed, and the results are shiguren
4.15. These results confirm thite RSSMD values obtained at the 4 sensor locations can generally
provide accurate assessment for the undamaged and damaged conditions. For low damage levels
as the ones on Aug 95 27", the RSSMD values from sens@s and 07 are quite small and
negative while those from sensor 10 and 12 are still small but positive. This difference in sign is
due to the fact that, for low levels of damage, the deviation of the testing data from the undamaged
training distribution isyuite small and this could result in different signs of the RSSMD vadlues.
is thenrecommended that the results from multiple locations be considered simultaneously in a
damage assessment strategy. For more severe damage conditions, like the failcoearéte
hinge or the failure of anchor headse tRSSMD values are significantly higher than the ones of
the first two damage scenarios, indicating that the bridge was under more serious cumulative

damaged conditions over the period of Aug'BBep.4".
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Figure 4.13: Confusion matrices of the binary classification for the Z24 bridge, obtained by the
NGAE (Q = 50). (a) The results from sensor 10. (b) The results from sensor 12.
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Figure 4.14: The distribution of the SSMDs for the 7 considered scenarios, with respect to the
sensor 12, obtained by the NGAE. The dash blue line represents the defined threshold linked to the
sensor 12, which is eshated equal to 4.39.
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Figure 4.15. The RSSMDs of the 4 sensors for the 7 considered undamaged and damaged scenarios,
obtained by the NGAE.
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4 4 Conclusions

In this chapter a New Generalized Autoencoder (NGAE) architecture, integrated with a
statisticalpatternrecognitionbased approach that uses power cepstral coefficients as the Damage
Sensitive Features (DSFs)pioposedor structural damage assessment. The NGafbe welt
generalized in terms of the component of the cepstral coefficients that represent the structural
properties of the overall system thanks to a newly defined enrdededer mapping. To validate
the proposed NGAE, two case studmese been presentesamely an 8 DOF system excited by
an external force anthe benchmark problem of the Z24 bridge in Switzerland, with various
undamaged and damaged scenarios. From the analysis of the results, it can be concluded that the
NGAE can successfully charactexithe overall structural properties embedded in the cepstral
coefficients by virtues of the newly defined encedecoder mapping, largely reducing tféects
of thevariance attributed to the external excitation and to the measurement noise. Thisikffect
result in an appreciable accuracy in the assessment of damage within the structural system. The
following are the main conclusions drawn from tthspter

1) Using the power cepstral coefficients as the inputs and outputs of the autoencoders,
benefiing from their compact and effective representation of the structural modal properties,
supports an efficient and robust damagsessment strategy by significantly decreasing the
network complexity. This leads to a significant reduction in overfittingléia and in the required
computational resources, in comparison to methods that use the recorded acceleration responses
or other traditional features.@.,natural frequencies, mode shapes, etc.) as the inputs and outputs
of autoencoders

2) The proposedNGAE has an important advantage with respect to the TAE in terms of

implementation: When modeling multiple recording locations of a system separately, the setting
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for the hidden layer size of the NGAE is fixed, as the desired output of the NGAE is defbeed
consistent across differeaensorocations. On the contrary, the optimal setting for the hidden
layer size of the TAE needs to change according to the desired output, leading to a relatively large
workload of coding implementation.

3) For the casstudy of the 8 DOF she#ype system, the values of the two considered
evaluation metrics (NRMSE and SDR) computed based on the NGAE are able to establish a more
robust training distribution (supported by the results of the Kolmog&mnrnov (K-S) tests)
leading to a higher damage detection accuracy compared to the traditional autoencoder (TAE) and
the PCA.

4) In the Z24 bridge case study, the NGAE considerably outperforms the TAE, successfully
detecting the presence of the damage and quantifying thagdaseverity for various structural

conditions.
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Chapter 5. A Data Augmentation Strategy for Structural Damage

Classification

5.1 Introduction

As discussed in Section 4the explosive development ofddhine Learning (MLmethods
in the last decadwas led ta large amourf researcleffortsfocusng on the application of these
techniquesn structural health monitoringhmong these methods, damage assessment strategies
based on supervised learnihgve been proved to be effective in identifying different damage
types and severity levels in civil structurg]. However, &hough supervised strategies can
provide fairly accurate damage assessment results, they neegest pral systematic model
training process that generally requires large datasets representative of both the undamaged
structure and the structure in different damage conditions, a requirement that cannot be obviously
satisfied when dealing with relde civil structures (i.e., buildings and bridgd6p].

For this type of structures, there is an abundance of data from the undamaged condition but
only a few data from the structures in the presence of damage. To properlym@ielathe data
from other damaged structures need to be included but this cannot be easily done when dealing
with vibration data. For example, two bridges with similar structural properties but different soil
conditions could have a substantially diffaredgnamic behavior. Therefore, in ML applications
to civil structures, many recent studies on damage assessment have turned their attention to the
development of unsupervised learning approaches, with the vast majority of data coming from the
structure ints undamaged conditioRor example, thdevelopedNew GeneralizedAuto-Encoder
(NGAE) presentedn Chapter 4 has been validated agacellentunsupervisedearningmethod

to solve such problems.
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Nevertheless, even when it is possible to bypaseetii¢ife problem represented by the lack
of training data from the structure in damaged conditions, unsupetemetng strategies show
poor performance when classifying different types of structural damage since it is challenging for
these strategies selfdiscover distinguishable hidden patterns in unlabeled data for classification
[83]. In recent years, in order to deal with the paucity of data from damaged structural conditions,
researchers have been exploring the esgnabf Transfer Learning (T)U84] from a rich and large
Asourceo domain to a Atargeto domain represen
TL is that a numerical/statistical model can be trained to gain theyabilitatch changes in a
signal from a domain with a rich dataset, and then transfer this knowledge to a signal from a
somehow related Atargeto domain with much ffew
order to better identify its structuralroditions[85].

Along with the development of TL strategies in SHM applications is the exploration of a
di fferent strategy, [86, toldéakwith tiieddatd deficianaygorolelemtirat i o n
structural damage conditions. Widely used in computer vision and natural language processing
[87, 86] data augmentation, by increasing the size and improving the quality of the training
dataset, is considered an effee solution to the problem of limited datasets, allowing the
identification of better ML models. In SHM applications, Zhalef88] useda 3D graphics model
to generate synthetic data for augmenting aweald image datset of crack bridge girders. The
augmented image data were then used to train a convolutional neural network for identifying
fatigue cracks in steel structures. Wan et[@9] developeda data augmentation technique to
geneate new samples of bridge monitoring data such as traffic flow, temperature, and strain, based
on an improved architecture of Generative Adversarial Networks (GANs). Through an

experimental study on data collected from a real bridge, their results shuoatetie proposed
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strategy was successful in augmenting the original dataset and consequently improving the
performance of both traditionaland neumaé t wor k cl assi fiers in eval u.
It is within this framework that the work contad in thischapteifinds its perfect fit.

The focus of this chapter is introduceour effortsin developing an ML strategyat can be
used for structural damage assessment in cases where only few data are available from the structure
in damaged conditns. In buildings, bridges, dams, etc., there is a large amount of recorded data
available: These data are mainly in the form of timstories of the structural response
(accelerations and/or displacements) to some external/ambient excitations. Thejoesy of
these data are obtained from the structure in its operational (or undamaged) condition and so such
a dataset can be used to train an automated algorithm in recognizing the structural characteristics
in the structur ebs agp eccusstonly afew data teeotde are réddtilg N d
available and thus a ML algorithm can only perform an anomaly detection operation. To train an
algorithm to classify different structural conditions (e.g., undamaged, small damage level, etc.), it
is necessadrto train an algorithm on a balanced dataset, where different damage classes have a
roughly equal number of data samples.

To achieve tls objective we developa novel data augmentation strategy based on a
Conditional Variational Autoencoder (CVAEYXchitecturg90]. Oncethis CVAE-based model
has been properly trained, can be used to generate new samples of a type of DSFs which augment
the originally unbalanced dataset. The power cepstral coefficients of the recandsdrait
accelerationSection 4.2.1ill represent the dataset of tbamage Sensitive Featurd3SF9
that will be augmented new type of the power cepstral coefficients is considered, which can
largely boost the performance and robustness of the algfmentation and consequently of

subsequent structural damage classification task. The robust extraction process and the stable
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statistical distribution of these cepstral coefficients support the approach of building appropriate
probabilistic recognitiomodels to describe them effectively. The proposed CVAE can use several
conditional independent Gaussian distributions simultaneously, to model the distributions of the
power cepstral coefficients obtained in various structural damage conditions in thepatese of

the CVAE, with the help of newly defined conditional random variables. The conditional random
variable of the CVAE, which is traditionally considered as the class label of a target dataset for
augmentation, is defined in thvgork by an unsupeisedlearning approach for addressing the
prior unknown structural conditions.

The augmented dataset of the cepstral coefficients can then be employed to better train a
Probabilistic Linear Discriminant Analysi®DA) [ 9 fnddel for greater accuracy in damage
classification. To handle the practical case of continuously updating the dataset with data coming
from the structural system, a slidmgndow strategy to timely update the classification model is

proposed, with the corsponding results of a real bridge structure presented iohhjser

5.2 Methodology

5.2.1 Cepstral coefficients of acceleration response as damage sensitive features

The performance of the proposed data augmentation strategy is investigated usypgswo
of cepstral coefficients of the structural acceleration response, i.e., 1) the original cepstral
coefficients whichhave beempresentedn Section 4.2.1and 2) a new type of weighted cepstral
coefficients.

As a reminderwhen extracting theriginal cepstral coefficients from a set of different time
histories of the structural response recorded on a stalislystenin identical conditions (e.g., in

the undamaged condition), the majority of the variance of the cepstral coefficients is attobuted t
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the ternT 1 in Eq.(4.6), while the contribution fronthe term— in Eq. (4.6) should remain
approximately constant for the various locations on the system, except for some inevitable
measurement noise. Such a variation can mislead a model built for structural damage classification
and prevent it from effectivelgharacterizing the overall structural properties embedded in the
cepstral coefficientsl o take into account such a variation of the cepstral coefficiatspnsider
to employa new type of the cepstral coefficienigichis originally defined ashe deired output
of the NGAE(as introduced in Section 4.2.8ccording toits definition in Egs. (4.12)-(4.15),
this new type of the cepstral coefficients asspecific weighted summation of the cepstral
coefficients from all recording locations of tegstem and thughey aren a med as HAwei gh
cepstral coefficients this chapter

Two important points are noteworthy here: First, the weighted cepstral coefficients in
definedin Eq.(4.15), are independent of the locations where thecttiral acceleration has been
recorded. Hencef we havea fewsets ofthe original cepstral coefficients e , , defined in Eq.
(4.8), from all therecording location® ph8 h) , they will only produceone set of weighted

cepstral coefficientsn e . Second, the weighted summat®n it ; 1 in Eq. (4.15) can help

shrink the data variance associated with the excitation and measurement location terms, indirectly
enhancing the contribution of the termn that is linked only to the overall structural properties.
Consequently, the weighted cepstral coefficients provide a more stable statistical distribution, i.e.,
a Gaussian distribution as demonstrate8ention 4.3and thus can be more easily charazéati
and fitted by a probabilistic generative model, compared to the original cepstral coefficients.

In thiswork, we investigate two methods of that use both the original cepstral coefficients in
e ; and the weighted coefficients #, respectivelyfor the next steps of data augmentation and

damage classification, and compare the results produced by both (Se®}ion
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5.2.2 Overview of variational autoencoders

The Variational AuteEncoder (VAE) is a type of deep generative models that are aimed to
simulate how the observed data are generated in thevoelal [92]; essentially, they are neural
networks with multiple hidden layers that are trained to approximate probability distributions of
observed data samples. The mmtsm of VAEs can be interpreted as an integration of
probabilistic graphicanodels[93] and deep learning techniques. The fundamental structure of a
VAE consists of two dual parametric inference models, termed as the pisiltabhcoder and
the probabilistic decoder, with a latent space between the two for sampling a latent variable. During
the training process of a VAE, the encoder is forced to learn a multivariate latent distribution that
approximates the posterior digtion of its input variable. A sampling operation is then
performed based on the approximate posterior distribution to generate latent variable samples,
which are then passed to the decoder with the aim to reconstruct the input variable as its output.
One the training is completed, the trained decoder of the VAE can be then employed as a

generative model to augment a limited dataset.

5.2.3. Conditional variational autoencoders

5.2.3.1 Motivation

A key disadvantage of using the decoder of the VAE as a generative model is that there is no
control over what kind of data will be generated, since it is difficult to define during the sampling
operation which part of the latent space of a trained VAEesponds to the exact type of data to
be generated. This can be problematic in damage classification problems when we generate data
that are representative of a particular structural damage scenario, since it would be challenging to
define explicit boundaes for different classes of data in the learned latent space of the VAE.
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Therefore we developa dataaugmentation strategy based the Conditional VAE (CVAE)
architecturd90] to control generating specific data that cqomesl to particular structural damage
scenariosFigure 5.1 presents the fundamental mechanisms of the VAE and of the CVAE to

intuitively visualize thalifference between these two network architectures.
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Figure 5.1: The fundamental mechanisms of the VAE (a) and CVAE (b).

5.2.3.2 The mechanism of the conditional variational autoencoder

To introduce the concept of the CVAE used in thisk, let us consider a dataset  that
accounts fob independent and identically distributed (i.i.d.) samples of the observed vavitable
'Y , wheree, in this case, is a vector containing trdues ofd cepstral coefficients (the original
ones in Eq(4.8) or the weighted ones in E@L.15)). A probabilistic framework of the CVAE can
be established by assuming that the dataset is generated through a random process that involves a

latent variable» and a condition variabkt For a gi veln t«lo®edivse edoroawn fr
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the conditionaf »gpr,i sarsdiobt mi mewdi dmom the ¢

n emh-, expressed as:
R gk

oX 1 OSDFI-{IF

(5.1)

where the probability density function (.) is parameterized by a set of parameters, termied as
The objective of the CVAE is to maximize the conditionatligglihoodi 17C e, i.e., to

find the set of parametgrsthat maximizes the lefikelihood of the vectom, given the condition

variabledk This can be implemented by means of a Stochastic Gradient Variational Bayesian

(SGVB) framework[94]. Since maximizing the conditional ldikelihood directly is generally

intractable, the variational lower bound of the conditionalllkgl/ihood can be used as a surrogate

objective function to achieve a more feasible soluf@&), which can be written as:

I TRCegk  +. N " A gk % Rk 1 T0C ey (5.2)
where the operator , 1 8 1 8 represents the Kullbatkeibler (KL) divergence[36]
between the distribution§ 8 andry 8, and the operato¥% g1 InC 8 stands for the
expectation ofl THC 8 based on the distributiof 8 . The distributionr; »seRlE

parameterized b¥%y is set to approximate the true posteriatrithutionr) 'soﬁ{'f. The first term

on the righthandside of Eq.(5.2), i.e., the KL divergence between the approximated posterior
n ek and the conditional priai s, provides an indicator of how close the posterior

distribution is to the prior distsution; the maximization for the rigttandside of Eq(5.2) forces
the 2 distributions to be as close as possible, and so this term functiorsgataszation term.

The conditional prior is generally set as a standard normal distributiom i.es{} 0 mhé

[94], so as to provide an analytical solution (marginalization) for the KL divergence term. Note
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that, alttough the prior distribution of the latent variables constrained by the conditieﬂa it is
reasonable to relax such a constraint so that the priorcah be modeled to bstatistically
independent of the conditidg i.e.,’j g 1 » [90]. The second term on the rigand
side ofEq. (5.2) can be interpreted as the reconstruction of the implatough the logikelihood

1 1nC osJ]}Fn based on the sampledfrom the approximated (learned) posterior distribution
N ogeh.

With the above probabilistic framework, an architecture of the CVAE can be set up, where
the estimation of the approximated posterjor bsoﬁ{'f is considered as the encoder of the CVAE,
while determining the likelihoot] esiff» as its decodeGenerally, thévlulti-LayerPerceptions
(MLPs) [78] can be employed to form the structure of the CVAE, which then consists of 1) an
encoder network, 2) a decoder network, and 3) a hidden layer to generate the latent Mayiable
sampling from the approximated posterior distribution ssehik, as showrin Figure 5.1 (b).

Training the CVAE is aimed to maximize the rigtand side of E((5.2), i.e., tominimize

the KL divergence between the approximated postérions-ﬁ{'f and the conditional prior
N gle, while maximizing the reconstruction kigelihood 1 /G eglih» basedon the
approximated posteriay »goﬁ{'f. As common practice in optimization problems, maximizing

the righthand side of E(5.2) can be converted into a minimikat problem by changing the sign

of the entire expressioiihe objective loss function of the CVAE can be now expressed as:
O R 6o +. N AT gk % ek 1T & esiflf (5.3)
Since the goal is to reconstruct the vectors of cepstral coefficients, i.e., a typical regression

problem, the Mean Squared Error (MSE) between the mpnd the reconstructed outputan

be used to substitute the reconstruction M yeRlk 1 T G ey .
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In summary, the objective of the CVAE is to jointly optimize the encoder paramef&rtset

achieve a distributiony »goﬁ{',: as close as possiblefjo »g'— , andthe decoder parameter get

to reduce the reconstruction loss. Hencefitted objective loss function can be then expressed as:
0 eRlM e +, 1 il N gk - 3 ehe (5.4)

The implementation details of modeling the CVAE and the data augmentation proddss wil

discussed in Section 2.5.
5.2.3.3 A new strategy for defining the condition variable

The condi tkten bariabéepreted as a representa

e. g. ., a class | abel of the data obtained fro
model ed as a categorical variabl e sfioll owing a
0 &m 8 M (5.5)
1

where the discrete probabilitigs(for 'Q ph8 RQ represent the probabilities of the occurrence
for each of théQclasses, witlt denoting the total number of events. In the study that proposed
theCVAE,thisconditionvariabl#was assigned by simple categor.i
represent various class labels of data samples. However, in our case, when faced Wimdata
reaktlife structural systems, we do not know all the class labels of given data samples in advance,
because of some unknown structural conditions. Besides, it is sometimes difficult to clearly define
the boundaries among various damage scenarigfogressive damage conditions) to explicitly
label the collected data, leading to a mixture of different damage scenarios.

In this work, an unsupervised learning strategy to define the condition variable !#éstor
proposed, wher#:is set equal to the mean of the samples of a dataset to be augmented. This mean

can be representative of a specific damage scenario, or of a mixture of several consecutive damage
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scenariodinked to the dataseket us consider a structure that is morgtbatd locations and

that0 events have been monitored. Consequently, the available dataset can be represented as

n

n - Such a dataset accounts ford) samplese; N 'Y ('Q pfB R andQ

®h
pf8 i) ), where each sampkej contains the) original cepstral coefficientsy, 13 for i
ph8 R extracted from thé&) record of the acceleration response at@ieecording location
Then, he condition variablgris dependent on the locati@and so it is denoted g8 (Q

pfB8 AY ); it can be interpreted as the locatidependent mean of the vecters for 'Q phed,

defined as:
p
% % = o (5.6)

In such a way, the condition variable vec-ﬂorcan help preserve local characteristics of the
cepstral coefficients at the locatiéhwhen generating new data samples.

When using the weighted cepstral coefficientssinthe condition variable vectgkthen
becomes independent to the locaft@mwhich is thus termed as the simple mean of the veetors

for'Q phaY (i.e., the global mean of all data samples in the training set), defined as:

p
Jﬂf 5 ° (5.7)

Accordingly, whengenerating new data samples for the weighted cepstral coefficients, there will
be no consideration of the local characteristics of the cepstral coefficients from a particular

location.
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5.2.4 Probabilistic linear discriminant analysis

In thiswork, the Probabilistic Linear Discriminant Analysis (PLDJRJL] model, builtby the
training dataset augmented by the CVAE, is employed to perform structural damage identification
and classification. The PLDA is a probabilistiasien of the Linear Discriminant Analysis (LDA)

[ 9 that is a classical technique for data dimension reduction and classification in a supervised
learning strateg{to be introduced in Section 6.2.Readers can refer [@1] for details about the
derivation of the PLDA.

An important distinction between the PLDA and the LDA is that the former can be used to
handle classification tasks for data classes that are not present in the training daiagst.
extremely important in SHM analysis of civil structures because available databases are usually
comprised of data from undamaged or from unknown structural conditions. For convenience, in
the following illustration, classes of data that appearn ttaining dataset of the PLDA are
referred to as fiseeno classes, while those th
to as Aunseeno cl asses.

For parameter optimization of the PLDA model, the stud®1i has provided a closefdrm
mathematical derivation that can analytically solve the optimization problem based on a
maximumlikelihood framework, with the prerequisite that each of the classes in the training
dataset contains the same number of samplesprasiously noted, in redife damage
classification problems, this is generally not the case due to limited data available for different
structural damage conditiondence, lhe data augmentation strategy proposed inctheptercan
help solve the problem of the unbalanced training dataset by generating additional samples for the
limited data of various structural damage conditions, so that there is an equal number of training

samples in each class.
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The cl assi filassesis atypicabstipenrisgraimg @robdem that can be solved
by determining which class the testing data should belong to. This can be done by calculating the
likelihood that the testing data belong to each class separately and then assignirey tihéheat
class with the maximum | ikelihood. Il n contr as/|
an unsupervisetkarning problem and can be solved through hypothesis t¢8@ihdgspecifically,
two likelihoods, corrgponding to the probability that a testing dataset belongs and does not belong
to a Aseeno class Iin the training dataset, ar e
as loglikelihood ratiol 1Y) between these two likelihoods is calcuthte/nder the assumption
that the prior probabilities of two datasets belonging and not belonging to the same class are equal,
a positive value of the lelikelihood ratiol 1Y indicates the two datasets belong to the same class.
On the contrary, a negativalue ofl 1Y represents that the testing data cannot fit within the class
considered. If the testing data do not match with any previous classes, then the new testing data

will be corresponding to a different structur

5.2.5 Implementatiorof data augmentatiorbased damage classification strategy

The implementation for the proposed data augmentaiged damage classification strategy
consists of two main components: First, a CVAE architecture is built and trained foeatirgg
the original unbalanced training dataset so to obtain abatdihced training dataset that not only
has enough training samples for all the damage scenarios, but also contains an equal number of
samples in each of the classes. Second, the augiieateing dataset is subsequently used to
better train a PLDA model whose parameters can be analytically optimized.\motkjs sliding

window strategy to timely update the PLDA model is proposed so to handle the practical case
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where the training dasat is continuously updated over time because of new data recorded by the

monitoring system.

5.2.5.1 CVAE hyperparameters

As introduced in Section 2.3, the Multayer Perceptrons (MLPs) were employed to build
the CVAE architecture, with the hyperparamgtghown inTable 5.1 These values were selected
based on a series of tHahderror calibratiorand on t he r[u7d.6]snoteworthy h u mb
that the cepstral coefficients, by virtue of their compact representatiba sfructural properties,
greatly simplified the structure of the built CVAE architecture, thus speeding up the training and
data generation processes with much less computationally demandingoeffmptsred to existing
deeplearning methods used in W08-based structural health monitoring framewof88]. The

requirements for computational resources are described in SB&i6én

Table 5.1: The calibrated hyperparameters used for building the CVAE architecture.

Property Val ue
Input/Output layer size 50
Intermediate layer size 32

Hidden layer size 10

Activation function

(intermediate/hidden layer) Sigmoid
Activation function dentit
(Outputlayer) y
Epoch 200
Batch size 32
Learning rate 1e3
Optimizer Adam

5.2.5.2 CVAE training and data augmentation

To introduce the implementation details of the training process of the CVAE and of the

proposed data augmentation strategy, let us first consider a situation where an initial training
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datasete j p] is obtained from a structuralystem that has already experienoekhown

damage scenarios (i.&.,fis een o da mdlyseinitial traantg damget. consists f
samplese N 'Y ('Q pMB hy ) for each damage cla®("Q pfB hy), where each vector
samplee ; contains thed considered cepstral coefficients (either the original ones or the
weighted ones). The value of the condition varigplecorresponding tthe classQin the training
dataset can be set by using one of the 2 strategiesnf@es=arlier, i.e., 1) using the categorical
values or 2) using the mean vector of the samples in €¢8sction5.2.3.3). Our goal is to
augment this initial training dataset with additional simulated sample vectors so that each damage
class has the s® number of samples, i.6., Q pf8 0 . This allowz us to better train
the PLDA modeby the analytical solution for optimizing the model parameters (Sebti4).

The CVAEbased data augmentation can be performed either for alb tldasses
simultaneously or for each individual class separately. The former approach is adopted in this

work. To generate new training data samples for allith@asses, the initial training dataset

o 2 is first used to train #@CVAE architecture with the hyperparameters showralie

5.1 Based on this initial training dataset and on the theory discussed in Se2ti®n2, the

objective loss function of the CVAE can be expressed as:

h

0 ®h A ﬁ:I]F M 6o

(5.8)
- 3 %e e OOn &y Qeph ~ 0 ip
whereOrepresents the hidden layer dimension, which is selectedl ¢g 10 in this work.
Qr "Q represents th&)" element ofthe sample»; that is sampled from the approximated

posterior distributionfy 8 by using the reparameterization trick introduced [@¥],
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corresponding to th#) data sample of th€¥' class. The KL loss (the second term in the curly
brackets on the rightandside of Eq.(5.8)) in this case is equivalent to the sum of all KL
divergences between each afimensional componenit ¢ Qe Rt (Q prEHO of the
approximated posterior distributien 8 and the standard normal distributiénrip .

After completing the training process, the decoder of the CVAE is separated and used to
generate) 0 new samples for each cld€'Q pFB h)). For each clas§ ¥ 0 new
samples of the latent variablg, "Q pMB h ¥ 0 are sampled from the approximated
posterior distributionf) 88Then, the newly generatedl 0 samples»; and the

condition termd= are input to the decoder to generéite (0 new samples; Q

pB8 h 0 . After finishing the data generation for all theclasses, the initial training
dataset e 2 and the newly generated dataset n " are combined into a new
n

augmented datases that will be used to train the PLDA model (Sectop.4).

5.2.5.3 A slidingwindow strategy for damage classification

Let usnow consider the practical implementation of the algorithm inligaproblems where
a structurakystem is continuously monitored, i.e., data that may or may not represent new damage
scenarios are continuously acquired. Hence, we propose a shkigidgw strategy for damage
identification and classification, where the CVAE and PLDA models are colystqatated with
the | atest finewd data to timely expand their-r
The peviouswork in Chapter4 hawe presented the noveinsupervisedearning method,
based on the autoencoders with proper statigtatiérarecognition strategies, for a binary

structural damage classification (i.e., a damageot classification)In this methoda training
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distribution of the DSFs repsenting the undamaged state of a monitored structural system is first
established and subsequently used to determine whether newly acquired testing samples are
obtained from the system in a damaged state or not. Imvtitls we focus on the case of mullti

class damage classification problems, where the number of the known types (classes) of structural
conditions is greater than one, i.e., including the undamaged condition and at least one class of
damaged scenarios. The proposed slidumgdow strategy cabe described as follows:

1) Consider an initial training dataset, with (Q p) training samples obtained from the

system in undamaged condition, denotedeas ,and0 (Q () training samples from one

known structural damageenario, denoted a9 . Let us assume the realistic case where

there is a sufficient number of samples from the undamaged condition while the set of samples

corresponding to the damage condition is small and need to be augmentéd (i.e( 0 ).
Using the proposed CVAE modéi, 0 new samples for the damaged scenario can be
generated so thas becomese . At this point, the two datasets corresponding to the

damagedandundamagl s cenari os can be considered as re

of data and used to train a PLDA model, with the analytical solution to optimize its parameters.
2) When a new datases is acquired from the system in an unknown scenario, we

firstly check whether this new dataset belongs or not to one of the existing classes. This is done by
computing the lodikelihood ratios between this new set and each of the previous training sets
(Section 2.4). If the newly obtained data belong to one of the 2 existing classes, the corresponding
class label will be assigned to them (i’@., p or ¢) and we move directly to the next stage to
acquire the next round of new data from the system. Ifuhemt dataset does not fit in any of the

previous ones (i .e., an@Q owilscasignedtcil, fallsveed by t h e n
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splitting the dataset into two subsets, namely, ene for testing, and the othes for
generating new training samples, with 0 O . The sete will be used to retrain
the CVAE to generate new samples so tlegf becomese j . The remaining subset

o will be retested over the augmented set; to validate the accuracy of the

generated samples. Afterwards, the PLDA model will beai@ed over the updated training data.
A flowchart summarizing this slidingindow strategy is given byFigure 5.2. Its
effectiveness has been validated by the experimental data of a real bridge structure, the results of

which are presented in Sectibr3.2.

A 4
Prepare initial training sets

of the undamaged and the End
1% damage scenarios i
No
¥
Build and train a CVAE for Yes
generating samples for the
15" damage scenario .
k4
Build and train a PLDA Re-train the PLDA
model by the initial model with the updated
augmented training sets training set

A

L 4

Hypothesis testing for
vahdating effectiveness of
the generated data

Hypothesis testing for
validating effectiveness
of the generated data

Newly obtained dataset

- A
from unknown
structural condition X
Hypothesis testing to Re-train the CVAE and
determine the class of the generate new samples
newly obtained data for the newly obtained
dataset

'y

One of the
existing
classes?

Assign the existing .
»  label to the newly Assign a new label to

obtained data the newly obtained data

Yes

x

Figure 5.2: A flowchart of the proposed slidingwindow strategy for structural damage
identification and classification.
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5.2.6 Computational requirements

The built CVAE architecture, for generating data samples of the cepstral coefficients, can be
used in rapid data augmentation tasks (Sedi8hwith moderate aoputational requirements
because of its concise and easyup structure. The built PLDA model, as a-deep learning
probabilistic classifier, also does not require excessive computational resources. The CVAE
architecture and the PLDA model evaluatedemem on a standard computer with Intel (R) core
(TM) 3.89 GHz CPU and 16 Gb of memory. The code was written in MATLAB (for the cepstral
coefficient extraction) and Python 3 (for the CVAE and PLDA modeling). The CPU time for the
entire process of the cogfent extraction and the training for the CVAE and PLDA model is
about 308350 s for the numerical case study of the 8 DOF system (Séc8idr), and 1500 s
for the case study of the Z24 bridge (Sectd2). Therefore, a standard machine with oR&JC
could easily provide the required computational power and speed neededife réamage

assessment applications.

5.3. Numerical and Experimental Analyses

Two case studies were conducted to validate the effectiveness of the proposed data
augmentatiorand damage classification methods. In the first sasgy(Section 5.3.1)cepstral
coefficients were extracted from the simulated time histories of the structural accelertti®d of
DOF sheattype discrete modeF{gure 4.4) considering a variety of structural conditions. In the
second case stud$ection 5.3.2)the cepstral coefficients weagainobtained from theecorded

acceleration responsé the Z24 bridgdSection4.3.2).
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5.3.18 DOF shear type systeinCase 1

The lumped mass model of an 8 DOF shgre system, shown ifigure 4.4, is again
analyzed in this work The baseline stiffness of the vertical elements is sefQto
¢l Q pfBhp,andeach massis equalto pQAQ  phB hy . The assumption
of modal damping is used, assigning a damping factor ofp bfor each of the 8 vibrational
modes.To simulate different operational and damage condititims, samesixteen different
scenarios as shown Trable 4.3were considered. For each scenario, the atxart is provided by
8 different external forces applied at the 8 DOFs; these forces are all modeled-asaero
Gaussian white noise signals with the zerderhold (ZOH) assumption. Their magnitudes are
set to increase gradually and linearly from toé&dm DOF (% DOF) to the top DOF (8DOF),
with values from 100 N to 800 N. Each realization of the forces has a duration of 500 seconds with
a sampling period of 0.005 seconds (200 Hz sampling frequency). The generated acceleration time
histories at the 8 DOFs are then corrupted by a 1095 RdAussian white noise to simulate
measurement error.

A total of 900 realizations of the acceleration response were simulated for the 9 undamaged
scenarios (100 ones for each of the 9 scenarios); for each scenario, 80 realizations were randomly
selected tdform the training set corresponding to the undamaged conditions (a total of 720
realizations), while the remaining 20 realizations were used as testing set (a total of 180
realizations). When using the original cepstral coefficients from every DOF weeeea total of
X ¢ MY v X gseguences of the original cepstral coefficients extracted, which thereby formed
an undamaged training set of 5760 sample veotgrs (Q pHB Ix ¢ mnd'Q ph8 hp).
Alternatively, using the weighted cepstral coefficients, a tofaf20 sample vectore ('Q

pFB Ix ¢)mvere created to form the undamaged training set. Similarly, for the undamaged testing
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set,atotalop Y MY p 1 Tsamples ok ; were obtained for the original cepstral coefficients,

while this number reduces tototal ofp Y samples od for the case of the weighted cepstral
coefficients. With respect to each of the 7 damage scenarios, 100 realizations of acceleration
responses were simulated to mimic the-fidalsituation where the unbalanced trainingadatth

limited ones in damaged scenarios are typically obtained from the monitored structural system.
Half of those were randomly selected as the initial training dataset, while the remaining half ones
were used for testing.

In this analysis, the first 4ainage scenarios (i.e., scenarios 11B) were selected as the 4
Aseeno damage cl asses, which were used to tra
damage classes. The training set of the undamaged class (i.e., scenfjiasd the 4 augmézd
training sets of the 4 fAiseend damage cl asses
tested using the corresponding 5 testing sets. This trained PLDA model was then used to identify
the 3 Aunseenod damagée 16 thraighghe siypothesis eesting stsategyn a r i «
(Section5.2.4).

Before investigating the classification performance by the PLDA model, we first checked the
accuracy of the new samples generated by the trained CVAE, since this is essential to the
implementation of theroposed damage classification proc&sgure 5.3 provides a comparison
between the cepstral coefficients dr, or e , and the corresponding ones generated by the
decoder of the CVAE, for the case of scenario 10. For the originatrakpoefficients irm j
(Figure 5.3 (a)), it can be observed that the generated cepstral coefficients differ considerably
from the real ones whdhe condition variabl¢|=isd efined by the categori ce
while they are quite consistent with the real ones whisrequal to the locatiedependent mean

vector of the training set. This is because the condition vadhhhéined by categorical values
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treats all the cepstral coefficients for each location equally, without taking into account that the
cepstral coefficients obtained at different recording locations are different. This will end up
generating new cepstral ciefents that are close to the global mean of all the data in the training
set (Sectiorb.2.3.3). In contrast, using E¢p.6), it will allow us to account for such\ariation,

thus generating cepstral coefficients that are strongly correlated with the real ones, as shown in the
Figure 5.3 (a). When using the weigéd cepstral coefficients im (Figure 5.3 (b)), being already

a specific weighted average of the coefficients from all DOFs, the real and generated coefficients
are quite close to each other, regardless of the strategies usedéotidefcondition variablu#e
Moreover, as discussed in Sectib2.1.2, the weighted cepstral coefficients are an enhanced
representation of the overall structural properties, since a large amount of variance associated with
the excitation and measuremenise has been removed (these coefficients follow a more compact
Gaussian distribution.). Accordingly, the data augmentation process for the weighted cepstral

coefficients is more robust, making it easier to generate accurate new cepstral coefficets.data

Figure 5.3: A comparison between the reatepstral coefficients and the generated cepstral
coefficients. (a) The case with original cepstral coefficients. (b) The case with the weighted cepstral
coefficients.

Let us now focus on the results of the damage classification based on the augmented training
dataset and on the PLDA modElgure 5.4 shows the Receiver Operating Characteristic (ROC)
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