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Executive summary

The present pubBi @ CeHROWéBLaEEed8]! Mi git al t win
i nvothesdevel opment-ba@asedodaiwd phigtea Os Dheéeaér alwl n
objective is to estsalplsiosthhueal 8 r amewer k b tf ea ti anee
within the project solution.

I provides the outZhhat®s i Y eomDtgekaB. Twin -Model
Based Digitabniwtalskio@8gmat ed Buil di ng. Digital

Théntrodsetctom@mn gives a summary report and tl
the proJletfoll ewehagt esctchi@®iogniottahlc oTwieynsf uncti on
overvi ews, ii) technical description, i i i) me
specifications. Additiomnaltlegr aseoni adrev®| 6 d me o
with the Common Data Envipoermemt na@CPDE]) efsofri nat
di fferent case studies are presented

Concl ucsh aoppseavasesmary ofouthceomeas nof the devel
DTs and their integration, along with the fut
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TERM DESCRI PTI ON

APACH/Appl i caAiiGomdfi ¢ n oiHe antgE nagnidn e er s

BEM Building Energy Model

BI M Building I nformation Modelling/ B

CDE Common Data Environment

DDDT Dat a DDiigvietnal Twi n

DSM Dynamic Simulation Model s

DT Digital Twin

HVAC |Heating, Ventilation and Air Cond
| FC l ndustry Foundation Cl asses

l oT I nternet of Things

MT E Model Translation Engine

ucC Use Case




1l ntroducti on

The Diudilt al Twin (iDT)CHRQ@NIe@IDD kencttegr atdeas abot |
dri veennp hys-baseadpproaches tcompt eda &y naantioa e | of
bui Ispiemd or mance.

Thdatda i vefnocDulses-t omer eéalt a col lodc tdied mackuan tteh g
capture t hbee heawaolfivaitogcupantds HVAC .sMesatnewhsi | e, t
physhasedudDebsl WMlasemddedmnsd dynamic thetmalsi snumaltk
Awhiat o scenarios and plan for renovation stra

The combinationsefisboé¢edh Ddhspoetei ce olni ftdec Yoal
Toget herBIl Mietchhno,l tolgiises caneat esOoOV ataimeesourpkpor t i nc
CHROGLE project. Thiesseeav elad p rileoery apcrshoijeevcitn go b |
such RasovaRlioommeasures WP3 and I nbher UBlegys of t
Enhanced Building Performance Assessment of W

1.3cope and objectives

This deportihbeesdevel opment hoatdhdéntlaegvemni amdoph)
baséedi | dDimgd al Tiwn nGHRONIstELEet ai | s the funct.i
descrimetbaoadolamgli eesequi rement s, concluding wi
presented as Tlseensgiuchée € ssalipmporting sever al

renovation scenar iTohse fsotru dpy | cootv amusimpdhiermgEsefsa tgino
i ndividual,whT | modckealssuri ng meaningful i nteract
Common Data Environment (CDE) .

The mbhject@aireesi sted bel ow

|. Develop Data-Driven Digital Twin Model

1 Define a data-driven methodology and develop the relevant components to model
occupantsdbehaviour expressed through occupancy & comfort profiles.

1 Define and develop an agnostic and data-driven methodology and develop the
relevant components to model occupant specific operation for key assets including
HVAC systems and electric water heaters.

1 Implement a KPI calculator for human-centric indicators based on the methodology
defined in T2.3.

1 Develop a component facilitating a data-driven predictive maintenance approach for
the assets mentioned above, based on historical data.

.  Develop Physics-Based Digital Twin Models
Create 3D BIM-based models for pilot buildings.

Enable dynamic energy modelling to support lifecycle planning and performance
optimisation.




1 Predict Long-Term Performance over a certain period to anticipate maintenance
needs and optimize efficiency

[ll. Integrate Data-Driven and Physics-Based DTs
1 Establish the integration framework for the DTs and the CDE.
Ensure the requirement coverage for the CHRONICLE UCs defined

Design APIs to facilitate communication between DTs and other project tools.

By achieving theser diigwokt kvies arbatee tionsgieghht s t
usewist h an i nf omarkidn g epcriccsdceogmer débrimainiceéi.agsessr

l1.2nt erdependencies with other tas

The devel opment for the DT Fr asmerwoorgkl tyfher pCHR®I
survieysluding the BuMIlttledigslieaptdiiash,ewe | | as th
depl oymeconhedcbet he CDE. Amdiei hododddgWe2 timest
compl.eQuerdr ently, the focus | oéstbe 1 bd dewege
Digital Twinmd Hiagudr h o ws a <chart mapping thos
interdependenci es.

T 5.1 Ex-ante surveys of pilot sites and IoB deployment

Pilots assessment and IoT infrastructure ﬁ

T3.1 Common Data Model Design & Common Data Environment Development

IoT connections, data exchange and interoperability

T3.2 Data-Driven Digital Twin Models

WP2 Hollstic Bullding Performance / Algerithms frzgiiic‘:lep;rwaciﬁ.tzt;ienlc:rcfiIes and T T3.4 Integrated Digital Twin fr k
Assessment Methodologies P

APIs to enable seamless communication building
Architecture and methodologies definition 3.3 Physical Building Models / performance assessment and decision support

Baseline energy models for initial analysis of
building energy performance

Figurelnterdependencies between project tasks




2Datda i ven Digital Twin

2. Auncti Owneal vigw

The cwrercgariton reports t S . ivDartBr anenrBisgil tas,] oT wi
focused on the development andddievewebiygiotfal h
DT) . THhder idvaetna component of the CHRONICLE Digit

for model |l ing the occupa-apediefhiaovi bur | cdanmdg oy
agnostic, data driven manner. Specifically,
compri si AYT tahree DDy nami cal ly trained basemdd on r
electricity usage patterns, with mini mal I nf c
DDDT ai ms t o i nitfreo dauscpee crtesali n bui |l di ng si mul at
of t he -bpahsyesdi ccomponent of CHRONI CLEGdGamewo elgr
eventually bridging the gap between simulated

2. Rechni cal Description

2. 2Dalt a dri venArDd lgiittead t U'we n

The conceptual ar c-Dirt evatsu rfei resft D@reel c DOCHReGIN | ICh
Business requirements, Use Asasdspi&kEitSgy@drteetnh ear
conceptual architecture reflecDledandei thaiinntcea
with other CHRONI CLE componkadsesd DEMERNW It He
Common Data Environment (CDE).

Data-driven DT g]
(1) Occupancy profiles, E
Asset Profiling Engine (2) Visualthermal comfort Physics-based DT
boundaries
Predicted asset (3) Asset power consumption
power consumption forecast (HVAC, EWH)
4
Predictive maintenance analytics
Calculator
&
Occupancy & Comfort (1)Electric load consumption
Profiling Engine (HVAC, EWH);

(2) Device status

Occupancy models (Setpoint temperatures);

& comfort boundaries (3) Weather data;
(4) indoor conditions;
$ Human-centric KPI Calculator (5) other
(1) Energy metering data
(electric loads consumption - (1) Oceupancy comfort
HVAC, EWH) (2) Visual & thermal
(2) Electric device comfort boundaries
siatus & setpoint (3) Asset power consumption forecast
(3) Indoor ambient & IAQ_ (4) Predictive maintenance KPIs
sensors data; (5) Human-centric KPls

(2) IFC data & metadata
(building/zone/space GUID);
(3) weather data

Common Data Environment £]




4

Fi gRrbeDDT conceptual architecture and intere
components

2.2Da&2t a drivenSbDhgom@adndnmt n

Foll owing the devel opment activities of T3. 2
respective services, designed t o addr ess al
devel oped and delivered. I n its -Tcromenmt sear I i
core coll ectsiedarnws cefs: mi(dnothe Occupancy and ¢
profiling; (3) the Predicti-eenmaiatkKkBRlancal caln
The scope and functionalities of each collect

introduced bel ow.

Occupancy and c onifhoer tc oprloefcitliioong:of t he occupat
mi croservices i s responsible for detecting |
reflecting the personalised comfort preferenc
occup&ng®8peovides an overview of the subcompo

Occupancy and comfort profiling 2 |

% Occupancy profiling service

Occupancy profile \%

% Comfort profiling service

FigwBrGccupancy and comfort profiling mi
Comfort refers to both ther mal and visual com
is followed for both aspecbs, ttAlke add¢c cparsdcy t a
profiling services use | oT data fron ed vam osnint
to infer the -prrioend emanmera. dlahtea occupancy and
from this <collection aim to be usednamomrmg K&
cal cul ati on, e n hbaansceed tDhTe sPihnyusliactsi oenrse nwietsh aana
behaviour al patterns of the occupant s, and
CHRONI CLE components by reducing the simulat:.
Asset prloHda lasigget profiling mikirgpdreaivsi creess pcoonls
for predicting and/or forecasting the power c
hi storical data of their operation without pi

and specificities.




Asset profiling £
AC split unit profiling service

Air-to-water heat pump
profiling service

Electric water heater
profiling service

FiguwureAsset profiling microservice:
Each service of this collection has been desi
|l oad with focus on the infrastructure availab

process conducted within T5.1s Eaeei fbieeal | de
addressing the operation of three types of sy
water heaters, atmalat@aepbempptegstamravail able a
buil ding, La Sost a.

Predictive mdaihret emraencdiect i ve mai ntenance col |

identifying irregularitiesmapothel acstbci tahod

sites which might be early indicators of malf

Figure four (4) services havecobheert fomes dHonwe

met hodol ogi cal approach is commonSdotrd.a3.13 ass
Predictive maintenance = |

Electric water heater (—
Event detection

AC split unit
Event detection

Air-to-water heat pump
Event detection

O,
% Asset fault

detection diagnosis

AHhH (HH

Detected events

Fi gwbr ePredictive Maintenance Microse.l

Humamentric KPIlsThal bwhattirarc: KPI cal cul ati on
algorithmic i mplementation of the methodol ogy
ir2. 3 Buildings for People Assessment Methodol




Human-centric KPI calculation 2]

E Comfort KPI calculator

g IAQ KPI calculator

$ Well-being KPI calculator

g Social KPI calculator

Fi gwr eHumaemtric KPI calculation micros

Respectively to the KPIB2dZHKRPNIN ICLE dgmhiamed W
approach for building and,LQG opmer fcarl maunl cad oa sss en
mi croservices to address each categor-dgr iameln, pi
and -BaMed) . More specifically, these categori
We blei ng, and Soci aHi.g uyse bdoetphi cd eeadu piamncy model
boundari es cal cul at ed by t he occupancy and
requirements for the -cahtuiatK@hsof As hehd&lumat
calcul ation formokeasrior KPhe Hasmabheen reporte

are not discussed further in this report.

The modelling and met hodol ogical approaches f
profiling, as well as the fault detection bas
foll owisegtsoms. For some services that have b
i nucdi ng occupancy, comfortdandi peediuotéeveewmaew

solutions has also been conducted and anal yse

2. et hodol ogi cal Approach

Thi s swicltli oitmn cd wedrev iaew of ft dilel onee¢ dh ofd@d otglye de v e
di fferdanti vkent @i gi tal Twin subcomponent s.

2. 30clcupamd@ygmf ort WNMrofobengices

Occupancy

LiteraturZhanmrg i(eWw adhang edomduct e2d2&2n ext ensi
the challenges and advancements in occupancy
existing met h-Bdemi ahd -Bawnwglde®gcupancy profili
bel ow.

Sin®Robem Occupandy et @di ead .. et ialtrod2a@2blpsaedi s

deep | earning approach for detecting amdmel a:s
of fice environment. The study wutilised a Con:
camelraased i1 mages antdi ge neadade@a reymil ssi on profil




as
ma
ayv

Deep Learning Influenced Profiles (DLI P).
nagement systems, particularly for optimisi
erage detection accuracy of 80.62%, wibWw tfF

providing more accurate estimates of heat ga
However, the study highlighted the need for f
supporfocmubptant dedate c(ddiionn .et addr es2s0e2dl )t he cha
optimising |ighting -rsoycesmh eof fciomma r ®h v iirno nsmemglse
response approach. The rese@rmircén pMopelseBr adina©
(MPC) method, | everagidbgsedidmpbrBNeuBbahiNEt wa l
to i mprove the accuracy of occupamasedprseystcdr
often suffepoéetisfrbmatiahgeto di scomfort-ABRd i n:

MPC met hod integrated hansdt olyie qgead n toicalu pfasmatyu rdea

a

tr
p o
i
ocC
ma
i n
an
us
Qu
Fo
i
ac
us
ma
mo
st

pr

w
c

prediction accuracy o@ff fTE7 f4Bmarvd.hedecciumg efne
aditional del ay methods) to just 0.6 times
tenti al f or wingreirfviadd mtn ewhdar gy emhancing us
ghting S8iimghupagdioamgsh. etfatuse@20dB8)esti mating
cupants in a single room using multiple he
chine | earning models. The researchers depl ¢
cludedst gwmnamnusi ve seCprdsempecht ase, i Il um
d motion sensors, configured in a star | ayo
ing several supervised | earning algorithms,
adratic Discri@bApant SAppbysi &ector Machi ne
rest (RF). A uniqgue featutriemede@O ves, fcalmcalh:
near regression, significantly i mproved mod
hi eved the highest accuracy of 98.4% and an
ing Principal Component rAomil ye,i swi(tPCAt)h ea | rseot
intaining reasonable performance metrics. T
del toorlksmeaesy and t e aisrecdo rfpecartautree st iimme f ut u
udy' s real data wil|l be used in | ater secti
e

diction met hods.

i l-dewnegl OccupankRggietodePsgi | et prlesen2e@ed9)

D X 3 5300 oI OO

I
n

T OO d® DO Y TFTO!mMOYHL ;MO —O

mprehensmnakel éadTsol uti on for occupancy detec
vel, aimed at i mproving the operational ef f]
nsisted of three primary clhamponemidoor ( posck
stem (BLEMAT) that used Bluetooth Low Energ
alysis pipeline for processing and fusing i
stems to extract occupavhomy upatlt enrertswora&n dno(dZ
cupancy across differ enworblud | datnags eto nferso m Uas |
e authors validated the effectiveness of ¢t
curate and actioonrabloe c upraendciyct mams gefment .

derscores the potenti al of i ntegrating | oT
abl e -efnfeirgiyaelnti vedatbhai | di ng maeaéag@lnendt sals.t,e
amined the effectiveness of ML model s I n

mands i n a-ulsa&r guen,i vmirsedy buil ding. The stu
assification ML model s, wutilising f e)atukKey s
put variables included outdoor temperatur e,
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based schedules reflecting broad occupant ac
model s consistently outperformed classificat.i
prediction. The study highlighted thed v@aporaba
d temperature data for accurate | oad model | i
anced model performance, emphasising that
s of features. The r eseasrcchhe daill 6 PuU pyrd dtee
i ghts 1 ndroi werc upeamaryd patterns, demonstrat.
s approaclhevted ceanmeprugsy f orecastindgtand onmoer
[
0
[

=)

ng that the chal |l.veindgee oodc ppemnddy tdanng dfuti d nd
mposing it into the occupancy detection g
mating occupancy at the r oroaens dearvehl erasndc aamng
overal/l buil di hgc toicwcaulpyancyhinsorapperfoach n
mpl exity ofevdle pruobldemgbut al so allows fo
ntr ol strategi es, contributing to enhanced
mf ort acrossgthénemtuirr evob ki, | d€vien adopt a si mi

O OO -SW”WOMm®O S d S

chine Learning Occupanty Demest iasn nAdl gouri g
gorithms have become integral i n advancing
ey all ow systems to adapt to dynawmrird veaoc.Lu
ci sions. These algorithnso asruep egern ereal layn dc aut
t hods, each tailored to address the wuniqu
virondseéMt al go(rCeadrhwesnt es edrealef,f ex@d0)e i n
obl ems by finding the opti mal hyperplane th
tection, SVM <can di stingui sh bet ween occ
vironmental sensor dat a. Hoevevyenmsi tSIVMeée st petr
rnel and may struggl e witKNeargendty NMNeingpHh beacu rc
(Nu & Wang,i 20213i mple, yet effective, algo
mparing new data points to their closest ne
pl ement , It can be computationally expensi\
enaldieng wditrherhsigdhnal fRRtUuERgIsSpiarceesr. )eti salan,
semble | earning method that constructs mul ti
e mode of the classes (for classification) ¢
overfitting and can hamdll esa wkeildh MRFEFmbear paf
r occupancy detection as it provides featu
gni ficant sensors infl.Der@i neg ao adc n(gRajysLd) pe(te
, )2 0ade !l s, such as convolutional neur al n
net wor ks ( RNNs), have also been employed for
capture complex patterns in | arge datasets, peée
ifnror mati on. However, they require extensive ¢
of | abelled data for training, which can be a

DY P TDS TO~NXDOTOIQATOIZT OO0 FTDAS OO

— ToOooOS5STST3O0m®mMMmS o T SO0 T

ML model sellenctswmmar vy, the field of occupan
evolved significantly, wietvhela dsvtaundci eess ftroo m obpahsii
wide model s. The ntegration of ML al gorithm
occupaectegcti on. Each method comes with its st
stands out for i nterpretability, robustne:

[

a

i ts
making it a strong candi datRanddorF ofiReftBe 8 e annah
the |iterature's emphaswosr lodn ©b

1998)igns with




applicability, eTséusr i anpgp rtohaacth tthoe obcDcupancy pr
and practical for deployment in smart buil din
The concept of the aFigown elhmim siussmmalrlyu s ttrhaet eRIF |
ensemble | earning method that combines mul ti
accuracy and reduce overfitting. Each tree
bootstrapped sampl e of tbhseetd aotfa sfeeta,t uwietsh cao rnrsair
at each node. This randomness ensures diversi
robustness and generalisation capabilities. F
space is occupiedphgdiagtgiremgatofngi ndievi dual tr e
The algorithm optimises splits using measur e:
grows trees wuntil a stopping criterion, such
|l eaf, i s sepahedcuRBriy effective for compl ex
l i near relationships betwaarn efledtour easppl malaitn
buil ding occupancy detection.
A. o o Lol ® Area Occupied
o0 *,
® A A A Areavacant
A A A
>
Pl Pl N
% /' A P TR L /N
2N N AN TN /X AN LN N SN N AN X
Tree 1 Tree 2 Tree 3
[ ° A
Area Occupied Area Occupied Area vacant

Majority Voting

Area Occupied @

Final Class

Fi guwreOccupancy Detection (u&h awwgd hRaarnid oemt Feaolr .e,:

Data <collection and : f eBatsuerde oenngp mewiromng occu
studi es, data are mainly collected from senso
capturi-hgmereahformati on on various -rerwitrean
parameters. The selecpieomfofdasansol $ eaneddt dep

objectives of the study and t he Scehnasroarcitadr insetti?
that are often used for occupancy prediction

1 Environmental Sensors: Devices that measure variables such as temperature,
humidity, and CO2 concentration. These metrics often correlate with occupancy due
to the physical and metabolic impacts of human presence.
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1 Motion Sensors: Passive Infrared (PIR) sensors and similar technologies that detect
movement within a space. While effective for capturing transient occupancy, their
accuracy may decrease when occupants are stationary.

1 Digital Infrastructure: Data derived from systems like Wi-Fi logs or Bluetooth beacons
that can infer occupancy through device connectivity patterns.

1 Lighting and HVAC System Data: Operational metrics from building systems that
adjust dynamically based on occupancy levels, offering indirect indicators of
presence.

The target variable for occupancy model s i s
binary classification tasks, as in CHRONICLE,
occupied (e.g., one or more peopl e ndresdmt )otc
cases, regression models predict the actual
of the dataset, ri gorous preprocessing steps
aligning timestamps from dif fasruegretmesdrrss dros ,aca

sens@reci fic variations. The quality and di
influence the accuracy and robustness of th

e

Dat a -pRroecesPanhg: preprocessing is a critical

cl

ean, consistent, and suitable for mo d e | tra

1 Handling Missing Data: Missing values can occur due to sensor malfunctions
or communication issues. These are addressed through strategies such as
imputation (e.g., using mean or median values), interpolation, or, in cases
where data loss is extensive, removal of affected samples or features.

1 Feature Engineering: This process involves creating new features or
transforming existing ones to enhance
example, aggregating sensor readings, such as averaging temperature
measurements from multiple sensors, can reduce feature dimensionality while
preserving critical information. Other techniques include encoding categorical
variables, deriving temporal features (e.g., time of day), or computing rolling
averages for smoothing.

1 Normalisation and Scaling: Features with different units or scales, such as
temperature and CO2 levels, may need normalisation or scaling to ensure
consistent input ranges for machine learning models. Methods like Min-Max
Scaling or Z-Score Normalisation are commonly applied.

9 Target Transformation: Depending on the task, the target variable may need
to be transformed to match the problem's requirements. For example,
occupancy detection often involves converting raw counts of occupants into
binary categories (e.g., occupied vs. unoccupied). In regression tasks,
smoothing or rounding may be applied to address measurement noise.

9 Data Alignment and Synchronisation: In cases where data is collected from
multiple sources or sensors, timestamps must be aligned to ensure
consistency. This step may involve resampling data to a uniform time interval
or aggregating data over specific periods (e.g., hourly averages).
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Model =eval uaitibwmalcudttiemrg at he performance of th
to ensure its reliability and effectiveness. -
model 6s ability to make accurate predictions:

1 Accuracy: Measures the overall correctness of predictions by calculating the
percentage of correctly predicted instances out of the total predictions.

1 Confusion Matrix: Provides a detailed breakdown of the model's predictions,
including true positives, true negatives, false positives, and false negatives.
This helps identify specific areas where the model performs well or requires
improvement.

Comf ort

LiteratureAneekeéewnsive state of the art revi e

ear |l i er tahse paacrtti voifti es of the EU projects PARI
in the framework of ACCEPT. As was establishe
related to human body heat balance methods, f
(PMVOFanger, 2ad0)t o adaptive comfort met hod

(ANSI / ASHRA&nd 28 MNO(MESNISHI125 1, 200AJugh widely u
adopted in the CHRONICLE framework. The human

considered -ithotoentabeurdue t o t heir | ar ge nur
unnecessary complexity to the CHRONMNIIGLpE isvyes tce
met hodol ogi es are based on globally accepted
of i ndividual wusers, failing to capture the bc¢
centric indoor temperat urleogh esndarex tcroancstiidoenr el
selection of such methodol ogies has been base
extract personalised comfort profiles, and mo
coll ected at teheprpdjledt-osii Tedeest soafm atlehy si s conducH
di verse 11 st of met hodol ogi es which have bee
including the analysis on nonlinear relati on
considered wCLBI nSE€EHRONA t hese met hodol ogi es
RF model s, Gradient( TBooGhemgé& M&obhsaredn Sy alwdl
Aggregate appro¢¥X¥umetiah. (SRRNL9)

Vi sual comfort in buildings science has been
aspects beyond |l ighting. Al t hough it has bee
satisfactorily under a wide range ofonlsi glktgiam g
what constitutes visual comfort among differe
aspects encountered in |literature include suf
and view out. Given thatelabhedmaposuffiof esat aht
related to glare | evels were developed for c¢
measur emampts, sl@ef ened work stations (e.g. des k.
(e. g. readi ngat they sca&mwnatenhe tdhasi |l y adjuste
neither the | ocation nor the activity of the ¢

comfort approach considered within CHRONICLE
boundaealietsead to sufficient indoor | ighting |e




12

occupant prefer eonttclees .arltn arheel ysdias,e several st
personalised visual comfort based on measured
to derive comfort boundaries includ(inrgde lt°hfe &
Morel ,, 2008 ) Random Forest approach, t he- Supp
Nei ghbours lSesosiefti caalt.i,on2021)

ML model selwWcthiionn t he CHRONI CLE framewor k, t
selected is an extension of the work already
SENDER and ACCHBPD, nasd RF with Symbolic Aggre
(SAX)SAX is used for Comfort state categorisa

comfort state. I ntroduced in 2003, SAX has
efficiency, which distinguishes it frotmhertsh,er
data compression, and-seoi®es mdadwact ISAX iampptriome
applied in image processing, bi oinformatics,
Piecewi se Aggregate Approximation (PAA})ttrongr
characters with varying |l ength and set of i
especially in | arge datasets. I n the era of t
SAX method with |1 oT data in or diedde tsoh a peed urceec ode
making their usaVyel manevsekaai)&i Phafamouxs02nket hod
i mprove the performance of <c¢cl assi fiicsaxtti roemmealnyd
usef ul i n combination with classification alg

CHRONI CLE. To apply SAX method three major S
nor mal i sation/ scaling t o transform nemer(i2gal
di mensionality reduction via PAA,I| ewrhgtchh de gmar
computes the mean value f or oeraicghi nsaelg ndeantta, paoni dn
means, reducing the overall data size; and (
al phabetic symbol s.

2. 3As2set Profiling Microservices

AC split wunits

ML model selFeocrt itome profiling of AC Split uni
( GPRBchul z ewaal sel2@1@®)d due to its capabilit
relationships while also providing uncertaint
regression, which relies on a biased Mmordet ison:
maypyverfit and | ack uncertainty esti matsuwint,e dGP
for modelling AC power consumption, where the
dynamic and influenced by multipl e vientogreac tfirro
scratch but builds upon a previously prototyp:¢
refined and adapted to meet the specific need:
primarily focus on incorporatimgagadsandcaeg]!| & e
data normalisation, and optimising kernel sel
bel ow.

Feature engiTwoe ernihmghce the predictive capabili
have been engineered from the raw dataset.
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operational behaviour of the AC units and the
included. The key features selected are:

1 AC Status: a binary variable (0 for OFF, 1 for ON), indicating when the AC unit
is operating;

1 relative humidity: as humidity affects perceived thermal comfort and cooling
efficiency, this feature has been incorporated,

1 hour of the day: time of operation normalised to a continuous scale between 0
and 1 to capture daily patterns;

1 temperature difference, outdoor 1 indoor: to reflect the thermal load on the AC
unit, influencing power consumption; and

1 temperature difference, indoor i setpoint: to represent the deviation from the
desired setpoint temperature, which directly affects energy usage.

These features have been carefully selected
environment al conditions and AC control behav
Dat a -pproecessilTrog ensure numeri cal stability and
continuous Iinput features are -soobpmal n©ednalss

which transforms the data to have zero mean ar
as:

e ® AT,h (1)
whewae s the nor madi setthéeatiugenal feature val
featurli,s atnhdke st andard deviati on.

For categoriliaaledt ifmatures, sucraxss daluirngofi stt
map them to a range between 0 and 1:
e ® o T ® ®w 8 (2)
Kernel sel Blte i omoi ce of kernel in GPR deter mi
mod el can | earn. The kernel function encodes
variability of the target function. The selec
O ohd 6 0 pp o O oheh (3)

wher e:

1 Cis a constant kernel that scales the overall variance, ensuring the model captures
global variations in power consumption;

7 L 1+ g ®De= is the Matérn kernel with h 8, chosen due to its ability to model
both smooth and less-smooth functions; and

L 4. o

T L

The Mat®rn kernel i's given by:

~

is the White Kernel, which accounts for noise in the data.

. i 6 6 ;
0 o O, 2 S o o9 9 (4)

3’ a a
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wherae w i s the Euclidean di st gnicse tbheet wseiegna ailn pw
is the I ength scale controlling how quiscklhe
smoothness parameter, ®Qeats ttdhel modiirnieldi Bemas e ¢
second k3nds Bhd Gamma functi on.

The White Kernel model s observation noise and
mi nor fluctuations in the dat a. It is defined

y o, 1, (5)

wherpds the noisé ivartihhecler amaelcker del taQfunct
and O otherwise. This kernel ensures that e
component, preventing the model from treating
The Mat ®r n kernel has been selected over ot he
Function (RBF) kernel, due to its ability to
White Kernel prevents overfittingebwywoéeegepl mor
generalisabl e.

Hyper par amet:erksy peurnpanrgamet er s such as the | eng
l evel ar e opti mi s-mdr gusiahg |tkel ilhoog d maxi m
hyperparameters and their initial bounds ar e:

1 length scale (m: initialised at 1.0 with bounds [ h h ensuring flexibility in
capturing both short- and long-term variations;

1 signal variance (A ): optimised to adjust the scaling of the Matérn kernel, reflecting
the expected variability in power consumption;

1 noise variance (Q.): Bounds set between [ h h to account for potential
measurement errors and inconsistencies.

{1 Constant Kernel (p): initialised at 1.0 with bounds [ h hto scale the overall
function magnitude; and

1 number of restarts: the optimiser is run with 20 restarts to avoid local optima and
improve robustness in parameter selection.

Mod el evaluati o &ssexs ithe predictive perfor
key evaluation metrics are used:

f Mean Absolute Error ({ = F to measure the average absolute difference between
predicted and actual values, providing an intuitive measure of accuracy, calculated
as follows:

D00 — SW WS (6)

i =| 0 Score (Coefficient of Determination): to evaluate how well the model explains the
variance in the observed data

Y P 5% o 7)
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Electric wandrtAdhebeer heat pump

Literaturel H2WORRWCEPT project, a simplified si
was devel oped -d @3 peraodv ipdreweorneconsumption predi ¢
heaters. Due to the | imited abastdbstatiysofcal
was liempented, similar to the -mmARIhDY odrogjye-wts.edT
step approach combi ned unsupervised clusteri

sequenti al power forecasting to identify expe
was computationally efficient and easy to i mp
behaviour variations and detecting anomal i es
basic profiling, i1t |l acked flexibility and pr
The -tawvat er heat pump profiling methodol ogy f
system capabl e dfa-gdhemdar setnierggyomce nsumpti on pr e
HVAC systems. Given the | imited avail albiel iotfy
heat pump operations, the approacibaisedolpv ecl a
i ncl udi ng-prdoacteas sp me , feature extraction, al g
tuning, and validation. Various redregsbDeci sl
Trees, Support Vector Machines, and Bayesian
approaches struggled with | imited traimhnogeda
steps) . This |l ed to (e ~€&Hepti&onGyaft KBB e ondtD 4
|l earning met hod t hat significantly i mproved
|l earning process. To further opti mi se resul
hyperparameter tuning, and aodwhacki ndg eimcsd eolc
Gradient Descent ( SGD) Regressor provided in
XGBoost . Despite achieving reasonably good pe
and overfitting remained key |l imitatrbmen anc
hybrid approaches in future research.

ML model sWwWiebtno@HRONCI LE, the EI ¢ atartiead wetad
pump profiling services are built upon insight
and machinbasedr hongcasting models developed
withi ONCHRE, the need for more adadpteanb laep,praac
has |l ed to the i ntLeggathernm oMe rmorcy mMmMofTTM)e mad &
based statistical model for electsumpwabarphe:
recognition but struggled to account for beha
XGBoéehsatsed approach for heat pump profiling in
to traditional regressor s |boulte rina ckeepde ntdheen ca heisl
series data. To address these | imitations, CH
recurrent neur al net wor ks (RNNs) designed to

making them i deal f or Inecaremsi ngn speogmeea n tcioanls udrgpp
XGBoost, whi ch relied aggedcdhahdataf esd L Bmbls

temporal correlations through their gated mec
enables the model tDldgnhaamtcahsyi adapéer gy dem
patterns, and i mprove anomaly detection in el
As a result, CHRONI CLE benefits from a hybr
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statisticelasadd metrlkeeds remai n i n us e, whi | e
capabilities, ensuring better adaptability t
smart buil dings

Feature endgoneempiromge the predictive capabilit
relevant features have been extracted and engi

i ncl ude:

1 asset power consumption: sequential power usage values at 15-minute
intervals, capturing historical consumption behaviour;

1 outdoor temperature: outdoor temperature (measured or forecasted),
influencing usage patterns;

1 hour of the day: a normalised representation of daily time intervals to capture
routine consumption behaviours; and

1 day of the week: a categorical encoding to account for weekly consumption

variations.
The integration of t hesmeodfeda tcuarpetsu reenss ubroetsh tphaa
trends and external factors afftewdat @iy lkéeéaiCt pl

consumption.

Dat a -pproces3Iongnsure effective model training
undergoes rfrgoaeusi Ipg est eps:

1 normalisation: continuous features such as power consumption and
temperature forecasts are normalised using Min-Max Scaling to ensure stable
gradient updates during training;

1 time-series sequence construction: input sequences are structured as 96-
timestep sequences (24 hours of 15-minute intervals), enabling the model to
learn long-term dependencies in consumption patterns; and

9 train-test splitting: The dataset is split into training (80%) and testing (20%)
subsets, maintaining sequential integrity to preserve time-dependent
relationships.

LSTM model arkcthe tleSTMr model has been designe:
sequenti al power consumpti ednay d aftoar eaadt sgen@&r
architecture iFd glsummari sed i n
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Output Layer
Single Neuron - Next Day Forecast

. A D
|
Dense Layer
25 Units - ReLU Activation
4

4 | N

Dropout Layer

Dropout 20% - Prevents Overfitting

\ A >
( | D

LSTM Layer 2

50 Units - Captures Long-Term Dependencies

- _
s | I

Dropout Layer

Dropout 20% - Reduces Overfitting

_ A Y,
( I )

LSTM Layer 1

50 Units - Captures Short-Term Dependencies
_ * V,
|
Input Layer
Inputs: Power, Temperature, Hour, Day of Week

gwBr eEWH andvaAier Heat PuimpSPMorhodelngarchite
key architectural components include:

Input Layer: it accepts historical power consumption, temperature forecasts, hour of
the day, and day of the week;

LSTM Layers: the model consists of two stacked LSTM layers, each with 50 units
(neurons), allowing it to capture both short-term and long-term dependencies in
power consumption trend; stacking multipl
ability to learn hierarchical representations of time-series data (Gers et al., 2003);

Dropout Layers: to prevent overfitting, 20% dropout is applied after each LSTM
layer, randomly setting some neuron outputs to zero during training, ensuring the
model does not memorise noise in the dataset (Srivastava et al., 2014);

Dense Layers: Fully connected layers follow the LSTM layers, including a 25-unit
dense layer with ReLU activation to introduce non-linearity and aid feature
transformation; and

OutputLayer:A si ngl e neuron with a |Iinear acti va
power consumption.

erparamet &ns i keniGagssi an Process model s, L
nel functions. Il nstead, t he architecture
kpropagati oma saendd optaidmiesnat i on. However, t ul
sequencer niemnggtrhat ee,eaand dropout rate I s mar

hyperparameters are opti mi-seaeldi datrioaurg:h gr i
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Sequence Length: A sequence length of 96 timesteps (24 hours of historical data)
has been selected based on domain knowledge of daily usage patterns and empirical
testing;

Number of LSTM Units: Both LSTM layers contain 50 units, a common setting for
balancing computational cost and predictive performance in medium-scale time-
series problems;

Batch Size: The model is trained with a batch size of 32, ensuring an efficient balance
between convergence speed and memory usage;

Optimiser: The Adam optimiser (learning rate: 0.001) has been chosen for its ability
to adaptively adjust learning rates per parameter, leading to faster convergence.

Dropout Rate: A dropout rate of 20% is applied to mitigate overfitting without overly
constraining learning; and

Number of Epochs: The model is trained for 20 epochs, based on early stopping
criteria to prevent unnecessary computations while ensuring optimal performance.

el eval ua:t iToon acsrsietsesr ipahref gorrreadn ccet iovfe t he LST
evaluation metrics are used:

Mean Absolute Error (! = [ as described in Equation (6);
4 6 Score (Coefficient of Determination): as described in Equation (7); and

Mean Square Error (4 -|| )i to capture the squared deviations, penalising larger errors
more than MAE, calculated as follows:

D"Y‘Og o (8)

2. 3Pr3edi ctive maintenance microservices
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I n
r ul
Ssop

dictive maintenance in HVAC systems relies
tly downti me and optimise system perfor mar
orithms play a cruci al role instémsbehacies
ecting anomal i es, and diagnosing wunderl yi
| ur es. Embedding these algorithms within
ntenance activities can be schesetemedopdbai
her than fixed intervals. I n this sectior
hodol ogi cal approach for FDD are presented

It detection and diagnosi s

eraturelneciue weditf flerteenrtataippr,oaches have b
ection that can be divided in three main c
| ed based-pbase&d phprsaacstiesyenc) apdpartoaac hes,
orithm¢ Far2hasegdet al ., 2023)

t h-kased eapproaches, the system faults <can

es on thei(rScphpei horema natle. , makX@06)DD | ess amb
hi sticated techniqgues have bebasedtplemént q
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such as f Dzt eogi& NgdhedOapproaches wuse e
threshol ds, or adaptive ones, i n order to0o di
principle approaches, arebpatheofunthamerctaadle gp
governing system behaviour. These principles
detectifgvahgulets.alFi,nal0lly2,) t here are also mor
call edasetdechart met hods, where fl owchart s, (
used to encode thkei detgalblsnt isauOnintelrased &Ruproac
for FDD purposes, offer several advantages, s
requirements. They are easy to i mpl e nmeankti nagn d
process. However, tomesy alncd uldawneg Isicrail tadtiil i ty
in complexity, l i mited adaptability to unfor
updates to stay accurate and rel evantbasTehdes e
systems cHZlI €heinnget al ., 2023)

Physhased approaches for FDD in HVAC and ot he
of the physical behaviour of the systems and 1
may indicate faults. These approachabk modeéli se
simul ate the operation of systems under nor ma
model |l ing approaches use the physical par amet
energy simgKamienh B8b0Mhe 210elyd )adv a tassgeed e t fhioydss
t heir accuracy, as they are derived from est
modeli nther acti on between system components. A
require | arge amounts ofdrhivetnormoaell sd atnea,k i inrgl
for systems with | i fhFtedhaper ekoivaeelvaelr ,2azh8prcy n
of developing these models and their high com
t he model does not -wocludattelhyWi tebhec¢ct theal au
unr el (ilaebdteer & .Ngo, 2001)

Datigdri ven approaches are the most popular for
retal me capabilities, and ease of integration
approaches have been(propbaed enDamtéttahro@d 2BEr F
can be distinguished in three main categoeries:
l earning(Methadhi & Hagup grhwvaits e ® OMI09 , are alg
| abell ed datasets to be trained and predict (
most popul ar supervised met hods ar éN\:N,RF5V Mz BM d
Decision Trees (DTs) .ofThseupreaivi sadlv avilLt aaglegsor i t

accuracy, effectiveness on | arge datasets and
the other hand, they are prone to overfitting
(Priyadharshinii &nMatoméedw,as2023)nsupervised alg
without | abelled outcomes, as they try to fir
own. Some of the most popul ar onemeams,e DBRXCAN
and t hemsidomal i ty reducti on ones (e. g. PCAs
advantages are that they do not require | abel
exploration in | arge datasets. However, it 1is
of | abelled data, they are sensiti(vPRer ityoa d hnaprustt

& Mathew, 2023)
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Among the several supervised ML algorithms f
especially LSTM networks are really popul ar

effective across a broad spectrum of sequent.
and machine fault detection. Their abildity
conventional machi ne |l earning techniques i n

documeph$Safdwan MaEembwid At . aAn, i RD@8)rated exam
by BoraaBoertda et ,alwho 29®3Bgessfully 1 mpl ement
Recurrent Unit (GRU) approaches in order to p
Different LSTM models and architectures were

The anomalies ofemhwersqppececéognissyesd using part
(absolute error and error moving average) aft
that LSTM performs well in identifying HVAC f
and it can thoe oeaxhteendeenck Bgydayset.emmb., 2023)

ML model selBasteidomn existing |iterature,-the
DTés FDD in CHRONICLE awaRthlaen@¢p pabdhwded btas eidt 0 ne «
i mpl ementation. Since, the obtained results w

was adopterd WSTMgmBbalh met hodol ogi es are brie

Feature Enggilnreelxatnhg met hodol otgii mess eraise s ngpaltt a fte
influence the HVAC power consumption and ope

power consumption of the HVAC is considered a
al so used to reveal the depesdteoactyhef HVAG@ seon
i nput features are the following:

1 Power Consumption History: Sequential power usage values at 15-minute
intervals, capturing historical consumption behaviour.

1 Hour of the Day: A normalised representation of daily time intervals to capture
routine consumption behaviours.

1 Day of the Week: A categorical encoding to account for weekly consumption
variations.

1 Indoor Temperature: Temperature inside the premises where HVAC is located. If
the indoor temperature is far from the setpoint temperature, the HVAC system will
consume more energy to either heat or cool the space to reach the desired level.

1 Setpoint Temperature: The desired temperature set by the user. A lower setpoint in
cooling mode or a higher setpoint in heating mode, generally results in increased
power consumption.

1 Indoor Relevant Humidity: Indoor relevant humidity where HVAC is located
obtained by the installed multi-sensors. Indoor relevant humidity directly influences
the HVAC systembébs energy use, especially i
high, the HVAC system will consume more energy to dehumidify the air and maintain
the setpoint temperature. In dry conditions, energy consumption can be reduced as
less energy is needed to remove moisture from the air.

1 Outdoor Temperature: Outdoor temperature for the specific location. In cooling
mode, higher outdoor temperatures increase energy consumption as the system
needs to work harder to cool the indoor space. In heating mode, the HVAC must
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compensate for the difference between the outdoor cold and indoor setpoint
temperature, thus consuming more energy.

1 Outdoor Relevant Humidity (%) for the specific location: High outdoor humidity
means the system must remove more moisture from the air, which increases the
energy required for cooling. If the humidity is low, the system may use less power for
dehumidification but may still consume more energy to meet the desired indoor
temperature.

Rulbeased ADDfir-sasaedrméehod was established to
affect the HVAC powelrascan smertphtadosn. prRuMiede c |l
results that can identify nor mal versus abno
thresadaomdidsondi tions set. The defined rul es al
HVAC system installed in a building, power coOI
when the same conditions, as kfpecthéi pdwemn ¢ e
di fference for "similar" timesteps exceeds a
flagged as a "potential anomaly." While other
in the room) may i nfl uene ef aHVIACCr sc oanrseu mp o i oa y
treated as black box variables. As such, some
However, i f this deviation persists in a cons
with the HVAC sgstem thbenember of "potenti al
a certain threshold, the device is flagged as
LST-Mased FD®Li mi nary r ebsausletds FoOXD trheev eradleed t he
reliable and sophisticated techniqgues. Thi s
algorithms, which offer more robust and adapt
patterinsmpraoadi ng accuracy in detectdiodfidreanomaddi
after a thorough | i teiTer mr eMemeviyew,LSOM)g n8&h
eventually selected and i mplemented. LST M, a
have gained significant attention in recent |

and capttuerem|l deamgendenci es.

Dat a-pproecessilfrhe data preprocessing steps appl
the ones prese&nt2edForn tSheec tsiaokne of compl et eness

1 Normalisation: Continuous features (power, indoor and outdoor temperatures,
setpoint temperature, indoor and outdoor relevant humidity) were normalised using
Min-Max Scaling to ensure stable gradient updates during training.

1 Time-Series Sequence Construction: Input sequences were structured as 96-
timestep sequences (24 hours of 15-minute intervals), enabling the model to learn
long-term dependencies in consumption patterns.

1 Train-Test Splitting: The dataset was split into training (80%) and testing (20%)
subsets, maintaining sequential integrity to preserve time-dependent relationships.

LSTM model archheemodrée archi tFa gt@rreavasi Ifli msatl 1
after several tests and comparison of their i

Key components of the LSTM model i nclude:
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Input layer: One of the most crucial parts of the LSTM model is the input dataset
used. The raw input data shape before entering the LSTM model is a 3D input matrix
with the following shape: (target_length, sequence_length, features). Sequence
length and target length, hyperparameters will be explained analytically in the next
section. From this 3D matrix the training and test datasets are created and are fed
into the model.

LSTM layers: In the applied model, a 4-layer LSTM model was finally used, after
numerous trials with more and less layers and neurons. It was observed that with
higher layer number the results were not further improved, making the model
unnecessarily complex. On the other hand, a lower number than 4 layers was
insufficient to capture the HVAC patterns and make satisfying predictions.

Dropout layer: The selected dropout rate is 0.5, meaning that 50% of neurons are
temporarily disabled during training. The dropout rate was selected after trying
different ratios and validating the results.

L2 kernel regularisation: L2 kernel regularisation helps reduce overfitting by
penalising large weights, adding stability to the model. A value of 0.05 was adopted
after a few trials and result comparison.

Activation Function: Tanh was selected as activation function to introduce non-
linearity to the model, allowing it to learn complex relationships in the data. This
parameter was selected as the most suitable one, by experimenting with all the
available ones in python.

Batch Normalisation: Batch normalisation was used to normalise the input to each
layer by adjusting the mean and variance and then scales and shifts it using learned
parameters. This makes sure that each layer receives inputs with a similar

distribution, which preventslarges hi ft s i n the distribut.i

and allows the network to learn faster. It was applied since it further improved the
results.

Return sequence: This argument allows each LSTM cell to return the full sequence
(each timestepds output), which i s wus
model is used for all layers except from the last LSTM layer so that each layer can
pass on a sequence rather than a single output.

ef ul
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Dense Layer
Qutput Layer - Fault Classification

Dropout Layer
50% Dropout - Prevents Overfitting

T

@ | I

LSTM Layer 4
16 Units - Final Feature Extraction

; 1

LSTM Layer 3
32 Units - Captures Long-Term Dependencies

[
—>
<

LSTM Layer 2
64 Units - Captures Mid-Term Dependencies

—»

LSTM Layer 1
128 Units - Captures Short-Term Dependencies

—>»

Preprocessing
Feature Scaling, Sequence Formatting

—»

Input Features
Timestamp, Temperature, Humidity, Power Consumption

Fi gwrePredictive Maint enialnETeMo drFealu | a&r cDreitteecd ti u

Hyperparameter L STMnimoglel s6 perfor mance i s S ¢
hyperparameters. These hyperparameters, such
of |l ayer s, |l earning rate, batch si ze, and r e¢
l earns fromntimeg daoateade ThHhwyperparameters i s cr
performance and requires experimentation base

1 Sequence length: One day is selected to capture the daily patterns of the HVAC
consumption. Since the granularity of the used dataset is 15-minutes, 96 timesteps
have been selected.

1 Target Length: After testing different target lengths, a number of 4 has been finally
selected as it provided the best results.

i Batch Size: The model is trained with a batch size of 128, as it had the best
performance.

1 Optimiser: The Adam optimiser (learning rate: 0.001) has been chosen for its ability
to adaptively adjust learning rates per parameter.
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1 Dropout Rate: A dropout rate of 20% has been applied to mitigate overfitting without
overly constraining learning.

1 Number of Epochs: The model is trained for 40 epochs, based on early stopping
criteria to prevent unnecessary computations. The parameters specified for early
stopping are the following: (a) monitor i this parameter specifies the metric to monitor
for improvement; validation loss selected in this case; (b) min-delta T this is the
minimum change in the monitored metric that is considered an improvement; 0.0001
was selected; (c) patience T this is the number of epochs to wait for an improvement
in the monitored metric before reducing the learning rate; 5 epochs were selected;
(d) restore-best-weights i setting this parameter to ATr.
restored to the state they were in at the epoch with the best monitored metric; True
was selected.

Fault detd@&é¢tieonthe LSTM training and va@a®i dat

and the Error M®Wi nngetAviecrsagaer e cal cul at ed. T
detection is the following:

EGEOQ 00 o6th AABGAOAAOERRAQOAD (9)
Thihappens as the EMA metric, reflects the typ
over a certain period, helping to capture the
whet her the current error i s an out leide.r Ilofr tphae
error exceeds the average by a substanti al ma

indicates a ODBDUl Appomasihimaia Cioon

Literature Imevpfaasw deEdU pr oj ect-Bl MERR)s,i Haid 2@ i o
met hodol ogi es were explored to enthasecd dihmul af
tools and occupant behaviodongnoat | (8d e nne rdabt XL
datdai ven asset and cododeFitgffeof The g aspprvoael
to reduce the gap between simulated and meas:
i ntegr atdrnigvedatiansi ght s into the simulation
empl oyed in BI MERR included:

1 Building Controls Virtual Test Bed (BCVTB): A middleware platform enabling data
exchange between EnergyPlus and external controllers (e.g., MATLAB models,
Python-based services). While BCVTB facilitated some level of real-time interaction,
it required complex configurations and lacked the flexibility needed for dynamic
adaptation in energy profiling applications.

1 Functional Mock-up Units (FMUs): FMUs allowed EnergyPlus models to interact
with other simulation engines and data sources through standardised interfaces.
Despite their modularity, FMUs posed challenges in interoperability, often requiring
custom adaptations to facilitate real-time interactions between profiling services and
simulation models.

1 Custom Python-BCVTB Integrations: In certain cases, H2020 - BIMERR explored
bespoke Python interfaces with BCVTB to enhance time-series exchange
mechanisms between energy simulations and predictive models. However, these
i mpl ementations were | imited by r@@3ihiBths st
difficult to support continuous learning and adaptation.
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Data Exchange

A
( EnergyPlus | Zone air temperature
Zone CO, concentration
Zone illumination level
FMU External Interface

—— ‘ Occupancy Schedule
HVAC Schedule
Lighting Schedule
Infiltration Schedule

Set variables

Perform time-step calculation |
*  Movement Solver

v Occupancy
*  Interaction Solver
v HVAC

v Window
v Lighting

Get control variables ]

Fi gurOe Exampl esioniulaatcioon confi gBr MERBNn(I af HpOa
FMtbased i mpl ementati onHampgretagal .(ri3ghlieg)

CHRONI CLBTDRBppr oaeh muo ac¢coVMim |l e t hese approach

successful i mpl ement at-dohnhgen ni nisnitgehgtrsati ngo de
wor kfl ows, they were constrained by rigid sys
and challenges in dgwamid adappancgnand rcemfo
CHRONI CLE-si mulcaoti on approach wutilising the E
Figdde which was introduced in | ater versions

met hod advances beyond previous Bl MERR sol ut
communi cation channel( Chreatweegn eEmearl g hWRI2UWD G ) 0 S €
of t hT,DDal | o-wi mg wpaddtes and adaptive | earni
the EnergyPlus Python EMS API allows native e
from Python, el iminating the mMyteldonf oE MSni-ARIIIl eer
directional data flow, ensuring that profilin
simulations to refine predictions and adapt s
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Python EMS Expands EnergyPlus Capabilities

Talk to buildings, databases, and technologies while EnergyPlus is running.

Python EMS API

‘e ~ -

) Rmmmmmmmanion % PE—————
EnergyPlus Python

(simuftaneous models) (packages/libraries)
S S
Real Controllers Weather Data
& Hardware : (forecasting)

N

Real Buildings
(in real time)

Fi gurle Pyt hon TEAMS oAHINng EnergyPl us simul ations
simultaneous!l y r unntitbnTg mmocdreolsse r(vei.cge.s )DD

't i s i mportant t-®oi rhulgdtliigmtf tdrmewdrhk si conot
cesi mulation approach that would be proposed
framework within CHRONICLE. I nstead, vetedebye
t he -DOD devel opers to explore the capabilities
physbhased simul ati ®7 devlke$ opElde wdDDhin CHRONI Cl
a modul ar, i nteroperabl e, and scal abelfef i @i i
smooth integrati-soinmuilnattoi owa rfiroaunse wooar k s , i nclud
EnergyPlus PythorwEARIDnundttimen lapb$r oach. The f
principles contribute to this seamless integr

1 Standardised data exchange mechanisms: the DD-DT microservices use
standardised data formats (e.g., JSON). This ensures that services can: (1) easily
ingest simulation results from external physics-based engines; (2) efficiently send
predictions and control decisions back to the simulation environment; and (3)
maintain compatibility across different simulation tools, facilitating integration without
extensive reconfiguration.

1 Decoupled, API-driven architecture: Unlike monolithic solutions that require hard-
coded dependencies, the DD-DT profiling services operate on a decoupled, service-
oriented architecture. This means that they can be plugged into different co-
simulation environments without modification. They interact through well-defined
APIs, allowing for agnostic communication between models, simulation platforms,
and real-world data sources. The integration effort is minimal, requiring only API
endpoints and parameter mappings rather than complex middleware setups.
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2. 3T.edc hnol
Al |

stack and | mpl ementati on
o-DTt havEHROMNhCUEGS| DPed i n |

ogy

mi croservices

backend technol ogies and pyfTabhepackages that
Table Technol ogy stack and i mMpT ementati ol
Occupancy and cioOuefcourpta npcryof i | i n ¢
fastapi (APl exposure for 0. 110, MI T
uvicorn (asynchronous seryv 0. 27. BSD
pydaftdata validation & ser 2. 7.1 MIT
pandas (data mani pul ati on) 2.2. 2 BSD 3
scilkearn (feature extractio 1.5.1 New BS
model for occupancy profil
docker (containerisation f 26. 0. Apache
Occupancy and cioOwofnofrotr tpr of i | i n
fastapi (APl exposure for 0. 110, MI T
uvicorn (asynchronous seryv 0.27. BSD
pydantic (data wvalidati on 2.7.1 MI T
pandas m@gaapal ati on) 2.2.2 BSD 3
scilkearn (feature extractio 1.5.1 New BS
model for comfort profilin
pyts (for SAX i mplementat.i 0. 13. BSD 3
docker (containerisation f 26.0 Apache
Asse@trofiAG nsgpl it units
fastapi ( API exposure for 0.110, MI' T
uvicorn (asynchronous seryv 0. 27 BSD
pydantic (data wvalidati on 2.7.1 MI T
pandas (data mani pul ati on) 2. 2.2 BSD 3
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scilkearn (feature extractio 1.5.1 New B¢
tensorfl bwsedSPMofiling mo 2.7.1 Apache
ker as-l (etviedh APl for the LST 3.6.0 Apache
docker (contaimecrsesatrwencte 26. 0. | Apache
Assets pEbécting water heater
fastapi (APl exposure for 0. 110, MI T
uvicorn (asynchronous serv 0.27. BSD
pydafgtata validation & ser 2.7.1 MI T
pandas (data mani pul ati on) 2.2. 2 BSD 3
scilkearn (feature extracti o 1.5.1 New B¢
tensofi EHHMsed profiling mo 2.7.1 Apache
heaters)
ker as-l (etviedh APl for the LST 3.6.0 Apache
docker (containerisation f 26. 0. | Apache
Assets pAieafovatienrg heat pumps
fastapi (APl exposure for 0. 110, MI T
uvicorn (Asynchronous serv 0.27. BSD
pydantic (data wvalidati on 2.7.1 MI T
pandas (data mani pul ati on) 2.2.2 BSD 3
scilkearn (feat ur en ogxnarl a cstaitad 1.5.1 New BS
tensorfl dawsedSpPpMofiling mo 2.7.1 Apache
keras-l (etviegh API for the LST 3.6.0 Apache
xgboost (for a previous he 2.0. 3 Apache
opt Ufaoar a previous heat pu 3.5.0 MI T
Docker (Containerisation f 26. 0. | Apache
Predictive infaaiunltte ndaentceect i on and d
fastapi (APl exposure for 0. 110, MI T
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uvi cloaasnynchronous server fo 0.27. BSD
pydantic (data wvalidation 2.7.1 MI T
pandas (data mani pul ati on) 2. 2.2 BSD 3
scilkearn (feature extractio 1.5.1 New BS
tensofi EBHMsed profiling mo 2.7.1 Apache

ker as-l (etviedh APl for the LST 3.6.0 Apache

docker (containerisation f 26. 0. | Apache

Humacnent ri c KPIiComfout atHdediQng WeSdci 4

fastapi (APl exposure for 0. 110, MI T
uvicorn (asynchronous serv 0.27. BSD
pydantic (data validati on 2.7.1 MI T
i fcopenshell (BI'M data ext 0.7.0 LGPL 4
pandas (data mani pul ati on) 2.2.2 BSD 3
docker (containerisation f 26. 0. | Apache

2. Requi r eemedsnptesc i f i cati ons

2. 4dEqui pment & I nfrastructure

The requirements in terms of |l oT equi pment a
i mpl ement at i-DTh aorfe tchcElabdDcEtheeds ei r equi rement s ar
of the data requirements f-wanttrhiec ckaRIcsu,l aftii romt
and reported in D2. 2, and of 2t.WMe 4duarttah eirn pauntasl
provide concrete infrastructure requirements.

Tab®e DOl oT equi pment requirements

Temperature & RelativegMi measurement gran

Moti on sensors Mi n. measurement g

Il 1l uminance sensors Mi n . measurement g
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| AQ sensors including |Min measurement ¢
foll owkgngl VIOCQ PM2.5)
Occupancy sensor Mi n. measur ement g
Sound | evels sensor Mi n. measurement g
Energy met ers per el eqMi n. measur ement g
and/ or water heaters)
2. 4Re2qui rements Coverage
Tab3summari ses the functional r-3eTq, u iorrei nd2iznt Isf rroent
CHRONI CLE Business requirements,o Usred cjasstsi f& ¢
these requirements were covered in the compon
TabB8.e DO Functional Requirement cover
The occupancy pro
Tenant occ|based on the ML m gg?f; §4tﬁ%4?
FRA5 model s traljtrained on | oT da|High L/ O .ar.ame
| odfat a from the pilot si P
. Sect2.o3h olr
15 minutes
ML occupan
The tenant occupa pioiflllng
Predicted redicted based o SCE @ 1A .EE e
FR46 b . Hi gh cesimulatio
occupancy and trained on-da
Si mul atupon set
The thermal comfo
Tenant the|be generated base
FRA7/comfort mo/model and on | 0T Hi gh
trained on|jcollected from th
timestep of 15 mi
The ther mal comfo Compl et ed
Forecasted|shoul d e forecas .
FR48thermal co|ML model and on wngh SEE LA B B
dat a I / O par ame
Sectd.o3h. olr
The ther mal comfo g:rs??feor;
l:R49Pred|cted shoul d be pr edihcet Hi g h > 5f o6r £ he
t her mal co|ML model and on -d ; .
. . Ssimul ati on
Ssimul ation setup.
The visual comfor
Tenant vis|generated based o
FRSOcomfort mojand on | oT data s|High
trained on|from the pilot si
15 minutes.
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The visual comfor
Forecasted|should be forecas .
I:R51visual com ML model and on Wngh
dat a
The power drbfete
avail able at the
Electric |I|generated based o .
FRSZtrained onjland on | oT data s Hi gh
from the pilot si Compl et ed
15 minutes. Secnd .o4f.o4r
I / O par ame
The electric | oad Sectd.o3h. olr
Forecasted|consumption shoul . ML asset p
FRssloads based on the ML mngh services,
weat her dat a. 2. 5f.o6br t he
simul ati on
The electric | oad
Predicted consumption shoul :
FR54Ioads based on the MHam Hi gh
from tshenudati on s
The dlatiaaen DT sho Compl et ed
to automatically SectZ .o odr
Humacnent ri gcentric KPIls calc . I / O par ame
I:RSScaIculatio rehl fe data or on Hi gh the huomahnr
extracted from th KPI cal cul
househol d. service)

2. 4Li3censing

The CHRONI-DCLEi DIl i celncsadiaseasoftware product
is hosted and maintained in a private GitHub

2. 4. Mt erfaces and API documentati on

The CHRONI-DCEi ®Daccessi ble via REST API call s
of any component is not required. The i nput &
calls tDbDTodhemiDOr oservi cTeabda@r e outl ined in

Tabd.e DOl nput and output requirements pej]

l nputs and Outputs

l nput/ OQutpiUnits From/ To CHRONI CLE ¢c

l nput: stalTi mestamps|Fr om: l nput par amet

dat e

l nput: i ndq°C From: meiaCDuEr e(dt i me s

temperatur ti mestep: 15 miPDT) ;
(ti meseries, timest
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l nput: i nd(% From: meiaGDuEr e(dt i me s
humi di ty ti mestep: 15 mPDT) ;
(ti meseries, timest
l nputz: CO ppm From: meiaCDuEr e(dt i me s
concentrat ti mestep: 15 mPDT) ;
(ti meseries, timest
l nput: ass(W From: melaCDuEr e(dt i me s
consumpti o ti mestep:silrhulmaPdeag ;
(ti meseries, timest
l nput: motiBinary (O From: meiaCsDuEr e(dt i me s
detection ti mestep: 15 mPDT) ;
(ti meseries, timest
OQut put: pry(Binary (O To: CDE ®OAd/N(arn mRser
forecasted timestep: 15 mins)
occupancy
APil nterface
Prot o] Met h URL
HTTPY POSTIAAOA52, YI AOEI AET C55) $+YIl OPAAA
l nputs and Outputs
l nput/ OQutpiUnits From/ To CHRONI CLE ¢
Il nput stalTi mestamps|Fr om: l nput par amet
dat e
|l nput: occliBinary (0O From:-DIDDoccupancy p
(unoccupi e service (timeseries
occupi ed)
l nput: i ndq¢°C From: meiaCDuEr e(dt i me s
temperatur ti mestep: 15 mPDT) ;
(ti meseries, timest
l nput: out (°C From: meiaCDuEr e(dt i me s
temperatur ti mestep: 15 miPDT) ;
(timeseries, timest
l nput i nd(% Fr om: meiaCsDuEr e(dt i me s
humi di ty ti mestep: 15 mPDT) ;
(ti meseries, timest
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Out put: thy¢eC To: CDE ®©OAd/N(an mRser
comfort bo upper and | ower bou
mi ns)
OQut put: colIN/A To: CDE ®OAd/N(arn mRser
comfort bo upper and | ower bou
mi ns)
APil nterface
Prot o] Met h Payl oad format/ exampl
HTTPY POSTIAAOASADOKI AET C55) $+YI OPAAA55) $
l nput/ OQutpiUnits From/ To CHRONI CLE ¢c
|l nput: stalTi mestamps|From: | nput par amet
dat e
l nput: AC ¢Binary (0O From: melaGDuEr e(dt i me s
or on) ti mestep: 15 mPDT) ;
(ti meseries, timest
l nput: i ndq¢°C From: meiaCDuEr e(dt i me s
temperatur ti mestep: 15 mPDT) ;
(ti meseries, timest
l nput: out (°C From: melaCDuEr e(dt i me s
temperatur ti mestep: 15 mPDT) ;
(ti meseries, timest
l nput: set|°C From: meiaCDuEr e(dt i me s
temperatur ti mestep: 15 mPdDT) ;
(ti meseries, timest
l nput: AC | W From: meiaCDuEr e(dt i me s
consumpti o ti mestep: 15 mPDT) ;
(ti meseries, timest
OQut put: pr(w To: CDE ®©OAdY iome er i
forecasted timestep: 15 mins)
consumpti o
APil nterface
Prot o] Met h Payl oad format/ exampl
HTTPY POST/IAAOA52, YI AOEI AET C55) $+YI AOOAOD
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|l nputs and Outputs

l nput/ Out ptUni ts From/CHRONI CLE ¢ omp(
l nput: stalTi mestamps|Fr om: l nput par amet
dat e
l nput: out (°C From: meiaCsDuEr e(dt i me s
temperatur ti mestep: 15 mPDT) ;

(ti meseries, timest
| nplEItect ri qW From: melaCDuEr e(dt i me s
heater powgq ti mestep: 15 mPDT) ;
consumpti o (timeseries, timest
Out put: pr(w To: CDE ®OAd/N(an mRser
forecasted ti mestep: 15 mins)
water heat
consumpti o

APil nterface

Pr ot o] Met h Payl oad format/ exampl

HTTPY POST AAOA52, YI AOEI AET C55) $*¥YI AOOGAOD

l nputs and Outputs

l nput/ OQutpiUnits From/ To CHROGN1pGLNE n
Il nput: stalTi mestamps|Fr om: l nput par amet
dat e
nput: out (°C From: melaCDuEr e(dt i me s
temperatur ti mestep: 15 mPDT) ;

(ti meseries, timest
| nputtovaitierr| W From: meiaCDuEr e(dt i me s
heg@tump pow ti mestep: 15 mPDT) ;
consumptio (ti meseries, timest
OQut put: pr(w To: CDE ®OAd/N(an mRser
f or ecasttoed ti mestep: 15 mins)
water heat
power cons

APil nterface

Prot o] Met h Payl oad format/ exampl
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HTTPY POST|IAAOGA52, YI AGEI AET C5 5 PPAVEAOGAE®

l nputs and Outputs

l nput/ Out ptUni ts From/ To CHRONI CLE c
l nput: stalTi mestamps|Fr om: l nput par amet
dat e
l nput: AC sBinary (O From: CDE (timeser:i
or on) mi ns)
l nput: i ndq(°C From: CDE (timeser:i
temperatur mi ns)
l nput: out (°C From: CDE (timeser:i
temperatur mi ns)
l nput : et |°C From: (CDEhneseri es, t
temperatur mi ns)
l nput: ind{(% From: CDE (timeser.
humi di ty mi ns)
l nput: out (% From: CDE (timeser.
humi di ty mi ns)
l nput: ass(W From: (CDHEhneseri es,
n mpti o mi ns)
Out put: as{Binary (O To: CDE (timeseries
detection
APll nterface

Prot o] Met h Payl oad format/ exampl
HTTPY POSTIAAOA52, YI AOEI AET C55) $+¥YI AOOAO

l nputs and Outputs

l nput/ OQutpiUnits From/ To CHRONI CLE ¢c

l nput : stalTi mestamps|Fr om: l nput par amet
dat e
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l nput: occliBinary (O From:-DDDDoccupancy p
(unoccupi e service (timeseries
occupi ed)
l nput: i nd(°C From: melaCDuEr e(dt i me s
temperatur ti mestep: 15 mPDT) ;
(ti meseries, timest
l nput i nd{(% From: melaCDuEr e(dt i me s
humi di ty ti mestep: 15 miPDT) ;
(ti meseries, timest
l nput i1 1 {Lux From: meiaCsDuEr e(dt i me s
l evel ti mestep: 15 mPDT) ;
(ti meseries, timest
l nputa: CO ppm From: meiaCDuEr e(dt i me s
concentrat ti mestep: 15 mPDT) ;
(timeseries, timest
l nput: TVO(eg/3m From: CDE (timeser.
concentrat mi ns)
l nput(i Be¢M(File in | From: CDE-Dalnd/tdrmeR
the necessi{D2. 2) timestep: 15 mins)
properties
Out put: L@, Various un|To: CDBTorn sPngle ve
We tblei ng, S|D2. 2) ti meseries, timeste
KPI s
APil nterface
Pr ot o] Met h Payl oad format/ exampl
HTTPS POST|AAOA52, YI AOEI AET C55) $+YAAI AOI
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2. Breli minanmnd rnesulst s

2. 50clcupancyippplfitanigon exampl es

The occupancy profiling microservice waor lidit
application for building occupancy prediction
availabl e i n( Stitme hl, Tt2eDrlaBtgwt me have been -wemgludr e
sensor network depl oyed z2cmntclteentrmradm, ni rselnsdirn

motion sensors (S6_PIR, S7 _PI R) ; and four te
S3 _Temp, S4 Temp) . The target variable for th
whi ch i converted i nto @ nbei mar ynolraeb gle:o pl ef drn

s
O for no occupancy (empty room).

To prepare the dataset for mprd@d e stsrianigni s1tge p

perfor med: (1) any rows containing missing se
to ensure data quality; (2) the temper amp,re r
S3_Temp, and S4 Temp) were averaged to create
mean temperature; this new feature, Temp_Mean
room while reducing the number of f eoatmerde si;nt(c
a binary target variable; rooms with one or mc

were | abelled as 0; (4) the datasé&tO%was ¢$phlei
was used to train the?2RPEb6tafea sdsatfai ewa;s rteessetrivnegd
the model ' s performance.

The RF classifier was trained wusing the afor

S6_PI R) ; ( 3) S7 _PI R; and (4) Temp_ _Mean (aver
process involved constructing multiple decisi
the dat a. The final prediction for each inst
predictions from all trees (majority voting).
using a variety of metrics, includi npg racacnuwreac
The RF model achieved an accuracy of 99.01% |
accuracy demonstrates the model 6s ability to
states using the selected sensor features.

The confusion mBi gd®erdoevpiidcetseda idnet ai | ed break
predictions. The values on the diagonal repr e

Negatives (No Occupancy) and Tr ucki aRjoosniatli vweasl
indicate miscl assiPfoisdatiiverss ,( imictorrealtseg pred
Fal se Negatives (incorrectly predicted as Un
assessed by analysing the number of correct v
of the 2026 t @&stsasnpmhelsesverk6orrectly predict

samples were incorrectly predicted as no occ
present, 9 samples were incorrectly predicted
and 396 sampl esywpredcoatedcas occupied. The c

mo d el has a | ow error rate, especially in ter
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Confusion Matrix for Occupancy Prediction

No Occupancy

True Label

Occupancy
|
[
=
w
[}
&

1 1
No Occupancy Occupancy
Predicted Label

Fi gur2Ze Confusion matrix formletcapaphcygapi edi et

|l ki guBethe feature i mportance analysis shows
model ' s predictions. The Temp_Mean feature

approxi mately 0.45, indicating it as the most
foll owed hlevdlkes COS5_CO0O2) with an i mportance s
motion sensor s: S6_PIR with an i mportance sco
the | owest I mportance score of about 0.07. Th
contrtidoudacecupancy prediction, temperature appe

in this context.

Feature Importance for Occupancy Prediction

Temp_Mean

s5_C02

Feature

S6_PIR

S7_PIR

Importance

Figurde Feature i mportance fdrnseocappancytproadie

The motion sensors, S6_ _PIR and S7_ Pl R, may e X
features | i ke Temp_ Mean and S5 CO0O2 for severa

1 Complementary Information: Motion sensors are typically designed to detect the
presence of individuals within a defined area. However, their ability to accurately
indicate occupancy can be limited. For instance, a motion sensor may not detect
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occupancy if individuals are stationary or if they are present outside the sensor's
detection range. In contrast, temperature readings and CO2 levels can provide more
consistent indicators of overall occupancy levels.

1 Influence of Environmental Factors: The Temp_Mean feature likely reflects the
cumulative environmental conditions of the space, which can be more indicative of
occupancy levels. For example, when more people occupy a space, the temperature
tends to rise, and CO2 levels increase due to human respiration. This relationship
can provide a stronger signal to the model than the transient signals captured by
motion sensors.

1 Overlapping Information: The features derived from temperature and CO2 levels
may inherently capture the effects of occupancy more effectively than the motion
sensors alone. As such, the model may prioritise these features when making
predictions, deeming them more reliable for indicating whether the space is occupied.

1 Data Variability: If the dataset includes instances where the motion sensors were
activated but did not correspond to actual occupancy (e.g., due to false positives or
environmental factors triggering the sensors), this could contribute to their lower
importance in the model. Conversely, temperature and CO:2 levels might show a
clearer and more consistent correlation with the presence of people.

Overall, while motion sensors can provide val
their contribution may be overshadowed by the
features | i ke t=nepveerlast virne tahned cOht ext of our
I n a second application example of the occupa
occupancy prediction in a residential setting

The dat aset compri ses moti on sensor HVALdi ng
consumption data reaeecerkdepderowaemiwauttbenat i Ine st e
objective was to evaluate the proposed met hoc

residenti al environment, where occupahbypseat
observed in office buildings.

To prepare the dataset for analysi s, moti on
values, with measurements below 0.5 set to O
0.5 or higher set to 1 (motion detettedfup@htcs
rel atedSaaoatevitthye. data was initially recorded
requi rmeidnult5 interval s, for all variabl es ( mo
HVAC consumption), the awemadge av altweaes ocvae rc ud aac

ensures uniformity across the dataset and cap
informati on.

The RF classifier was trained using the proce
as the target variable (binarised for occupan

of the dat a, was used to build theserowWed b f ovi
evaluation. The model wasottempareat wme t himerai d&iet
consumpusiomg ensemble techniques to enhance pr
The trained RF model achieved an accuracy o
However, an analysis of the confusion matri X

predicted most "no occupancy"”™ instances, it s
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zero correct predictions for occupied states.
of the dataset in this application example, wl
patterns associated with the diesisordalelqw,ent hé
bet ween the two classes I|likely influenced th
majority class ("no occupancy"). These findin
data size and class balance in future iterati
Theonfusion matrix provides a detailed breakd
i Fi gur4de t he model successfully predicted 122
negatives) and misclassified five "no occupar
However, it failed to correctly identifydany '
mi sclassified all ei ght as "no occupancy"” (f
model 's bias towards the majority class ("no
smal |l er dat aset size and the potentSiualh ichlasls
i mbal ances can skew the model 6s predictions t
ability to generalise for minority instances.

oversampling, cl ass wei ghting,oulbd cmpt eceée i nf
perf ormance.

Confusion Matrix

No Occupancy

True Label

Occupied
1
L]
o

1 I
No Occupancy Occupied
Predicted Label

Fi gurde Confusion matrix forMm2odcapphcyapi @edi b

Feature i mportance analysis provides insights
model 6s predict FogdheAsheshmowdreli n denti fied ter
influenti al feature, with an i mportance scoOr €
strongly correlates with occupancy states in
an i mportance36scosrueggefstdOng its secondary but
detection. The HVAC consumption feature had a
indicating it is |l ess predictive of occupancy
expattons, as environmental variables |ike te

by human presence, whereas HVAC consumption
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user preferences or external weat her conditic
optimising sensor deployment dHyppriamicti $iemadg u

Feature Importance for Occupancy Prediction

temperature

humidity

Feature

hvac_consumption

I T T T T T
0.0 0.1 0.2 0.3 0.4 0.5
Importance

Fi gurse Feature i mportance fdRndcappadncwytproeadie

2. 5Co2mf or t iparpopfliilciantg on exampl e

The comfort profiling micmwmogdrdvisceen swas dtad sat ed
the Hypertechoés testbed. The dataset spans tw
31st, in 2023 and 2024, -miwiutthe danttae rveed ca.fd efidhhesa

mi croservice has been to predict the comfort
(occupied/unoccupied) extracted from the occu

conditions measured by |1 oT devices, and exter
The dataset i ncludes indoor temperatur e, O Ui
predicted occupancy as I nput parameters. I nc
accessible through CHRONI CLEGs CDE, were coll
i met building, while outdoor temperature data

were recomdedtaet hervals over two summer per

Before applying the SAX meprhoocde s & imeg diead @ao 1 $id €t

and I mprove model accuracy. The first step i
occupancy was zero, as thermal comfort was not
hel ped eli minate noise i n tchtei odnast anseerte arnedl eevnasr
occupants were present. Once irrelevant ti mes
applied to the data. Scaling was crucial for e
|l earning model s by ttroarms fumri rhiomgn freatgwer eog idn st
ensured that al | i nput parameters contribut e
single feature from dominating the analysis d
Afteprprcessing, the SAX method parameters wer
systematically. The SAX configuration includ

assigning corresponding alphabet symbol sandéa
computing a combined feature equation. The bi
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states: Cold, Cool, Comfortable, Warm, and Ho
indoor temperature, outdoor temperature, and
each variable Dbased on i ts rel ati veanidnf0O.u2e,n
respectively). This equation all owed the mode
environmental conditions on perceived comfort
The processed dataset, containing scaled num
states, was used to train the classification
on tharaméformed dataset to predikitstboer mal s
readings. The dataset was split into training
for training and 20% for testing. The model w
temperatur e, and indoor hluemitdh#egbRmaKed npoamf d rets
served as the target wvariabl e.

The performance of the model was evaluated u:
matri x. The confusi oRi gwarber isxu mmae pisetsedt hien c |
performance, showing correct and incorrect pr
indicating a high reliability in predicting t

Cold

200

Cool

- 150

Predicted
Comfortable

- 100

Warm

50

Hot

Cold Cool Comfortable Warm Hot
Actual
Fi gurée Comf ort profi lTiCloghfrmisd roms ewau ir d &
I ndicative results are presented in
Figdr(e50 timesteps shown). The true data are
the predicted ones with red 606. It is obviou
the comfort states, meaning that the d wmoaseanb
where the model fails to predict correctly, m

accuracy of the model is around 88%, only a f
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Hot LR L8 == = = B B EER =R =0

Warm - = @ = = = X XE®

Comfortable EEXE = x om =

Comfort State

Cool == ®oR- =R X L =

% True Labels
Cold{ @ Predicted Labels &= = @ = = = =

T T T T T T
[} 10 20 30 40 50
timesteps

Figurr€omfort profilinhrue cyospemredicet ed ¢ omf
Tabberesents the classification of ther mal C O
parameters: indoor temperatur e, outdoor tempe
state i s associated with a specific rangethat
integrates all three variables using weighted

Tabb€omfort profilihgppercramserivower boundar.i

comfort state per feature

6col do - <24.1 - <24, - <32. - <26.(
6cool o 24.1 25.5 24.71 27.7 32.5 37.9 28.0 28. 3
6comfort 25.89 26.4/ 27.71 32.8 37.9 41.7 28.3] 29.9
O a 0 6 4 4 8 4 4 9 9 4
O O O 4 o Vi /

2. 5AQ split unhapgp! ipcgatfiidn ngxampl es

The dataset used for preliminary tests of tt
collected from Hypertechés testbed, where | 0T
of AC split units over a period ofgy 2@acdans . dDi
was | oggednatelbnterval s, capturing key envir
t hat influence energy consumption and ther mal
I n the heating season, outdoor temperatures r
cooling season, they varied between 29AC and
reflected the combined effect of AC operatior
internal ther mal inertia. The temperature was
designated setpoint, which was set to 21AC du
cooling season. When the AC was actilvg, gnddaock
approaching the setpoint in a nonlinear manne
turned off, indoor temperatures drifted towar

due to resi dual t her mal ma susd eedf fleocTt ss e nTshoer drae
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relative humidity, a key parameter affecting

The time of day was encoded as a normalised c
patterns, while the day of t he week peatsodiaoen
variations over the course of the week. Two a
sensor dat a: the difference between outdoor a
indicator of ther mal |l oad, and urmhe andftehense
which directly influences the AC workload. T
insight into the factors driving power consum
variabl e, Il ndicating whet@deat t@achini it mewast epe
was structured so that the AC remained off dt
the space was wunoccupied, while it was all owe
consumption values wer emdteeri v eidndtraolm dd Ti re ntehr
usage was directly influenced by the deviati

setpoint, with higher deviations | eading to g
power consumpti on hrielmeaiunnedde ratmaxeirmumw ool i ng o
unit operated at full capACipywedraownsgmppi 6o
temperature profiles for the heatiFng daBedd cool
FiguBerespectively.

Tl
\
.

il

Indoor Temperature (°C)

Indoor Tempe

20240101 20240105 20240109 20240113 20240147 20240121 010100 010106 o101 12 010118 010200 010206 010212 010218 010300

Fi gur8AC power consumption and indoor ie@mper a
days (left) and 2 days (right)

Mu M M '/ Il | |

20240801 2024-08-05 2024-08-09 20240813 2024.08-17 20240821 080100 0801 08 080112 080118 080200 080206 080212 080218
Time Time

Fi gur9aC power consumption and indoor i2@mper a
days (left) and 2 days (right)

The correlation matricesFigR0Qkedhtihghddagshdndg,hede
bet ween the input features and AC power consu
and outdoor temperature exhibit a strong cor
bet ween indoor and setpoéwntr ¢aleenpiem ad @tr @esmiph ialy
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The correlation patterns di ffer slightly b
environmental conditions ahRidgaAa@enodp egr@adtei porno.v iTche
further insights into the relationships betwe
season, the patterns indicate a clear influen
consumption, with a smootheroldinsgt rsiebausta no,n tohfe
data points is slightly broader, suggesting 1
hi gher outdoor temperatures and increased coo

temp_diff_out_in
o =

temp_diff_in_setpoint

N

0.0 emmrETETTTD cnmemmmmmme | e e o eeco e o enmme—" CEarTTTT—

il | “ A | /

20 40 60 80 0.0 05 10 00 05 1.0 0 10 0 5 10 0.0 05 10 0 1000 2000
humidity hour day_of_week temp_diff_out_in temp_diff_in_setpoint ac_status consumption

consumptio
8
0l o
T
&2
ruv °

- &

Figwer2air plot for i nput featurdsoahd nhACspawe

Mo d el evaluation metrics indicate strong pred
heating s®&@®%oxn,2.thE, Yoamar & hies 1. 00peir i @&ice¢ a tmiorn
performance. This suggests that power consump
predictable pattern based on the input OWa i abl
increases to'Y&s.ch6,e asnd gthhd y decreases to 0.9
this slight decrease mayyriehl eobl gngatdemandy
fl

uctuations in humidity or other unmodel ed f
The actual versus predicted AC power Fcgi8empt
illustrate the model s ability to capture con
cooling seasons, the predicted values <cl osel )
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only minor deviations. These deviati onFsi gauree f |
24 which show the distribution of errors as a
resi dual s -diestariinbuwedd around zer o, with no cl e

the model does not exhibit significant overfi
—— Actual Consumption —— Agtual Consumption
2500 —5 Predicted Consumption — Predicted Consumption
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Fi g®r3BActual vs predicted AC powkeationgumeaso
(left) and cooling season (right)
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The residual diFsitgrditbeet ndbor pkeot i snconcl usi on,
of prediction errors. The majority of residua
the heating season, where predictions are hig
exhibit eI isphtelayd, moref |beoc® b s gr ved hnhnghbkbe evalu
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| n summary, t he resul ts demonstrate t hat t
dependencies between environment al conditions
While the model performs exceptionally well i
season exhibits slightly more variability, [
findings confirm the suitability of GPR for m

2. 5Eldectric watefiapphteatpoofekamgl e

The dataset wused for preliminary testing of t
was collected from actual metering and sensin
covering thé&opyemibddo fMaornElor 31 wo consecutive vy
2024. The data wmsnueeordeéeeranl 45 capturing t

power consumption, outdoor #femaerat pae aimen ec s
usage patterns and cicompraccwe f orecasting a

A short analysis on the collected data reveal
dataset were discrete and included 0, 700, 12
heater operated in two actual st aeeésofORODDd \
when active and 0O watts when inactive. Howe v e
power consummi nobhepéir meStep, intermediate val
watts appeared when the heatenfwas$me axdutiiev apteerd
For exampl e, a recorded value of 700 watts i
approxi mately 5 out of 15 minutes, while 120
mi nutes during that ti mestthee .h eOgptearatweorneala lcsoon:
dataset: e h activation | asted between 30 a

ac
period of three hours between consecutive act
temperature forecasts,nal etweiagtvheedd fArPdm amepert
ambient conditions at e aebhasteidme setaetpu.r efsd dsiutciho n
the day (ranging from O to 23) and the day of
Monday to Sunday) aweuvueei dal ugedntdoweekly wusag

The correlation mdtirgigxpe aiviitdhes | @ fnume diec daff r ey
l i near relationships between the different f
correlation between power consumption and the
an al most neglatgiiobnisehi Ipi. n eTahri sr esluggests that

strongly dependent on the specific hour of t

dat aset . This contradicts an initial assumpt.ii
cycles basedednlfeisxedianil arly, the correlatio
outdoor temperature is also weak. This sugges
i's not directly influenced by environment al
behavindr sahedul ing domi nat e activation patt
conditions. Despite these | ow correlation val

The pair ploFi deb@drnr eliatei cof matrix (left) an
features and el ectric wa)t esrh chvesa ttehra tp opanoew e rc ocnosnt
only four discrete values: 0, 700, 1200, and :
the vertical axis in different scatterplots
pattern but doeg rdtneexhitbetnaa edItehr teamei r on me
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One possible explanation for the weak correl
influenced by a Hmomeacomplmdbx hanhoon of featur

variable | ike hour of the day or tempersatur e
designed to capture sequenti al dependenci es,
val ues, rat her than instantaneous environmen

determining future activations.
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Fi gwRr6€orrel ation matrix (left) and pair plot
water heater power consumption

Foll owing the methodoR2o8y2dbet ILISATeMd mior e § e ataiso n

dat aset described above. The model evaluati ol
84,844. 46, and RJ: 0.6215, provide insights i
model . The Mean Absol ute &Evwearoage( MArEE discug gens t
approxi mately 58 watts, which is relatively |

The Mean Squared Error (MSE) reflects the |

S q
some prediction errgher atbansi ghhkersantlliykehly
f

variations in user behavior. The R] score o (
consumption can be explained by the model ' s i
accuracy.

Fi g2reresents the training and validation | o0os
epochs forbased LfSoivver consumption forecasting
training process, both the training lioes,| 0P|
represented by the magenta | ine, decrease sic
t he model is rapidly |l earning patterns in thiq
mi ni mise the difference bet weteenr parpepdriocxtienda taenld
epoch, both |l oss curves stabilise, with the v
This suggests that the model has effectively
features and the powerooaghsumptihen etndniget .trh
training and validation | oss curves remain cl
that overfitting is not occurring, meaning th

than simply memgprsammlges.r aAsn t he epochs progr
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show a gradual reducti on, converging to a | ov
process, meaning that further training would
model performance. Overall, the tresdd udbgerd\e
from the data without excessive complexity o
including the number of LSTM | ayer s, dropout
tuned, allowing the model t o ceasptiunr et hree | deavtaanste

0.07 A
== Training Loss

—&— Validation Loss

0.06

0.05 4

Loss

0.04

0.03 4

0.02

0.0 25 5.0 75 10.0 125 15.0 175
Epochs

Fi gwrfel ectric water heateritprraifnilngiganmd cwalsie
|l osses over epochs

Fig2iBel |l ustrates the comparison between the ai
of the electric whayerpdriaacr Diverblaadchkvol i ne re

consumption r-mcopudedi nherlbal s, whil e théd emage
predicted consumption generated by the LSTM 1
captures the gener al pattern of power wusage,
and |l ow consumption. The peaks, whitcéhr clogateerp
actively operadtiigmge,d dred weelnl act ual and predi
slight discrepancies can be observed in the ¢
indicating minor prediction emmor sv.arTlhesende
behavior or other unmodeled influences on pow
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Fi gwrBActual vs predicted electric waieef haake
of 2 randomly selected sequenti al |

Fig@fpea esents a similar analysis over a |l onger
which corresponds to a period of approxi mat e
actual consumption pattern is accurat &ISyf Mr ef |
mo d el successfully identifying the intermitte
prediction fodli&es behavbonaony the devizeep al
consumption and peak power |l eveler whiraohnagr er
of f. While the model performs well I n predict
some cases where the predicted consumption d:¢
either due to small shift ®nicresadtni patwiean |teivrad
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—»— Predicted Consumption
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Power Cansumpti
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Fi gwRrr9aActual vs predicted electric waieefhamee
of 300 randomly selected sequenti al

2. 5Prbedictive Maiiapphacaei oRDBxampl es

The LBaMed Faul't Detection and Diagnosis (FD
using a dataset from a Kaggle competition foc
provi d&wdrt ealbperational data of HVAC sgfttms,
model 6s ability to recognise patterns i n powe
high accuracy.
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Fi gBrOEDDb6s LSTM predictions on the Kaggle da
(right) timesteps
The model's effectiven in capturing HVAC p

e

system behaviour was de

predictions across 1300 nd 300 timesteps. T
HVAC consumption, while the yellow |Iine shows
bet ween these two curves confirmandhagtnehal ir
HVAC operational ©patterns.

Ss
monstrat Edg Bmlieltlhues twiant
a

Foll owing the met hodol?2.g3f &8ld stc rdielteedc tii o nS encatsi a
analysing Asplaind HErrror MOWe ngi A@kedgeect ed f
are highlighted with red triangl es. 0 Onheetsrei cf a
significantl| yOleot heedehdb| the suggesting an ope
observed results al i(l@Boed awiet?) aflend if200g2s i h goinh a
model effectively captures deviations from no

- AE
A
3.0

Detected faults!

FigwBrleault detection results based on AE and

To furth validate the methodenoogyd diahtea nfordc

er
Hypertechods testbed, where an AC split unit w
summer periods of 2023 and 20214 (June t hr c
measunments from an apartment occupied by two r
dataset | argely corresponded to that of the K
the two test cases. However, additionatltoroll
enhance prediction accuracy. Specifically, a
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outdoor humidity wast icnoensptuetpe dwionvdearw,a ifnopurro v i n
to captdree nshHdmutct uati ons in environment al con
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Fi guBr26DD06s LSTM predictionseshbededHypsesetect:lk
di fferent timeframes (left and ri.

Foll owing the feature-pemngiessemigngtampd abadt.d3i pr
t he model was trained for 20 epochs. Val i dat
generalisation, initially stood at 3.6416 at

epoch 12. This represented a 97% cessfcallon, | é&:
the underlying patterns of HVAC system operat

stage, preventing unnecessary training and av
Once training was completed, the model was ev
predictions against actual AC (HVAC) consumpt
Fi gB8rke where the blue dashed | ine represents
|l ine corresponds to actual val ues. These Vvi sl

captures the operational dynamics of thmed HVAC
ti mestep timeframe (appr-mknmaeelhyadBubadayyg)wd
predictions <closely follow actuarnessegept am mbéh
visualised in right pl ot , rei nf or ciivneg achcautr atc
across different timeframes.

The final step invol vedah®@®udbctompetrd cstoingn alsa sve &
Fi gwBrde Faults were fdQ@oggedOwhe mesveirndi cated b
triangles. These instances suggest that the s
expected patterns, potentially due to sensor
performance degradati on.
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FigwBr3Bault detection results based on AE and

dat aset

I n summary, the resultbaceodf FDBh mhat oderevilcS
di stinguishes bet ween nor mal and faudbtaysedper
met hods, which often fail to adapt to season
proposed approach eff edteipwealdyenacdd wrcttuuaftoontsi,

robust and adaptable solution.

2. 5DDDT -somuliaapmplni cati on exampl e

The-sdomul ati on framework was deployed and tesH
automated | FC to | DF mappingBl MERKRe s swa s o raipgpilr
gener at e he input data file of EnergyPl us (

FC, are accurately mapped to ob]j

captured
Results a
retrieved

t
building's geometric, boundary <conditions an

[

r

bBdstintatiesd wiomth mentioning that

n |
e Fi
from the CHRONICLEG6s Common Data En
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FigwBrde FC to | DF mappin
Hypertechods testbed

this test cweasse , seBneumyPbuperform an

ntinuously predicted occupancy states,
nsumption of t hrepWC sinmul, atgii v no@atsputs.
nt back to EnergyPlus at each simulatio

nu O O o —
® O O O S

|l s. The profiling models processed the

O o O o wnw —
> 0 9 9 5 T3S

I
c
n

—

e -sdanul ati on workfl ow was i mpl emented
demonstrate how the EnergyPlus model retr
services, and wupdates its internal condit

As outlined in the Il l owing script, the

fo
| DF and weather files. The EnergyPl usAPI
variables, enabling d

irect manipul ation o

g process applied on

ener

cupancy, comfort and AC split uni t power

t he
The:
n ti

more detail, the EnergyPlus Python API f e
mul ati on engine and t he profiling service:
vironment al conditions, whDOTc hp rwefrie itnhgelns epravsi

dat

k into the simulation. This process ensure
ditions that aim to reduce t he fgoapmabnectewe en

i n P
i eve
i ons
Si mu
mo d u
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AO01 1 DPUAT Aocubpi 66t ADE EI DI 00 %l AdguUoil 60! 0)

APE " % AOcCUo0i 601 0) 5%

EAEMAE]I A 7 YEUDAOOAAEMOAOOAARAL EA &y

x AAOEAOMBEAROEA®t ADxyY

OOAOA » ADEt OOAOAMI AT ACAOL T AxmOOAOAs S

ADEt OOT OET At 001 mAT AOWDYB UKGs OXOAGEMOWt x AAOEAOMAET At EAZAMAE] At

The script below presents two functions (defir
EnergyPlus, including indoor 2tempenttatrieonyeA
and setpoint temperaturei;DTampad of2) i ngr siemwolkiers
the retrieved informatiomAamdEret AonRT pméefddaw !
extractetdi mereadnvironment al conditions from
NOAOUmI EAOI DA@CEADNL sent this data to the app
retrieved predictions.

Ei DT 00 OANOAOGOO

AAE CAOMOET O1 AGET T mAAOAs & k
OA0B60O1 Dz

YET AT T OmOAlI Byk ADEt AGAEAT CAt CAOMOAOEAAT AmOAT OAs OOAOAL v : |1 A - AA
YET AT T OMEOI EAEOUYk ADPEt AGAEAT CAt CAOMOAOEAAT AmOAT OAs OOAGAY v:TTA
yAl g m1 AOAT vk ADEt AGAEAT CAt CAOMOAOEAAT AmOAT OAs OOAOAYL v: T 1T A #I/¢
y OAODPT ET OmOAI byk ADEt AGAEAT CAt CAOMOAOEAAT AmOAT OAs OOAOAtL v:TTA

YAAMOOAOOOY Kk APEt AGAEAT CAt CAOMOAOEAAT AmMOAT OAs OOAGAY v (6! 4 3UOOA
dz

AAZE NOAOUmMIi EAOT OAOOEAAs ADEMOOI + DAUIT AAS K
OAOPI T O6A » OANOAOGOOt PI 005 ADEmMOOI + EOIT” DAUIT AAY
OAOOOT OAOGDI T OAt EOT T 5%

As outlined in the following scriptcaldtededdt
profiling services, and their outputs were in
profiling service determined i f the building
estimated a comfort index |bacsoenddian oinrsd o carn de nt v
service predicted the expected power consumj
dynamically adjusted HVAC operation mode base
AC unit's power consumptioam A@smrdofoinl ipmedsen v
| ##50! . #9m! 0) " YEOOPKkYYIi T AAI El OOk 7 dzdlzdlzY Il AOET AET C55) $+YIl OPAAASG|5) $+ VYD
#/-&124m!'0) ” YEOOPKkYYI T AAT ET OOk 7 dzzdzYl AOET AET C55) $+*YI OPAAAS55)|$+YDOA,
1 #m02/ &) ,). " m!0) 7 YEOOPKkYYIi T AAI ETl OOk & dzdlzdlzY Il AOET AET C55) $*YI AOOAO55) $:

AAZE OEI AOGOADPMAAT 1 AAAEs OOAOASL k

OEi MAAOGA » CAOMOEI Oi AGET 1 mAAOAs &
i AAOPAT AUMPDOAAEAOGETT » NOAOUmiIi EAOI OAOOEAAs/ ##50! . #9m! 0)+ OHI mAAOA
Ai il £ OOMPOAAEAOGETT » NOAOUmMI EAOT OAOOEAAs#/ - &/ 24m! 0)t OEI mAAOAS

AAmDT xAOMDOAAEAOETT » NOAOUmI EAOI OAOOEAAs! #m02/ &), ). ' m!0)t |OEi mAA
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EOmi AAOPEAA » 1T AAOPAT AUMPOAAEAOQET T I vyi AAODPAT AUy *

AT i £ OOMOOAOGA » Aiil £ OOMDOAAEAOGEI T I vyAi i £ OOMOOAOAY *
AAmDI xAO » AAmMDPI xAOMDOAAEAOEI 1 Il yDOAAEAOGAAMDI xAOyY *
ADEt AGAEAT CAt OAOMAAOOAOT OMOAT OAs OOAOAY v (6! # | DAOAOGEI T -1 AAvt v#Ii

ADEt AGAEAT CAt OAOMAAODOAOT OMOAT OAs OOAOAt v (6! # % AAOOEA 01 xAQvt AAm

APEt OO1T OEI At AAT 1 AARAEMAT AmUI 1 AMOET AOGOADMAAEI OAmUT T AMOADT OOET Cs|O0AOAL

The-sdanul ati on of the Hypertechoés testbed was

t wo scenari os: one using deterministic occu
i ncorpor atDThgprtohfei IDDhg services for occwe@mrncy,
consumption. The objective was to -EFealabdtd
approach reduced the gap between simulated an
Tab6bpresents the annual heating and cooling et
as obtained from (1): the baseline EnergyPl us

t he-DDID and Enesrsgyrrulliast ioocm; and (3) the nrmeasur e
the testbed.

Tab6.€osi mul ati on pr eliiHgipreartye crhedsulttest bed

Baseline En

Si mul ati on

(Determinis 2470 Kk WHh 3150 k Wh 5620 k Wh
Schedul es)

Emel gy Pl L 2190 kWt 3010 k Wh 5200 k Wh
ceimul ati on

Measured co 2120 Kk WH 2940 Kk Wh 5060 Kk Wh
Reduction 0 0 0

me as it e@%)a 11. 3% 4. 4% 7.5%

The introdul®ipmofoifl ilnDp sesivineleat ii ot of rt ehme weoor
simulation accuracy by reducing the deviatiotl
consumption. The baseline simulation overesti
continuous operation during pred®ffi moOdMubdactup:

u
reduced this error to 3.3% by dynammeabltygupdnp
profiling. For <cooling, the baseline snogultati
account for adaptursesoomfast mhebavi oher most at
DT -somul ation reduced this gaptitme Zodoby ipr
Overall, the total HVAC consumption gap dropp
i ntegr atdirnigr echagtpaso fginliifm cantly i mproves si mul a
occupamcyen variations and adaptive comfort p
to reflect.
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SPhysBas®dgi tal Twin

3. Aunct i ovnearlviiteyw o

Asdescri bedDEZHRONI CLE Busi nessusreeaque g e e ndyst
archi t(eHEMRUBERT ECH,the2 ORPMBaisesl Di gital Twin -is on
components within the.TiDé gméaiah T whnao tcFoompankewhbeynks i
dynamienul at i of oBsuoifltBneasrgegn and Ener gy Pd&mhfier ma
component mainly relies on itls( Aphpylsiiccadtiirengif
Conditi oHeawgkEmgndneer s) furthrmddlRersiccalbedles ar it

I n partthoevwelPdrlylssBaxsed Di gift &CIHRTOWNINCLE pr ojhercete c C
subomponents:as foll ows

1 [IFC Import tool: it facilitates the import of suitable BIM files into the physics-based
digital twin modelling tool (specific conditions are further described in section 0

lhttps://www.iesve.com/software/ apache
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1 Requirements and specifications).

1 BIM-Based Building Performance Simulator: this sub-c o mponent 6s r ol e
after the building geometry is finalised, either through the IFC import directly, or within
the IES engine itself if required. The physics-based engine will be used to simulate
the performance of the building.

1 Energy & Sustainability KPIs Calculator: the building simulation results will be
further utilised to perform specific assessments of the building, such as the different
renovation scenarios to be provided by the Renovation Planner.

Physics-based inputs

Geometry Climate Data Buﬂdnpg Contr(?l HVAC Imternal
Fabric Strategies Systems Gains

IFC Import © BIM-based © EETE 2T ©
Tool Simulator szl el
Analysis

Jifc files Energy consumption, carbon Results
emissions and comfort

Fi gwBr5e Key EIl ement s -Boafs etdh eDiPghiytsailc sTwi n

3. Bchnical description

This section presents the detailed technical
based Dwgnt al

3. 2I.LFIC | mpolt

Constructtamgett hleui | di wgdobhi gedbmetlemgr ggf moaetéd
fstand onemaft itAleet ensi veofaspecelsopi-hbgsad pmgdel
Many software phekangeisvn hthoucell stb o iolsdyieregnieassn d

assigning rel elviand. pemwelrape,s t her mal gai ns,
conf i gurTentiisorc.a.rh gnfagkre ditf f er ent programs to wol
data s mblheheéyor ¢ FC i nhpaocbretepnt o p bvsheide ha bl gstr o

olei meaometry fil e dersosgonf hpackagesantdl Epeonrgi ne

Within the CHRG@NItGOLH piMmoogwehic 8@ cooms engihmes OMEB)
enhanwietdmpr olvied i mport .Tdpabidleivteil@p ment buil d
work related t o?pwWP5(ehant Bil Met REWNgu®, Tardiol i, |

& Philippe .Allatmyex 2®”2d9 on its methodol ogi es
digital model |l i ng, the BIM data integration,
CHRONI CLE f rTahmee woarkk f or this devel opment was
particular T3.3, which focused on creatsng 3D

2https:/ / bimdren. eul
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TheModel Transl ati ondebrediomed(i MYEQI,E®Sf t war e | i
programming iisntae+sitaacned. pr ot otype which facilit
data models for Eher WWEsi mulnattdiadnesit gruesce rf darnt
because of itdéds pribmatr greatuleert @a®em@ao it ¢hieth § 81 C

based engine iRi ¢BBX¥ENIsGINMEMari ses the input f ol
as well as the general outputs from the engin

APIs Input Files

CHC B 4 o &
A

‘-

\
'§ 5 5 - Model [\
‘j,l.r’ —) b W Translatiorf ¢
LSS Engine

) g

E__‘
Apache N Radiance ) -

Engines & Output File

Fi gB6MTE Functional FI ow

3. 2BI2hllased simul ation engine

The dysamutati on naordee lcsr e(aliSeM) ei t her from t he
files in the MTE softwar3e 3.ikbm airy t{lexpl BEd eli
called Virtulal dEsvgnedméntr ener gy amaedalsledar st.o
simul atleEgewiftohr mancal ¢ egli.A@ache

During WP 3, we have conducted a t horough [
performance of wusing I FC files generated by t}
and managing simulations efficiently.

Shttps:// www. i esve-eqnom/ronfnewmar e/ virtual
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\4

\\-\v
m

Daylight

Airflow

Simulation Results

FigwBrfe | ES si mul &tuinen iema@ilnd| ow

3. 2Emer gy & Sustainability KPlIs Calcul a

Thi s-component caEocergyeankeyustainability KP
solution. 't uses dactoampfornoern tt hteo Hyrieathveilrdautse SKuPHg 4
given input, hel ping users assess their bui l
resul ts, it oamdableevsal aaat hon of the building,
scenarios from the Renovati on -sRulpapnonretr .t ofohli sf osr
plan effective renovation strategies
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3.det hodol ogi cal Approach

The owenrklolf ogwhyeshas®d s s hdwmg 3iBre

Firstly, the BIM model data file was process
compatible with our si muleatliFICn nmeodgeil rse .evg W lea pudp \
within the softwaretodedwglucp ment oproauce ngi ne
pupwoses. An alteoptitonwei2soptthHeow)ysed of the BI M
software.

Next, tlhe efdi eep hcerde | sic BheeBhifnaglilneed A peaxcphrmee @ nd
i B. 2. 2The foll owi ngt hsitse ponwatsh et oGlrovend at ed at @as u |
postproceasstiBadgbheartves as a time series data pl
to collect the |1 oT data fro@htb¥®i @@nPI|VWR4nfad d dy, |

data results damnb & heat®Plewed. csv files.

Regar dhiend att c h, ptriors el ati on engine will perfo
whi ch emradbabaiensd b atochh sreurni es of simul atl bows TUh
to makei vidual par ameter chamdyesemd i out d omessi

Renovation Pl anner and the corresponding use

[ ChroView
\ Plus

0] ‘ :
BIM '
PTION 1 '
@ oFTIo Models . N i

Q| | @ | | Physics ©|  iscaN e

MTE ——> based — Postprocessing || .csv json files

: ‘ J engine of results —_—

v ‘ : ‘ A

VE J; :

PTION 2 - !

OFTIO Models @ | Design :

Options

\._Batch /

' '
¥ ‘ y
Renovation Planner CDE

Fi guBr8e CHRONIRyESdbas edWDITkf | ow

“https:// www.iesve.com/ products/iscan
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3.Requirements and specifications

The BIM industry lacks universal standards for thermal modelling, which creates a large
number of difficulties for interoperability (Ouellette, 2022). Furthermore, different software
vendors can implement BIM files in different ways which leads to inconsistencies in how
thermal properties, building elements, and spaces are represented (IFC files can vary
considerably in structure, complexity, and data representation). Therefore, we have created
and regularly updated our guidelines below, which are provided to serve as a general
orientation and are subject to further assessment and refinement as needed:

1 The MTE IFC support schema. This is the Integration of Standardized Data
Formats, which primarily focuses on geometry to ensure compatibility and accurate
representation of building elements.

1 The IFC Mapping. These guidelines refer to Translating Building Data for Analysis,
where IES attributes have been systematically mapped against IFC, ensuring that the
necessary thermal and energy-related properties are correctly interpreted and
transferred between systems.

3. 4.nt egration of Standardized Data For

The MTE (Model Trtaonocsll ahtaiso nd eEvneglionpe)dpar guf de t
modeulssi ng t he | F@iskicltceoofmeorrmmattihnmermqui red and opt
el ements thatalaogreg swiptplor k esdo memp li dmd retsa taina@n n @

1 IfcSite

The I fcSite el kmens ssroequyredcommended t o sSe¢
the ReflL@AQ i twadeRg)Lam@i 8ddeo +180) attributes.
for the site, thse nsuollaatre dnonoedle If owi Itlhebe i ncorr
1 IfcBuilding

An | fcBuilding, contained within an | fcSite,
morheeati ng & cooling systems. A building outer
(bountdaryir) or party wall (boundary to anot h:
The I fcBuilding eTlereentaries aoawerqrueamteldy no attr

buil ding. We <coul dPsceotn sB udielrd isnugplpsoer:tManrgk et Sub C:
gbXML's buildingTypeEnum, for exampl e).

1 IfcBuildingStorey

The I fcBuildingStorey el ement i's required, W
resiwiet hin an | fcBheft di ngrSe ormeoy. attri butes

| fcBuil dingStorey.

1 IfcSpace

The | fcSpace el ement iIs required. Compl eX or

space forms the key el ement of energy simul at
buil ding.
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For MT E, it i st hnea nQpaat coer yb e hfaul |y encl osed by
t hr oRiglhSpaceBoundary representation or througt
A spwcéehout geometric boundari esWhen nats ma cvea
defined through | fcRel SpaceBoswlaet hegebmettslyy
bounded. | f this geometry test f bt es bhe med
geometry requirements for MTE:

All surfaces must be planar to a tolerance of 1 mm
All space boundaries must form a closed volume to an accuracy of 1 mm

0
o
o0 The MTE supports either centre-line or inner surface bounding geometry
o The MTE can handle either 1st level or 2nd level space boundaries

0

The categorisation of a surface (wall, floor, ceiling) is determined by its slope
and a global transition angle (defaulted to 70.0 degrees)

1 IfcRelSpaceBoundary

Geometry definition t hrough an | fcRel Space
| fcOpeningatr emayt corresponding physical | f ¢ W:
instances thadsubfedaoemg to that

MTE does not currently apply any ther mal de
el ement s t oc Rel SpaceBoundary surfaces

Pset _Wall Common: Ther mal TraheMatéamanaklLayer 3dtc)W
reviewed in a future iteration.

1 IfcProductDefinitionShape/lfcRepresentationShapeltem

| f a Space IS defined through 3D I fcProduc
repr esemtoatrieolnat,i onship exists to | fcwal.l i ns
mapped to tReeprepaceati on geometry. Therefore

| f cRel SpaceBoundtahgr galomanalyy$ios scenari os.

1 IfcShadingDevice

MTE does not currently support the | FCv4 | fcSlI
i nfature iteration.

3. 4Tr2ansl ating Building Data for Anal ys

Mapping | FC pr olpEe&ntgiiwses i @at oommphleex proemevssraev
that the buSbudhngés mdatai dlherpdd memsie@wO [ r e c |
under satnadodused f dheampalaytshies.f isnatlo elmgi alel @ t o
corrdeedta model from thba€PB tmodehe. physics

The main gbBC wmappihreg was developed to cover
necessarkEfShfearmal model , which contains thousa
files were noftoryeal |avparidjaebclte pi |l ots during t
actiyvaintdi etshe specific scenar iats ttloa,th dshiasghepw®rc
was essenti al tobpaveaemhpaennieegy ifrcerd dat a model
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Properties -
PsetName -
Property Name Template VEIE Unit
Name IfcPropertySingleValue IfcText -
System IfcPropertySingleValue IfcText -
Pset_ThermalTemplate AuxVentSystem IfcPropertySingleValue IfcText -
DHWSystem IfcPropertySingleValue IfcText -
HeatingPlantRadiantFraction IfcPropertySingleValue IfcReal -
CoolingPlantRadiantFraction IfcPropertySingleValue IfcReal
HeatingOperationProfile IfcPropertyReferenceValue IfcTimeSeries =
HeatingSetpoint IfcPropertySingleValue IfcThermodynamicTemperatureMeasure (€
DHWConsumption IfcPropertySingleValue IfcReal 1/(h.per)

Pset_SpaceConditions

DHWConsumptionPattern

CoolingOperationProfile

Fi g Wr9e

IfcPropertyReferenceValue

IfcPropertyReferenceValue

| FC Mapping

IfcTimeSeries

IfcTimeSeries

sampl e
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3. Brelindsneasrdy rtesul ts

TRi nvestomaTashka s3 . h2el ped uasnd os temthlaenicpem@cess b
turning | Baifidieg EmeBBEM) Mwidteh t he foll owing

1 Import Geometry for Spaces: This step refers to the extraction of geometric data
from an IFC file to define the specific spaces within a building or an apartment. The
spaces need to be entirely defined by shape, area, volume and the boundary
conditions

o Ideal Method: Using IfcRelSpaceBoundary This route allows having a clear
relationship between spaces and the surrounding elements (like walls, floors,
and ceilings). It represents how spaces interact with surrounding elements.

o Fallback Method: Using IfcSpace objects when IfcRelSpaceBoundary is
unavailable. This method may lack boundary conditions

1 Generate Simulation Objects for Space Geometry: convert extracted IFC spatial
data into BEM-compatible objects. ldentifying shared surfaces and adjacency
relationships.

1 Determine Building Location (Latitude / Longitude) so that we are capable to
extract geolocation data and therefore use accurate weather conditions

1 Apply Energy Attributes from IFC by extracting relevant energy-related parameters
from IFC properties.

Theol |l ewichgons berewushaookhébw compl étaesce df or
Di gital iTwmghne fhoylblroowd appr oaTlhe eixfpd afi inleels avbeorve .
to align wi tbha sleEdS 6D TP hsyismuclsat i on mechani §met hr c
testbed in Greece and the Spanish Pilot have I
of the MTHBIubkaitnag mohde¢ IFC. f deganawhi | e, t he Dani sh
have been modleE¥d wit hi zfhielgge tahes oluFCe of i nfor

Tab7:Physibased Digital Twin model s

A Testbed. cpacititiHYP Succesdéuél gped
Greece

B T?Sthd’.UniversithTU Geometry failed
Lithuani
Bal sa d:¢ : Zar agc¢

1 Ebr o, S'SOCIa| H0|VivierSuccessfuIIy devel

2 Herning Soci al Ho  FB Successfully devel
Denmar k

3 LaS_osta RetirementAEM Successfully devel
Switzer|l

4 Dun Emei1Social HotOCual eTo be developed in
Il rel and

5 Aspra S|Residenti iMytil eTo be developed in

Greece
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3. 5Telst beds
Hypertech testbed

Fi gdfOdeepiactdset ai |l ed representation of the Hype
iterations, the | FC ifmper has brteton cwrccessgifmue |

Fi gurOe Biamsed DT of HYPERTECH Testbed

The following results were simulated after i m
| evel energy |l oads and the environmental <cond
provide valuable insights into tlke baseline e
| n partthreewsdedrt,r antcd dude: energy demands of key
cooling, andsveatl | asi e@mvironment al factors |
CQconcentartatriomnih é edetbai lppprairsa meatreer 4 i st ed bel ow
with the timeseries display. As explained in

execuwtned he C1 loggedn eadnadt £ walrtes upl oa 8€ANI nt o
1 Energy / building level

AAOAMEMABAMD OOPOOMDAOED %ﬁA@qmﬁOAi%EAOQUY

AAOCAMEARABAMDOODPOOMDAOEMABRA O C

AAOAMEARABAMDOODPOOMDAOCEMABRAGUWYT OAT 3HOOAI v

AAOAMEAABADD OODOOMDACERABRAO W OAl , ECEOOY

AAOAMEARABADD OOPOOMDAOEMABRAIW OAlY AOY

AAOCAMEMABADDO OOPOOMDAOBRABARAGQUAT EI AOO%I AOCUY
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Total energy (kW)

edroom.-1

EB¥ o BB +- 8 -.

Fi gurlener gy Bui lResgl tLtevfedr Hypertech Testbed

1 Room level
AAOAMEAABAMD

AAOAMEAABA®D C
Y dzdzcdzdzdsdzdzfy v

AAOAMEAMABA®D O C SBRADRAT ivk AAT 2 AAEAT O4 Al DPAOA
Y dzdzdzdzdkdzdzfry v
AAOAmMEAABAMD

AAOAMEAABA®D C
Y dzdzcdzdzdsdzdzf) v

AAOAmMEAMNABA®D O

Y dzdzdzdzdgdzdzin v
DA IYWOAT Bl A YA&dzdzdzdsdzdzfy v
DRI ivv O AAO/ M0 A dzdxrizdedsdzdzf
DATIVAT T 1 ET C3 A OrBlkdEizdidkdzdz
DR IYvEAAOET C3 A Graftdiiidididzdz

AAOAMEMNABADD OODOOMDAOE DRTHIVEOAA: TTA#1T 11 EH C3A(
Y dzdzdzdzdkdzdzfn v

AAOAmMEAMNABA®D O e ERADARIVVEOAA: TTA(AAOQEN C3A(
v dzdzdzdzdgdzdzin v
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KTU Testbed

This testbed, due to its high complexity and
and more iterati ebnass etdo Dfiigti ttanle tRasiynsircesqui r e mer
opportunity to test the CHRONICLE smeteime®nam
wel |

Howeehtee I FC files were tested for import, al
to space boundaries and geometry processing:

1 BIMLT-BK-AA-STUDENTUG63A KAUNAS-ARCHITECTURE-V2-101023-IFC4.ifc
Failed due trelispaced awidtdlac e 8 s

- Specific error: Failed to make Space 33 (IfcSpace-2vw34bK69C8QAgQL7vpd6R).
- Cause: Cutting line issue.

Fi gurdeTU test bed geomtry failure
1 KTU_BIMLT-BK-AA-STUDENTUG63A_KAUNAS-ARCHITECTURE-V2-091023.ifc
Simil ar freeillswraec evbiatnld dac e & s

- Specific error: Failed to make Space 33 (IfcSpace-2J_pe2si_ mB4QmrXEwTu_y).
- Cause: Cutting line issue (same as above)

1 MLAB-ARCH-IFC4_RSB.ifc

Exception occurred in relspaceboundaries. Err
TopoDS:arnthfceCur veBoundedPl ane

Addi ti onal i ssues: BoolFeaain eadpetroatmalpe ff &y d aieee
2vw34bK69C8QAgQL 7 v@utétRi)ng Claiumses:/ .atri um space
MLABRCHFC4 RaSBso had addi tional geometric pr

operations, TopoDS:: Face).
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3.5Bal sa del Ebro, Spain

Fi gdbdee piactdset ai |l ed representation of the Span
iterations, the | FC fil

e has been successfull

Fi gur5e Biams ed Digital Twin of Zaragoza

91 Building level

The next results were simulated after i mpor:t
| evel energy | oads rooms. These outputs proc
whol e energy building's performance.

Particuamuxlaynpglhaes s bletl ®wc Ituhdee heati ngadwvei |l eas
t he tot allheendeertgayi.|l ed oup e tlidiwmpga rvaimelt eres e v al
the demo phaAseexpl WPthehdbed gsdetisomul ati on i
on the Cloud and the generated results are

. kw
Settings 5000
Channels 800004
70000 I
Channels amm |
BTG 60000 |
| | A
50000 | I | | 1 1 |
N HRSTIARTEE
wf| {41 \ [V 1 | ﬁ T
100004
A 0 T T T T T T T T T T T T T T T 1
ot W) 2023  Tue03 Thu05  Sat07 Mon09 Wed™  Fi13  Jan15  Tue17 Thut9  Sat21 Mon23 Wed25 Fi27  Jan290  TueFebru
otalEnergy (kW) Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
totalGas (kW) v 8u)
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Fi guwrife FIl oor Pl ans

ill n
NLILU TS

Fi guwrBe Fa- aadbaridfdi ng

We utilized all awvarhlealbote. dTahtiad Yiki®cvls yddeed@ mist, s ar
age of the structur e, as well as other rel e
i ural dr dwawnspg,8a gl icgohntsitnrgd tskeyi sohieedres|, wveitlcl.

r updated during the demo phase usin

The buil ding commenced-1xT0Nsbuucthiaossn g e e h 3t6h0

renovation. This ti mefr amemaaicnctoauinntesd fcoorn diittd o
excellently i nsul at ed spaces, moder n HVAC s
ventilation.

i CD 3D model constructi on wansr ecnoorvpali éetdd ch gtso dre

which is requecedptubpgwmese bel ow shows atssheanApe
energy. model

Fi gur9e 3D View of Dani shEApagyméotdeBuil di

1 Internal Gains, Process Energy and Occupancy
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Regarding internal gai ns, in the absence of

relied on ASHRAE templates, which we believe

|l oads. Additionally, for auxiliary erderogny,t hwee
provided information. I n order for the Dbasel
equi pment and auxiliarsyl il phatdlsy hddt he Obpt a dthpmsy
energy was calculated based onritghd si nfnesrt rad tl ied
areas of the building.

Tab8eélerni ng SocilailghHoiunsg npgower

Power density [/

Apart me LED 1.87 |]W m

Tab®eélerni ng SociGitlheHo uPsao wegr

Type Power density [/

Apart mi Auxi |l i a 1.0 W m]

1 Building Envelope

Tabl@Her ni ng SociBai |IHloiunsg nEgnaéluepe U

Surface Des U-Val ue
External W a 1.6
Ground fl oo 0. 45
Roof 2.3
External A 1.64

1 System Set-points

The HVAC systems were assumed to be operati on:
for the Apartmenpoi Ather mnese ablsed eds shown i n °

Tabl®Herning SociBaas eHoiunse nByui |sdeiprog n$ywst em

Space Heating setp
Apart ment 19

1 HVAC Systems Summary
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Tabl2Her ni ng SociHAMA HoSuyssitnegms Summar y

Condition Regard)|

System Il nf or mat Performance
GSr?:rtg':%n Gas Boilers Excellent
DHW Generation Gas Boiler Excellent
Ventilation Mechanical Good
Lighting LED Excellent

I Simulation Results

Tabl®8Her gSonci al SHonwdeati on results

{ AYdzt HINS RFS G SNJ

Met ered Electricity Consumpt| 485609

Simulated Electricity Consum| 48981

Percentage Difference ( %) 0.8

CFEmi ssi omy é &agCoO 71023

Annual Total Electricity (kWh)

600000

485692.58 489818.0

500000

400000

300000

200000

100000

0

W Metered Electricity Consumption (kWh)  ® Simulated Electricity Consumption (kWh)

Fi gwbroAnnual Metered Electricity vs Si
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3.5La4 Sosta Switzerl and

As there was no I FC file available for this i
built frosmade imitE&lsoftware to meet the ne
and energy anal ysi s.

1 Model Creation

The apartment building is | ocated at Lugano,
drawings were provkide@daendH i iglsl2est r ated in

























