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Abstract

The real-time management and control of Building Energy Systems (BES) is
crucial for improving both energy resilience and efficiency. By utilizing real-time
control alongside ongoing monitoring and adjusting to variations in energy supply
and demand, BES ensures a consistent and dependable power supply for local
areas, even during grid disruptions or power outages. Additionally, real-time
operation facilitates demand response strategies, allowing users to effectively
control their energy use and expenses. This approach is essential in updating and
safeguarding modern energy infrastructure, contributing to its sustainability. In
this work, system identification and parameter estimation techniques are used. The
developed tools can be very useful in energy management and real-time control
applications of building energy systems. A detailed model of the building energy
system is also developed, which is the basis on which the applied identification
techniques are based, as well as any real-time control system of the building energy
system.
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ITeQiAnym

H Aettovgyia Twv eveQyELAKWY CLOTNUATWY KTIQIWV 08 TIOAYHUATIKO XQOVO
éxet Wuiteon onuacia Adyw TG KavOTNTAC TG Vva  EVIOXVEL TNV
avOEKTIKOTNTA KAl ATIODOTIKOTITA EVEQYELAKWY ovOoTNUATwyV. O éAeyxog oe
TIOAYUATIKO XOOVO, 0€ OLVOVAOMO e T ovveXN mapakoAovOnon kat tnv
TIQOOAQUOYN]  OTIS  JWAKVUAVOES TNG  TQOOPOQRAG-CNTNOTG  €VEQYELAG,
eEaopalilel otabeQr) Kat a&lOTIOTN TTAROXN EVEQYELAG OTIG TOTIKEG KOLVOTITEG,
AKOUT] KAL KATA T DAQKELX DXTAQAXWV 1] DAKOTIWV TOL dtkTVOoL. EmimAéov, 1
AgltovQyia 08 TMEAYHATIKO XOOVO LTOOTNEILEL PUNXAVIOHOUS ATOKQLONG OTH)
(Mo, emTEEMOVTIAG OTovG XONoTes va  dwxxewilovral eveQoyd TV
KATAVAAWOT]  €VEQYELAG KAl TO KOOTOG TNG. XLUVoAwd, dwdoapartiCet
Kka00QLOTIKO QOAO OTOV €KOUYXQOVIOUO Kol T1) pHeAAovTikT) dixo@aAilon g
OUYX00VNG EVEQYELAKTG VTTIODOUT|G, KaO1oTWVTAS TNV TIO PLCLU).

Znv magovoa egyaoio ylvetal XoNoT TEXVIKWV avayV@ELOTG CLUOTIHATOG
Kat exTipnong magapétowv. Ta avanmtuxBévta egyadeio umogovv va elvat
TIOAD XONOLUa O€ €PAQUOYES DX elplong eVEQYeLag KAt EAEY YOV TTOAYUATIKOV
X0OVOU  KTIQLAKWYV  €VEQYELAKWV ovotnudtwyv. Emlong, avantvooetal
AETITONEQEG HOVTEAO TOU KTIOLAKOV €VEQYELAKOV OULOTHHATOG, TO OTOLo
amoteAel ) Paon mov otnellovtat oL epaQpoodeioes TEXVIKES AVAYVWOLOTG,
kaOwg kol Omo ovoTNUa EAEYXOU TIOAYHUATIKOU XQOVOU TOU EVEQYELAKOV
OLOTNHATOG TOL KTIQ{OV.

H xorom ¢ opadomoinonc K-means oe dedopéva eowtepukn|g Oegpoxpaotog
Oeopcav Cwvav KTRlwv amookorel otnv Tallvopunon avtwv Twv Covwv o
opadeg pe maopowx potiBa Oeguorpactiac. O MEWTAQXIKOG OTOXOG eival o
EVTOTILOMOG KAt 1) opadoTtoinon naodpowwy potifwv Bepuokoaoiag evtog twv
Oeopucav Cwvwv tov ktpiov. K&be cvotdda avtunpoowmnevel éva ovVOAO
Oeopikav CwvwV MOV MAQOLOLALOVV TIAQOUOL CLUTIEQLPOQA OeQuoKQaTiac.
Me v opadomoinon 1twv dedopévwv Oepporxpaoiag, pTMOQOUHE Vo
xapaktneloovpe daxgpopetikovg TvTovg Oeguikwv Cwvwv evTog Tov kTptov. '
TIAQADELY A, OQLOUEVEC CLOTADEG UTTOQEL VA AVTIOTOLXOVV O& dWUATIA TTIOV elvat
vevika Oeouoteoa, Puxpodteoar 1) éxouvv mo otabegéc Oepupowpaotes. H
KATovON 0T AUTWV TV OLOTAdWYV HTtogel va BonOnoet ot BeAtiotonoinon twv
ovoTnNuatwv Béouavong, e£aeQoHol Kol KAUATIOHOV. Me tnv avayvweLoT)
Cwvav pe mapopowx mEo@iA Oepporkpaoiag, to ovotnua Bépuavong - Pvéng
HTToQEl Vo DL 1QLOTEL TIO ATIOTEAETUATIKA Yot TN DLATI)EN O TV ETUOVUNTWV
OeopoKEATLOV, 00T YWVTAG EVOEXOUEVWS OE £EOLKOVOUNOT EVEQYELXG.

LUYKEKQLHEVA, OTO TIOWTO HEQOG TNG eQyaotag, avantvuxOnke éva axQBeg
HOVTEAO Y TNV eKTIUNOT) TNG E0wWTEQKNG Oepuokoaoiag Twv Oeopikwv Cwvwv
oL KTIRloV, To 0omoio elvat LwTIKNG ONUACIAG Y TN dlxXeQLOT) TNG EVEQYELAS
Kat Vv aveon twv evolkwv. To povtédo yonowlomolel Téo0oeQls Paotkég
eLoOdOVG: T E0WTEQLKA OeQUIKA POoQTia EVTOC TwV OeguKaV Lwvav, Ta omola
meQUAaPBAVOLY TN OeQUOTNTA TIOLV TAQAYETAL ATIO TOLG AVOQEWTOUG, TOV
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PWTIONO Kol TIC NAEKTOWES KAl NAEKTQOVIKEG OLOKEVEG, TNV KATAVAAWOT)
EVEQYElRG TOL ovothuatoc  Oéopavong -  Povéng, T Oeouokpaoia
TEQPAAAOVTOG, 1) oTola emnoedlet T OeQUiKT) L0OQEEOTIX HETAED TOL KTIQIOV
KA TOL TEQRAAAOVTOGS TOV, Kat TNV NALakn aktivoBolia, 1) omola emnoedlel T
OeopokQaOla TOL E0WTEQLKOV XWEOL HETW TNG AHEONS KAl épeong Oéouavong.
IN'a va 1o metdxovpe avTO, EPAQUOLOVLHE  TEONYHEVES — TEXVIKEG
HOVTEAOTIOINONG, OUYKEKQLUEVA TNV  aAvAyVWELON OCLOTNUATWV KAl T&
vevpwvikad diktva. H avayvwolon cvotnuatog meglapfavet tn dnuoveyia
HaOnuatikwv povtéAwv pe PAoT TA TAQATNQOVHEVA dEdOHEVA YIx TNV
ATOTUTIWOT] TNG OUVAMIKIG CLUTIEQLPOQAS TwV Oeouikwv (wvav, evw ta
VEVQWVLKA dIKTLA TIQOOPEQOLV ULt TTQOCEYYLOT) pe BAoT T dEDOUEVA VI TNV
eKHAON 0T TOAVTTAOKWY, U] YOAHUIKOV OXE0EWV HETAED TV ELOODWV KAL TNG
e0wTeQLKTC Oeppokpaoiag.

Lto deVTeQO MEQOC TNG €Qyaoing, Yivetal XONON TEXVIKWV EKTIHNONG
TAQAUETOWV. OL TEXVIKEG EKTIUNONG TARAUETOWYV lval ouUPBAAOLY oNuavTIKA
OTNV AmodoTKOTNTA, TNV aflomiotia kat ™ BeAtiotomoinon g Xer1omng
evéoyewac. H axoric extiunon nagapétowv anoteAet m Pdon v a&omota
EVEQYELAKA HOVTEAQ, evioxvovTag v axpifeix mEoPAeYmc kat eTuTEEémMovVTag
KAAVTEQO OXEDATHUO KAL KATAVOUT] TTOQWV.

LUYKEKQIUEVA, N EQYaOT I avT TAROVOLALEL et eEEALYHEVN TTQOTEYYLOT Y
T dlxXelQlom NG EVEQYELAS TOVL KTIQIOL O& MEAYHATIKO XQOVO HECW TIG
aKkQBOUC eKTIUNONG TWV €0WTEQKWV OeQuikwV keEdwv. Aflomowwvtag éva
OeouikO HOVTEAO KTIQIOV KAl XOTOLHOTIOLWVTAG TOV aAyopLlOuo BeAtiotonoinon
OHNVOUS  CwHATWIWVY, EAAXIOTOTIOLOVVTIAL Ol  ATMOKAloElg HeTald Twv
EXTIUWHEVWYV KAL TWV TIOAYHUATIKWOV E0WTEQIKWV BEQUOKQAOIWV TwV BeQukwV
Cwva@V TOL KTIQLOV, 001 YWVTAG 0& BEATIOTOTIOMLEVT] ATTOOOOT] TWV CLOTNUATWY
0éopavong - PUéng kat BeATiwovovtag tic ovvOnkeg dveong tTwv evoikwv. ITo
AVAAVTIKA, TO OEQUIKO LOVTEAO TOL KTIQIOV EKTIUA TNV E0WTEQLKT) OeQuokQaoia
yix k&Be Oeopucry Cavn xonowomowvtag Tig dedopéveg eoodovs. O
EKTIHWOUEVEG E0WTEQLKEC OeQUOKQAOLEC OLYKQLVOVTAL HE TIC TOAYMATIKES
eowteQkeg Oepuorpaoieg mov £xovv petonOel oto ktiglo. To opaAua yiax kaOe
Oeopucny Cabvn vroAoyiletal wg 1 dxPOEA HETAED TG EXTIUWHEVNG KAL TNG
TIOAYHATIKNG e0wTeQkNG Oeopokpaotac. Ta opaApata amnd OAeg Tig OeQuikég
Cwveg abpoifovtat yux voa oXnUATIOTEL 1) AVIKEEVIKT] ovvaeTtnon. O
aAyoptOpog PSO ouOuilel emavaAnmTikd ta EKTIMOUEVA €0WTEQIKA OeQuukd
KEQDM Ylx TNV €ARXLOTOTONON TG AVTIKELUEVIKT)G OLUVAQTNOTS, HELWVOVTAG
€TOL TO OLVOALKO OPAAUA Kot EVOVYQAUUICOVTAS TIG EKTIMWHUEVES E0WTEQLKEG
Oeopokpaoteg pe T moaypatikés petonoes. H peBodoAoyia katadeucviet tnv
ATIOTEAEOUATIKOTITA TG XONONG 0edOUEVWY ELOODOL O& TIOAYUATIKO XOOVO,
OTtwg 1 Oepuokpaoia mepBaAAovTog, 1 NAlak!) akTivoBoAila Kat 1) katavaAwor)
LoX00g TwV ovoTNUATWY Béouavong - PLENG, yia tn BeAticwon Twv mEoPAépewv
TOU HOVTEAOL KAl T JACPAALOT] EVEQYELARKA ATIODOTIKWYV AELTOVQYLWV TOU
ktplov. H evowpatwon tov tuxalokeatikov aAyoptOuov BeAtiotomoinong
OUTNVOUG OwHATOWwV o8 avTtd t0 MAaLoo vToyRappiCeL T duvATOTNTES TOL



omv emiAvon ovvOetwv TEOoKANCEewv PeAtiotomoinong oto mAaioo TG
EVEQYELAKT|G dlaX elpLong KTiolwv.
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Nomenclature

Abbreviations

EMS

Energy Management System

HVAC Heating, Ventilation and Air Conditioning

m.u.

monetary unit

Sets and indices

B,b

N%X:Qm

buildings’ set, building’s number index
external walls set

internal walls set

neighboring thermal zones set

xth internal wall index

yth external wall/window index

zth thermal zone index

Parameters, constants and variables

Bz
0,0,

Twin

surface slop
incidence angle, zenith angle

window glass transmission coefficient

Agg, A1g, Azg gth generator FC coefficients

aw
CZ
cor
EP

the external wall absorbance coefficient
specific heat capacity
coefficient of EC performance

Variable price of electricity (m.u./kWh)

Fyai» Fwin wall/window surface area

FL,
FL,

Iy, 13,1 beam, diffuse and total radiation on horizontal surface, respectively

IT,z
N,

o

Pyyacp Building’s electric power consumption for cooling (kW)
Pyvac bmaxsPavac,pmin Building’s HVAC power consumption boundaries (kW)
Pyyac, Thermal zone’s electric power consumption for cooling (kW)

Pyvac zmax-Pavaczmin Thermal zone’s HVAC power consumption boundaries (kW)

flexibility of a thermal zone to increase its power demand

flexibility of a thermal zone to decrease its power demand

total solar radiation
thermal zones total number

density of thermal zone

Quvac,z thermal zone’s power production for cooling (kW)

Qex,wazz,z external walls heat exchange (kW)

Qinwau - internal walls heat exchange (kW)

Qin,z
Qsg.z
Qsw,z
Quwin,z
RSE
SC

Tin,nz

internal heat gains f (kW)

solar radiation through the windows (kW)

heat gain of external walls” solar radiation (kW)
heat transfer across the windows (kW)

heat resistance of the external surface

the shading coefficient of the windows

indoor temperature of the neighbor thermal zone
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Tinz thermal zone’s temperature (°C)

Tmax,z» Tmin,z thermal zone’s temperature boundaries (°C)

Tout outdoor temperature (°C)

Sc the shading coefficient of the windows

Uwai» Uwin factor of the heat exchange of the external wall/window

v, volume of the air of the zth thermal zone

X



Chapter 1 | Introduction

Chapter 1

Introduction

1.1. General

As urbanization accelerates and energy demand increases, buildings continue to be a key
contributor to overall energy consumption. Energy consumption in the building sector is a key
issue both at national and European Union (EU) level. In Greece, buildings contribute 65% of
electricity demand, with this figure reaching 85% for the non-interconnected islands, in particular
as a result of consumption due to the tourism sector. It is expected that any energy-efficient
building policies could lead to a 5-6% reduction in overall energy consumption at EU level and a
corresponding 5% reduction in CO2 emissions [1]. The International Energy Agency estimates
that a high efficiency building envelope can lead to a significant reduction in the energy demand
of a typical building, which can reach 20-30% in cold climates and 10-40% in hot climates. [2].

In general, heating and cooling loads, along with the energy needed for the production of hot
water, contribute almost 60% of the total energy consumption of buildings. Therefore, the need
for innovative technologies for smart building energy management systems at different levels of
integration is more urgent than ever. Through the application of sophisticated real-time control
techniques, HVAC systems can be dynamically adapted to align with real-time conditions, usage
patterns, and energy availability. Real-time control allows buildings to seamlessly integrate
with smart grids, take part in demand response initiatives, and enhance the quality of life by
improving economics and ensuring comfort.

1.2. Thesis Overview

Thesis is structured in the following sections. Chapter 2 provides a brief state of the art related
to building energy management and control. Building thermal loads mechanism modeling is
included in Chapter 3. Chapter 4 gives an overview of system identification, while the use of
system identification in control of building energy systems and the respective results are
provided in Chapter 5. Finally, Chapter 6 presents parameter estimation in building energy
management and control systems; while the respective conclusions and future extensions are
drawn in Chapter 7.
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Chapter 2

State of the Art

The importance of real-time building energy management and control lies in its ability to
significantly enhance energy efficiency, reduce operational costs, and improve the comfort and
well-being of occupants. By continuously monitoring and dynamically adjusting the performance
of HVAC systems, lighting, and other energy-intensive operations, these systems can respond
immediately to fluctuations in environmental conditions and occupancy levels. This real-time
adaptability ensures optimal energy usage, prevents wastage, and maintains indoor
environmental quality. Additionally, real-time control systems can integrate renewable energy
sources and storage solutions more effectively, contributing to a building's sustainability goals.
Participation in demand response programs allows buildings to adjust their energy consumption
in response to grid demands, promoting grid stability and potentially earning financial
incentives. The incorporation of advanced analytics and machine learning further enhances these
systems, providing predictive insights and automated optimization that drive continuous
improvement. Overall, real-time building energy management and control are crucial for
advancing energy efficiency, sustainability, and economic viability in the built environment.

Energy management systems (EMS) for buildings frequently prioritize optimizing and
controlling single buildings [3],[4] rather than focusing on managing microgrids comprising
building complexes. Energy management strategies have predominantly concentrated on
residential buildings [5],[6] and residential microgrids [7], which are simpler to optimize
compared to the more complex and challenging commercial buildings and microgrids. A robust
energy management method for microgrids operating in both grid-connected and autonomous
mode is outlined in [8]-[10], unlike [11],[12], which do not consider the islanded operation of the
microgrid. Specifically, [10] highlights that when the microgrid is connected to the main grid, the
grid manages system frequency and voltage. During significant load variations in autonomous
mode, a diesel generator takes over the regulation of frequency and voltage. Additionally, [13]-
[15] propose an optimal energy management approach for controlling HVAC systems in
commercial buildings. Furthermore, the EMS proposed in [16] classifies electrical loads into
critical and non-critical categories and considers the building's thermal characteristics. This
approach contrasts with [17], where different load types were not modeled independently.
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Chapter 3

Building Thermal Loads Modeling

3.1 Modeling of Building Thermal Loads

In this thesis, each building is divided into thermal zones. The loads of the thermal zones of
the building are calculated according to the technical specifications of the building, the
occupancy, the level of activity, the different types of appliances used in each thermal zone, the
conditioned space of each thermal zone, the outdoor temperature, solar radiation, etc. Using the
following thermal equilibrium equation, the thermal behavior of a thermal zone is analyzed [18]-
[24].

dTin,z

pCsz dt

= Qex,wall,z + Qin,wall,z + Qwin,z + Qin,z + st,z + ng,z - QHVAC,z (1)

The transfer of heat between a thermal zone and its surroundings is detailed by Equations (2)-

(6).

Qex,wall,z = z Uwall,y ' Fwall,y ) (Tout - Tin,z) (2)
yeE
Qwin,z = Z Uwin,y ’ Fwin,y ) (Tout - Tin,z) (3)
ye€
st,z = Z Ay " Rge Uwall,y ’ Fwall,y ) IT,Z (4)
ye€
ng,z = z Tywin " SC - Fwin,y ) IT,Z (5
yeE
Qin,wall,z = Z Uwall,y ’ Fwall,y ) (Tin,nz - Tin,z) (6)
yeE

By appropriately modifying (1)-(6), the state space system of equations is obtained for each
building.
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ATin(®) _ A, -Tiy() + By U (7)
dt
Y(t)=Cp Tip(t) + Dy U (8)

The input vector U is of dimension (2N; + 2) x 1. Itis given in (9).

[ Qe () ]
Qpcn, (1)
U= Qin,:l (t) (9)
Qin,Nz(t)
Toue(t)
I(t)
with
1+ cos 1—cos
I, = Ib-Rb+Id-(TBZ)+I-pg-(TﬁZ) (10)
cos@
Ry = cosf an
Z
The elements of the matrix 4, with dimension (N, X N;) are calculated in (12)-(13).
1
Aj,j = - Z Uwall,y ’ Fwall,y - Z Uwall,x ' Fwall,x - m ' Z Uwin,y ' Fwin,y (12)
yee x€J yee
! U, F, i€ N
Aj,i ={p,- Cz . Vz wall,x  “wall,x’ Jrl (13)
0, ji¢N
The dimension of By is N; X (2N; + 2) and it is calculated as in the following,
1
By = m [—Ivyxng) Ivgxng) Bexw Bradl (14)
with
Bex,w,l
Bex,w(NZ><1) = : (15)
Bex,w,NZ
Brad,l
Bradp, oy = | (16)
Brad,NZ
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The elements of the submatrices By, and B, 44 of matrix Bj, are determined as it follows.

Bex,w,z = z Uwall,y ’ Fwall,y + Z Uwin,y ’ Fwin,y (17)
yeE ye€

Brad,z = Z Ay " Rge - Uwall,y ’ Fwall,y + Z Tywin " SC - Fwin,y (18)
yeE yeE

Considering as output the internal temperatures of the thermal zones then the matrices C
and Dy, are defined as in the following,

Cb(NzXNz) = I(NZXNZ) (19)

Db(NZXZNZ+2) = O xanz+2) (20)

The system of continuous time equations (7)-(8) is converted to discrete time equations (21)-
(22).

Tin(k+1)=Apq Tin(k) + Bpq-U (21)

Y(k) =Cpq Tin(k) + Dpq-U (22)

3.2 Smart Power Dispatch Technique

A straightforward method is employed to allocate the building's total thermal power needs
to its individual thermal zones. The amount of thermal power needed for each zone is determined
based on the building's overall thermal power requirements, the volume of each thermal zone,
and the estimated internal temperature along with its maximum and minimum limits. This
approach minimizes computation time by first optimizing the total thermal power for the
building and then distributing it across the thermal zones.

Advanced power dispatch methods are used to determine the power set-points for individual
components, such as thermal zones. This process involves leveraging a novel approach to define
the flexibility of thermal zones in adjusting the active power of their HVAC systems.

The estimated indoor temperature of a thermal zone, along with its maximum and minimum
bounds, is utilized to accurately define how each thermal zone in a building can adjust its thermal
power requirements, as illustrated by the following equations.

Tin,z (t) - Tmin,z

Tmax,z - Tmin,z

FLL(t) = (23)

FLlZ (t) — Tmax,z - Tin,z(t)

Tmax,z - Tmin,z

(24)
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The total building’s HVAC electric consumption is dispatched to its thermal zones according
to Equation (25).
FL,(t) -V,
YAFL, (1) "V}

Puvac,(t) = * Pyvacp(t) (25)

3.3 Building Thermal Load Constraints

Tmin,z < Tin,z (t) < Tmax,z (26)
Puvacpmin < Puvacy(t) < Puyvacbmax (27)
Puvaczmin < Puvacz(t) < Puvaczmax (28)
Z Puvacz(t) = Puvacy(6) (29)
VA
Quvac, Quvacp
PHVAC,Z = sz: PHVAC,b = COP (30)
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Chapter 4

System Identification, Particle Swarm
Optimization and Clustering Overview

4.1 System Identification

System identification is a technique used to create mathematical models of dynamic systems
based on measurements of their input and output signals. This process involves recording these
signals, choosing an appropriate model structure, applying an estimation method to determine
the values for the model's adjustable parameters, and then assessing the model to ensure it meets
the requirements for the intended application [25]-[29].

There are three types of problems in the field of system identification, as shown in Figure 1:

1. White Box Model, in which we have physical knowledge of the system.

2. Grey Box Model, in which, despite not having precise knowledge of the internal workings of
the system, a model is developed based on both understanding of the system and
experimental data.

3. Black Box Model, in which we don’t have any knowledge of what's going on inside the
system.

input

s
Black Box

Figure 1. Types of models in the field of system identification
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In this case, a system with unknown dynamics is present and a model is desired to make
predictions about how the system will behave in the future (Black Box approach). The input and
output data can be used to extract a model that mimics the connection between them.

Model is a mathematical description of the dynamic behavior of the system or process in either
the time or frequency domain. In simple terms, model is a simplified representation of a real
system. Different models can be used in System identification, such as Linear Models, Nonlinear
Models or even Online and Recursive Models.

System with
unknown dynamics

[
!
same ‘[ same

S

1
1
1
1
1
1
1
1
1
1
|

\J

Figure 2. Relation between system and model

Another method that could be used to predict what the system output would be in the future
is Curve Fit. In this situation, a curve is fitted to the data and extended into the future. The
structure of the curve equation is picked, and it is then fitted to the data by adjusting the
parameters. However, the underlying mechanisms that created the data are not described by
Curve Fitting. For example, no prediction of what the output would be if the system were
initialized in a different state or given different input data is provided by Curve Fit.

On the other hand, with System Identification, the core relation between the values of the data
is taken advantage of to fit a dynamic model to it. A model is built whose output isn’t just a
function of time but is also a function of the previous system values. This model can then be used
to predict what the data would look like from different starting conditions and with different
input values.

A model structure that is thought to represent the behavior of the system must be chosen and
fitted to the data, knowing that the system is nonlinear. The following model structures can be
used:

e Nonlinear ARX
e Hammerstein — Wiener
e Neural Network

All of these will be fitted to our data to see which best suits our needs (best fit — trial and error
process).
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4.1.1 Nonlinear ARX

The design of these models allows for the representation of intricate nonlinear behaviors
through adaptable nonlinear functions like wavelet and sigmoid networks [30]. For instance, a
linear SISO (single input-single output) ARX model is structured as follows:

y@) +a - yt—1)+a, -yt —2)++a,, ylt—na)=

(31)
=by-u(t)+by-ut—1)+ - +by,-u(lt—nb+1)+e(t)
* winput
¢ y:output
* e:noise
* na: number of past output terms
* nb: number of past input terms
Rewriting the equation as a product:
Yo = [—Cll, —az, ..., —Qnq, bl' b21 sy bnb] * [y(t - 1) (32)

“y(t —2),..,y(t —na),u(t),u(t —1),..,u(t —nb + 1)]

o y(t—1),y(t—2),..,y(t—na),u(t),u(t—1),..,u(t —nb + 1): delayed input and output
variables called regressors.

e [ai, ..., byl the coefficients vector represents the weighting applied to these regressors.

The linear ARX modes predicts the current output y, as a weighted sum of its regressors.

Instead of the weighted sum of the regressors, the nonlinear ARX model has a more flexible
nonlinear function F, where inputs to F are model regressors.

Output Function

u Offset
e
y
Regressors | Nonlinear
u(t), u(t-1), y(t-1), ... Function
— Linear
Function

Figure 3. Nonlinear ARX Model
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(@) =Ft -1,y —2),y(t—3),..,ul®),ult - D,ult—-2),..) (33)

F can represent a weighted sum of several available nonlinear functions, that operate on
the distance of the regressors from their means.

4.1.2 Hammerstein — Wiener

When a system's output is influenced nonlinearly by its inputs, it is occasionally feasible to
break down the input-output relationship into multiple interconnected components. The
Hammerstein-Wiener model accomplishes this by connecting static nonlinear blocks in series with
a dynamic linear block. This model offers a straightforward block representation, maintains a
clear connection to linear systems, and is more user-friendly compared to more complex
nonlinear models like neural networks and Volterra models [31].

The following diagram represents the structure of Hammerstein — Wiener model:

u(t) Input w(t) Linear X(t) Output y(t)
— Nonlinearity —> Block p—» Nonlinearity P—»
f B/F h

Figure 4. Hammerstein — Wiener Model

¢ f:nonlinear function that transforms input data u(t) as w(t) = f (u(t)).
e B/F: linear transfer function that transforms w(t) as x(t) = B/F - w(t).

¢ h: nonlinear function that maps the output of the linear block x(t) to the system output y(t)
as y(t) = h(x(t)).

4.1.3 Neural Networks

A Neural Network is a computational model inspired by the architecture and operations of
biological neural networks found in the human brain. It consists of interconnected units known
as neurons, analogous to brain neurons, linked by connections that simulate synapses. Each
neuron processes incoming signals from connected neurons and transmits a signal to other
neurons. This signal is a numerical value, and each neuron's output is derived from a nonlinear
function applied to the sum of its inputs, referred to as the activation function. The connection
strength, or weight, is adjusted throughout the learning process. Neural Networks are
particularly effective for modeling nonlinear relationships and are commonly used in tasks like
pattern recognition, object classification, and control systems [32]-[34].

Generally, neurons are separated into layers. The first layer represents the inputs and the last
layer the outputs. Between these two, there are one or more hidden layers, each one of them may
perform different transformations on their inputs. Neural Networks can be trained using many
examples to recognize patterns and it adjusts the weights according to a specified learning rule,
until it performs the desired task correctly.

10
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Input Hidden Output
Layer Layers Layer

Figure 5. Neural Network Model

4.2 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is an advanced optimization technique rooted in Swarm
Intelligence principles [35]. Known for its high efficiency and straightforward implementation,
PSO is a powerful heuristic method. It has demonstrated significant robustness and effectiveness
in tackling complex optimization challenges. Unlike traditional methods, PSO is less sensitive to
the initial point and tends to converge to a global optimum with a high success rate. Classical
methods often struggle to find the global optimum in high-dimensional optimization problems
and with very complex objective functions.

PSO involves a group of potential solutions known as a swarm of particles. Each particle
occupies a position within the optimization problem's search space. This search space
encompasses all possible solutions to the problem, and the goal is to identify the optimal one.

Vector of position : x;(!

Particle i /
.

€ X : Describes the position of the particle i in the search space X.

Vector of velocity : v;(!

®

* X

J vl.(t) € X : Describes the movement of the particle i in the sense of direction and distance. It is
in the same space as the position. Dimensions of v and x are the same.
e t: discrete time expressing the iteration number of the algorithm.

A classic PSO method can be described as in the following;:

(t+1) _
; =

= P W"I]l-(t)+C1'T'l'(Pi_xi(t))-l_CZIrZI(G_xi(t))

11



Chapter 4 | System Identification, Particle Swarm Optimization and Clustering Overview

xi(t+1) _ xi(t) + vi(t+1)

% P, : the best previous solution corresponding to the i*" particle
% G :the best global solution

% w : the inertia weight factor

% ¢4, Cy * acceleration constants

% 1,1, : random numbers varying between 0 and 1

P

(t+1)

-« X;

Figure 6. Particles Iteration

4.3 Theoretical Background of K-means Clustering

K-means clustering is a widely used algorithm in unsupervised machine learning for
partitioning a dataset into K distinct, non-overlapping clusters. The goal is to organize the data
into clusters where data points within each cluster are more similar to each other than to those in
other clusters. The aim of using K-means clustering is to uncover and understand the natural
groupings within a dataset. By partitioning the data into clusters, it helps in simplifying data
analysis, enhancing data interpretation, optimizing resources, detecting anomalies, and
supporting informed decision-making across various domains.

The objective function can be expressed mathematically as:

K
1= k-l
=1 x€C;

where

» K is the number of clusters.

= (;is the set of points in cluster i
» u; is the centroid of cluster i

= |lx — ;]| is the Euclidean distance between point x and centroid y;

The k-means algorithm follows a simple yet iterative approach to achieve the objective:

1. Initialization: Randomly select K initial centroids from the dataset. This can significantly affect
the final results, hence strategies like K-means++ are often used to select better initial centroids.

12
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2. Assignment: Assign each data point to the nearest centroid. This forms K clusters based on
the minimum Euclidean distance to the centroids.

3. Update: Recalculate the centroids of the clusters. The new centroid of each cluster is the mean
of all points assigned to that cluster.

4. Convergence: Repeat the assignment and update steps until the centroids no longer change
significantly or the maximum number of iterations is reached. Convergence is typically
determined when the changes in centroids fall below a specified threshold.

13



Chapter 5 | Control of Building Energy Systems using System Identification

Chapter 5

Control of Building Energy Systems using System
Identification

5.1 Problem Formulation

In this chapter, we aim to develop an accurate model for estimating the indoor temperature
of building thermal zones, which is a critical aspect of energy management and occupant comfort.
The model utilizes four key inputs: the internal thermal loads within the thermal zones, which
encompass heat generated by occupants, lighting, and equipment; the power consumption of the
HVAC system responsible for regulating the indoor climate; the ambient temperature, which
influences the thermal balance between the building and its environment; and solar irradiation,
which impacts the indoor temperature through direct and indirect heating. To achieve this, we
apply advanced modeling techniques, specifically system identification and neural networks.
System identification involves creating mathematical models based on observed data to capture
the dynamic behavior of the thermal zones, while neural networks offer a data-driven approach
to learn complex, nonlinear relationships between the inputs and the indoor temperature. By
developing and validating these models, we aim to enhance the efficiency of HVAC systems,
reduce energy consumption, and improve thermal comfort within buildings, contributing to
more sustainable and cost-effective building management practices.

5.2 Case Study

In the analyzed case study, the energy system under investigation includes a large-scale office
building.

I

— T

Figure 7. Floor plan (10 floors, 11 thermal zones per floor)

14
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The floor plan is depicted in Figure 7. Table 1 outlines the model characteristics pertinent to
the thermal zones. Figure 8 illustrates the time series data for ambient temperature and solar

radiation levels.

Table 1. Thermal zones characteristics

THERMAL ZONES MODELLING DATA

p.(kg/m?) 1.2 Twin, 1.1-107°  B,(°) 90
C,(kWh/(kg - °C)) 1/3600 a,, 186-107% 0(°) 119
Uwau,(kW/(m?-°C)) 2.04-107° SC, 0.54 Q) 39.9
Uwin,z(kwl/("n2 °C)) 56 1073 pg 02 Rst—:,z((‘rn2 °C)/ kW) 40
Ambient temperature Solar radiation
36 T T T T T T T 1.5
34
§ R
o 32 11 E
5 =
z =
@ c
g30f =
) | ®
b= f -
= >
5 28 105 2
= N
<
26 /
/r
24 el | | | - | | Il " 0
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00 00:00
time (h)

Figure 8. Ambient temperature and irradiation

Using K-means clustering on indoor temperature data, T;, ,, of building thermal zones aims
to classify these zones into 4 clusters with similar temperature patterns. The objectives of

applying k-means clustering to indoor temperature data are the following:

1. Identify Temperature Patterns: The primary objective is to identify and group similar
temperature patterns within the building's thermal zones. Each cluster will represent a set of
thermal zones that exhibit similar temperature behaviors.

2. Characterize Different Thermal Zones: By clustering the temperature data, we can
characterize different types of thermal zones within the building. For example, some clusters
might correspond to rooms that are generally warmer, cooler, or have more stable

temperatures.

15
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3. Optimize Energy Usage: Understanding these clusters can help in optimizing HVAC
systems. By recognizing zones with similar temperature profiles, the HVAC system can be
more efficiently managed to maintain desired temperatures, potentially leading to energy
savings.

When we use [idx, C] = kmeans(Tin_z,4); in the context where Tin_z represents the indoor
temperature data of different building thermal zones, we are applying the k-means clustering
algorithm to partition these temperature readings into 4 distinct clusters. “idx”(Cluster Indices)
is a vector that contains the cluster index for each temperature data point in Tin_z. Each element
in idx corresponds to a thermal zone and indicates which of the 4 clusters it belongs to. For
instance, if idx (1) = 2, it means that the first thermal zone is assigned to the second cluster. “C” is
a matrix where each row represents the centroid (average temperature profile) of one of the 4
clusters. These centroids are the mean temperature profiles of the thermal zones assigned to each
cluster. The centroid provides a summary of the typical temperature pattern for each cluster. The
results obtained by applying the clustering of thermal zones for internal thermal gains, power of
HVAC systems and internal temperatures of the building thermal zones are given below.

I— Qin cluster 1

Qin cluster 2 Qin cluster 3 e (Qin cluster !l

60

50

W)

40 r

30

20

Thermal Internal Gains (K

0 . . \ . .
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00 00:00
time (h)

Figure 9. Internal thermal gains of 4 clusters

= P HVAC cluster 1 P HVAC cluster 2 P HVAC cluster 3 =P HVAC cluster 4

60

Active Power of HVAC system (kW)

0 i L . : i L \
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00 00:00
time (h)

Figure 10. Active power of HVAC system of 4 clusters
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Tin cluster 1 Tin cluster 2 Tin cluster 3 Tin cluster 4

225 T T T T T T T

211

Temperature (Celcius)

20.5

20 : \ . . : | |
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00 00:00

time (h)

Figure 11. Indoor temperature of 4 clusters

5.3 Results

As mentioned previously, three model structures can be utilized to represent the behavior of
the nonlinear system and fit it to the data. These structures include the Nonlinear ARX, the
Hammerstein-Wiener, and Neural Network models. Specific Matlab tools will be employed to
determine which structure best meets our requirements. The System Identification Toolbox is
being utilized for the first two structures, while the Neural Network Time Series Toolbox is being
used for Neural Networks. This approach allows the use of Matlab's specialized environments,
thus saving time and reducing the complexity of the problem-solving process.

The System Identification Toolbox facilitates learning the dynamic relationships among
measured variables using either linear or nonlinear autoregressive modeling techniques.
Subsequently, the steps taken to identify the structure that provides the best fit will be described.

5.3.1 Nonlinear ARX

First, the data (input and output) is loaded into the Matlab Workspace, and iddata objects are
created to encapsulate both data values and data properties into a single entity. The iddata objects
are then used to import the estimation and validation data. The creation of these objects is
demonstrated below.

Ts = 360; % Sample time
% Cluster 1
id_1 = iddata(Cluster_1_Output_New,Cluster_1_Data_New,Ts);

id 1 _est = id_1(1:2:end);

id_1_val id 1(2:2:end);

Figure 12. Creation of iddata objects
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The same process is applied to the other three clusters. This iddata is loaded into the System
Identification Toolbox, where the sample time, input values, and output values are defined. The
estimation and validation data are then loaded separately, as demonstrated below.

{ 7 Import Data
Data Format for Signals Input Properties
Data Object (IDDATA, FRD/IDFRD) v Intersample zoh v
Period Inf
Workspace Variable Channel Names
Object id_1_est Input 4VAC, Tout_ambient, [T
Type IDDATA Output T in
(Time Domain) B
Data Information Physical Units of Variables
Data Name id_1_est Input KW, kW 0C kW/m*2
Starting time: 360 Output "oC
Sample time 720
Less Notes
Import Reset
Close Help
Figure 13. Estimation Data — Cluster 1
1 Py Import Data - (m) X
|
Data Format for Signals Input Properties
Data Object (IDDATA, FRD/IDFRD) Intersample zoh
Period Inf
Workspace Variable Channel Names
Object id_1_val Input HVAC Tout_ambient,IT
Type IDDATA Output T in
(Time Domain) =
Data Information Physical Units of Variables
Data Name id_1_val Input KW, KW, %oC, kW/m*2
Starting time: 720 Output [r_in
Sample time 720
Less Notes
Import Reset
Close Help

Figure 14. Validation Data — Cluster 1
The input variables are: u; — Q;,,(KW),uy; = Pyyac (kW),uz — Tout g,pien:(°C), Uy — IT(I;—VZ)

The output variable is: y — T, (°C)

Nonlinear ARX models are estimated using the default settings.

18
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Z System |dentification - Cluster_1_ARX
File Options Window Help
.Impc-rl data vl
‘ Operations
<-- Preprocess v
id 1 est id 1 val f
* id 1 est
Working Dala
Estimate —-> v
Estimate —>
Data Vi
a Views Transfer Function Models...
() Time plot State Space Models...
) Data spectra Process .Models...
Polynomial Models...
(] Frequency function Monlinear ARX Models
Hammerstein-Wiener Models
Spectral Models...
Correlation Models...

Figure 15. Nonlinear ARX model selection

4 Estimate Nonlinear ARX Models - m] X

‘ Model Structure Estimation Options

Model name [ nlarx1 |

Initial model |Defau|t v I

Regressors Output Function

Estimation Data
o el B e
epl0 3 jult-11)

Add regressors of type: | Select v |

Regressor Sets Configure: Linear regressor set #1
Variables Lags Use absolute
T_in 12 O
Q_in 02 0O
P_HVAC 02 0O
Tout_ambient n2 O
IT 02 O

( Delete Regressor Set ]

» Assign Regressors to Output Function

Figure 16. Customization 1 (Linear Regressors, Linear Lags (Output))
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Table 2. Customization 1 Results

Name Linear Lags (Output) Fit(%)
nlarx1 [12] Nan
nlarx2 [2 3] Nan
nlarx3 [3 4] 93,83
nlarx4 [4 5] 95,63
nlarx5 [5 6] 96,16
nlarx6 [67] 95,96
nlarx7 [7 8] 96,33
nlarx8 [8 9] 96,24
Add regressors of type: |Se|ec:t—‘!'|
Regressor Sets Configure: Linear regressor set #1
Linear regressor set #1 Variables Lags Use absolute
T in [7 8] []
Q_in [12] []
P_HVAC [12] []
Tout_ambient [12] []
IT [12] []
Delete Regressor Set |

Figure 17. Example: nlarx7 — Lag T_in = [7 8]

The model that has provided the best fit for our system so far is nlarx7 = 96,33% .

Customization 2 (Linear Regressors, Linear Output Lags = [7 8] , Polynomial Regressors,
Polynomial Output Lags )

Table 3. Customization 2 Results

Name Polynomial Lags (Output) Fit(%)
nlarx9 [12] 94,29
nlarx10 [2 3] 94,40
nlarx11 [3 4] 94,56
nlarx12 [4 5] 94,57
nlarx13 [5 6] 94,56
nlarx14 [67] 94,80
nlarx15 [7 8] 95,16
nlarx16 [89] 95,02

The best model identified so far has not changed.

Customization 3 (Linear Regressors, Linear Output Lags = [7 8] , Periodic Regressors , Periodic
Output Lags)
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Table 4. Customization 3 Results

Name Periodic Lags (Output) Fit(%)
nlarx17 [12] Nan
nlarx18 [2 3] Nan
nlarx19 [3 4] Nan
nlarx20 [4 5] Nan

This customization leads to unacceptable fits, so the next option is pursued.

Customization 4 (Linear Regressors, Linear Output Lags = [7 8] , Polynomial Regressors,

Polynomial Lags = [7 8] , Periodic Regressors , Periodic Lags)

Table 5. Customization 4 Results

Name Periodic Lags (Output) Fit(%)
nlarx21 [12] Nan
nlarx22 [2 3] Nan
nlarx23 [3 4] Nan

This customization leads to unacceptable fits, so the next option is pursued.

Customization 5 (Linear Regressors, Linear Output Lags = [7 8] , Wavelet Network , Number of

Units)
Table 6. Customization 5 Results
Name Number of Units Fit(%)
nlarx24 1 Nan
nlarx25 5 Nan
nlarx26 10 Nan
nlarx27 15 Nan

This customization leads to unacceptable fits, so the next option is pursued.

Customization 6 (Linear Regressors, Linear Lags = [7 8], Sigmoid Network , Number of Units)

Table 7. Customization 6 Results

Name Number of Units Fit(%)
nlarx28 10 95,74
nlarx29 1 95,48
nlarx30 2 95,86
nlarx31 3 95,85
nlarx32 4 96,59
nlarx33 5 95,70
nlarx34 6 Nan
nlarx35 7 95,91
nlarx36 8 96,42
nlarx37 9 <95
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nlarx38 11 95,86
nlarx39 12 96,15
nlarx40 13 <95

The new model that best fits our system so far is nlarx32 = 96,59% .

Customization 7 (Linear Regressor, Linear Output Lags = [7 8] , Gaussian Process , Kernel
function, Optimizer )
The last function used for the Nonlinear ARX structure is the Gaussian Process. In this

scenario, two variables can be customized: the Kernel function and the optimizer. All possible
combinations are presented in the following Table.

Table 8. Customization 7 Results

Kernel function Optimizer
Exponential Quasi-Newton
Squared Exponential LBFGS-based quasi-Newton
Matern32 Simplex Search
Matern52 Unconstrained nonlinear optimization
Rational Quadratic Interior-Point
ARD Exponential Sequential Quadratic Programming
ARD Squared Exponential -
ARD Matern32 -
ARD Matern52 =
ARD Rational Quadratic -

Name Kernel function Optimizer Fit(%)
nlarx41 Squared Exponential Quasi-Newton 97,80
nlarx42 Squared Exponential LBFGS 97,80
nlarx43 Squared Exponential Simplex Search 97,80
nlarx44 Exponential Quasi-Newton 98,45
nlarx45 Exponential LBEGS 98,45
nlarx46 Matern32 Quasi-Newton 98,29
nlarx47 Matern52 Quasi-Newton 98,11
nlarx48 Rational Quadratic Quasi-Newton 97,98

The model that best fits our system overall is

Further customization is not pursued because nearly every variable available for
customization through Matlab Toolbox has been tried, and the overall fit is deemed satisfactory.

The results of the models extracted for the Nonlinear ARX structure for Cluster 1 are as
follows. As observed from the above, the model that best fits our system is the nlarx44 =
98, 45%. This model corresponds to a combination of Linear regressors with output lag = [7 8]
and a Gaussian Process as the output function, with Exponential as the Kernel function and
Quasi-Newton as the Optimizer. Similar customizations have been applied to Clusters 2, 3, and
4, and their results are presented below.
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4 Model Output: T_in — a X
File Options 5tyle Channel Experiment Help
Measured [Idwal} and simulated model output
225 : : :
Best Fits
' nlarx44: 98.45
227 f ﬁh nlarx45: 98.45
If :I‘_ “ I, gt
215 | k- F‘_\ . ‘:Jﬁ{:
| 1 ; |
|
! ' |
) ||‘ \ nlarx42: 97.8
217 | |
b ) nlarxd1: 97.8
} Feas, 4 1
[ e N : nlarx43: 97.8
]
205} w’rf nlarx32: 96.59
nlarx36: 96.42
20 : : :
0 0.5 1 1.5 2
5
Tima x10°  nlarx5: 96.16

Figure 18. Results of the models extracted for the Nonlinear ARX structure for Cluster 1

4 Model Output: T_in — O X
File Options S5tyle Channel Experiment Help
Measured {Idgval} and simulated model output
225 T T
Best Fits
nlarx25: 98.72
22y | nlarx42: 98 69
[ nlarx37: 98.69
21.5 nlarx41: 98.69
nlarx40: 98 68
217 e
) nlarx39: 98.66
A
/i
205,
20 . . . nlarx45: 98 61
0 0.5 1 1.5 2 pjarx4: 98.56
Time w 1{]5

Figure 19. Results of the models extracted for the Nonlinear ARX structure for Cluster 2

As can be seen from the above, the model that best fits our system is nlarx25 = 98.72%.
This model consists solely of Linear regressors with a linear output lag of [4 5]. The output
function used is the Sigmoid Network with 4 units.
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A\

File Options Style Channel Experiment Help

Measured (id, al) and simulated model output

22
Best Fits
215 /\ e o
\
| 1
| ‘ nlarx53: 98.41
|
| .
21| | nlarx50: 98.38
/l nlarx49: 98.38
II| \ \ nlarx54: 98.32
L1
| [ \ nlarx48: 98.32
20.5 . p -
J nlarx55: 98.32
20 nlarxd- 97 67
0 0.5 1 1.5 2 nlarx3s: 97.66
Time s 1.[]5

Figure 20. Results of the models extracted for the Nonlinear ARX structure for Cluster 3

As observed from the above, the model that best fits our system is nlarx52 = 98.41%. This
model comprises only Linear regressors with a linear output lag of [3 4]. The output function
utilized is the Gaussian Process, with the Squared Exponential as the Kernel function and
LBFGS as the Optimizer.

4 Model Output: T_in — O X
File Options Style Channel Experiment Help

Measured (id 4Ual) and simulated model output
225 y y

Best Fits

nlarx46: 98 87
227

nlarxG2: 98.2

21t
nlarxs7: 98.15
nlarx60: 98.11
Sl nlarx56: 98.11
nlarxG1: 98.11
20 . . . Fgfxdt—0+0
0 0.5 1 1.5 2

Time % 1{]5

Figure 21. Results of the models extracted for the Nonlinear ARX structure for Cluster 4
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As observed from the above, the model that best fits our system is nlarx46 = 98.87%. This
model includes only Linear regressors with a linear output lag of [3 4]. The output function
used is the Sigmoid Network with 3 units.

5.3.2 Hammerstein-Wiener

The data (input and output) is loaded into the Matlab Workspace, and iddata objects are
created. These iddata objects are used to import the estimation and validation data. This process
is applied to each cluster. The iddata is then loaded into the System Identification Toolbox, where

the sample time, input values, and output values are defined. The estimation and validation data
are loaded separately.

All the above details were described and illustrated through figures for the Nonlinear ARX
structure. Since the same details apply to the Hammerstein-Wiener structure, they will not be
repeated. The input and output variables remain unchanged as well.

The input variables are: u; — Q;,,(kW),uy; = Pyyac(kW), us = Tout ,pien:(°C), Uy — IT(%/)
The output variable is: T, (°C)

Hammerstein-Wiener models are estimated using the default settings.

- System Identification - Cluster_1_HW

File Options Window Help

Import data ~

‘ Operations

id 1 est id 1 val

<-- Preprocess s

T

@ 2

Working Dala

L

Estimate -> v

|

| [=

2 )

Estimate >

Transfer Function Models. ..
() Time plot State Space Models. ..
Process Models. ..
Polynomial Models. ..

(C) Frequency function Nonlinear ARX Models...
Spectral Models. ..
Correlation Models...

Data Views

(C] Data spectra

Figure 22. Hammerstein-Wiener model selection
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TA Estimate Hammerstein-Wiener Models -

[ Model Structure . Estimation Options

Initial model | Default v

u Input *,| LinearBlock | W, Output y
Input Monlinearity (dynamic) Nonlinearity Output

Input Nonlinearity Linear Block Qutput Nonlinearity

u X w
“input | Nuu:::;my ] L.{:ﬁ; ﬁﬁ?k —
Input Nonlinearity
P_HVAC Piecewise Linear
Tout_smbient Piecewise Linear
T Piecewise Linear

Properies for "Piecewise Linear” nonlinearity for input "Q_in"

Braakpoants X

Figure 23a. Default structure of Hammerstein-Wiener model — a

e
 Esti

imate Hammerstein-Wiener Models = o

Model! Structure Estimation Options

-

Initial mode! | Default v |

u Input X,| LinearBlock | W, Output LA
Input Nonlinearity (dynamic) Nonlinearity | Output

[

nput Nonlinearity | LinearBlock | Output Nonlinearity

Linear Block | W Output y
(dynamic) ] Nonlinearity _—’Ouw

Output Nonlinearity

T_in | Piecewise Linear

Properties for "Piecewise Linear* nonlinearity for output "T_in"

Help

etz Pt i

Besakports X

Breakpoint locations

Figure 23b. Default structure of Hammerstein-Wiener model —b
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Customization 1 (Input: Piecewise Linear, Input number of breakpoints = 10 , Output:

Piecewise Linear , Output Number of Breakpoints)

Table 9. Customization 1 Results

Name Number of Breakpoints (Output) Fit(%)
nlhwl 10 95,33
nlhw?2 1 55,48
nlhw3 2 93,88
nlhw4 3 95,39
nlhw5 4 95,46
nlhweo 5 95,32
nlhw?7 6 88,66
nlhw8 7 95,37
nlhw9 8 93,47
nlhw10 9 95,37
nlhw11 11 95,36
nlhw12 15 92,82
nlhw13 20 79,55
Initial model [nihw10 v |
o Input X | L Block . Output Y
Input Nonﬁr?:arity " l{réi'arami?:? i Nonﬁnz';rity Output
Input Nonlinearity Linear Block Output Nonlinearity
Linear Block Output ¥
(dynamic) Nonlinearity Output
Output Nonlinearity
T_in Piecewise Linear
Properties for "Piecewise Linear" nonlinearity for output "T_in"
Number of breakpoints | 9 | F(x) Nonlinearities
Breakpoint locations | [-3769.3762123178 - |
Nonlinearity values | [22.1372409007295 ¢ |
[ Fix nonlinear function

Figure 24. Example: nlhw10 — Number of breakpoints (Output) =9

The best fit so far is the nlhw5 = 95,46% .
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Network , Output Number of Units)
Table 10. Customization 2 Results

Name Number of Units (Output) Fit(%)
Nlhw14 10 95,35
Nlhw15 1 <90
Nlhw1l6 2 95,05
Nlhw17 3 95,56
Nlhw18 4 95,35
Nlhw19 5 91,21
Nlhw20 6 95,22
Nlhw21 7 95,88
Nlhw22 8 95,84
Nlhw23 9 91,58
Nlhw24 11 <90
Nlhw25 15 92,96
Nlhw26 20 95,60
Nlhw27 25 92,93
Nlhw28 30 92,16

initial model | ninw21 v |

Input . ,| Linear Block . Output. y

Nonlinearity (dynamic) Nonlinearity | Output
Input Nonlinearity Linear Block Qutput Nonlinearity
Linear Block Output ¥
(dynamic) Nonlinearity | Output

Output Nonlinearity
T_in Sigmoid Network

Properties for "Sigmoid Network" nonlinearity for output "T_in"

Enter the number of units

[ ]Fix nonlinear function

Sigmoid

x

Customization 2 (Input: Piecewise Linear, Input number of breakpoints =10, Output: Sigmoid

Figure 25. Example: nlhw21 — Number of Units =7

The best new fit is nlhw21 = 95,88%
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Customization 3 (Input: Sigmoid Network, Input Number of Units = ? , Output: Sigmoid

Network , Output Number of Units = 10)
Table 11. Customization 3 Results

Name Number of Units (Input) Fit(%)
nlhw29 10 Nan
nlhw30 <80
nlhw31 1 <90

It is observed that the fit does not meet the desired criteria, so the next customization is pursued.

Customization 4 (Input: Sigmoid Network, Input Number of Units = 10 , Output: Piecewise

Linear , Output Number of Breakpoints)
Table 12. Customization 4 Results

Name Number of Breakpoints (Output) Fit(%)
nlhw32 10 <90
nlhw33 <85
nlhw34 1 <80

It is observed that the fit does not meet the desired criteria, so the next customization is pursued.

Customization 5 (Input: Piecewise Linear, Input Number of Breakpoints =1, Output: Piecewise

Linear , Output Number of Breakpoints )

Table 13. Customization 5 Results

Name Number of Breakpoints (Output) Fit(%)
nlhw35 10 83,80
nlhw36 1 <50
nlhw37 2 <50
nlhw38 3 <50
nlhw39 4 83,26
nlhw40 5 82,79
nlhw41 6 84,17
nlhw42 7 <50
nlhw43 8 84,14
nlhw44 9 <50
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Initial model [ nihwdo v |

u X i w
Input Linear Block Output. Y
Input Nonlinearity (dynamic) Nonlinearity Output
Input Nonlinearity Linear Block QOutput Nonlinearity
Linear Block w Output ¥

. N  Em——
(dynamic Nonlinearity | Qutput

Qutput Nonlinearity

T_in Piecewise Linear

Properties for "Piecewise Linear" nonlingarity for output "T_in"

Number of breakpoints _ F(x) Nonlinearities
Breakpoint locations [-3119.4727422448 -
Nonlinearity values [22.0300774399255 :

[] Fix nonlinear function

Figure 26. Example: nlhw40 — Number of breakpoints = 5

The results of the models extracted for the Hammerstein-Wiener structure for Cluster 1 are as
follows. As can be seen from the above, the model that best fits our system is nlhw21 = 95.88%.
This model corresponds to the following specifications: Input: Piecewise Linear, Number of
breakpoints (Input): 10, Output: Sigmoid Network, and Number of Units (Output): 7. Similar
customizations have been applied to Clusters 2, 3, and 4, and their results are presented below.

4. Model Output: T_in - O b4

File Options 5Style Channel Experiment Help

Measured (id, al) and simulated model output
22.5 - -

Best Fits
nlhw21: 95.88
22 nlhw22: 95.84

21.5

nlhws: 95.46

w

n
(%]
o

nikhwad: 95
21
nlhw10: 85.37

20.5{; nlhw11: 95.36

2 ' nlhw14: 95 35

0 05 1 1.5 2 plhw1: 95.33
5

Time x10°  hwe: 95.32

Figure 27. Results of the models extracted for the Hammerstein-Wiener structure for Cluster 1
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4. Model Qutput: T_in — O X

File Options S5tyle Channel Experiment Help

Measured [|d2va|} and simulated model output

23 T :
|I'IU|| Best Fits
2257 | I| nlhw39: 97.46
- " nihw24: 97.4
221 nlhw26: 97.4
nihw23: 97.36
21.5
nihw37: 97.33
21
20.5 nihwd0: 97.06
nihw20: 97.03
20
ﬂ U.E 1 1_5 2
Time " 1(!5

Figure 28. Results of the models extracted for the Hammerstein-Wiener structure for Cluster 2

As observed from the above, the model that best fits our system is nlhw39 = 97.46%. This
model corresponds to the following specifications: Input: Sigmoid Network, Number of Units
(Input): 3, Output: Piecewise Linear, and Number of breakpoints (Output): 20.

4 Model Output: T_in — O 4
File Options Style Channel Experiment Help

Measured {Idsval} and simulated model output

22
Best Fits
2157
nihw1: 94.99
21t nihwe: 94.77
nlhw38: 84.71

nlbw11: 94 67
205+

20t nlhw4: 94 .46
nlhw23: 94 .4

19.5 nlhws: 94 39
0 0.5 1 1.5 2 nlhw22:94.38

Time % 1.[]5

Figure 29. Results of the models extracted for the Hammerstein-Wiener structure for Cluster 3
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As observed from the above, the model that best fits our system is nlhw8 = 95.56%. This
model corresponds to the following specifications: Input: Piecewise Linear, Number of
breakpoints (Input): 7, Output: Piecewise Linear, and Number of breakpoints (Output): 10.

4 Model Qutput: T_in — O x

File Options 5Style Channel Experiment Help

Measured (id 41;"-’”:' and simulated model output

225
Best Fits
“ nlhw38: 97.56
I'”]'_'.'Z_-'. EH:'. EIZ
nlhw39: 96.59

21.5

nlhw41: 95.9
21

[y nlhwd2: 9522
20.5

- . . . nlhw3: 93 77
0 0.5 1 1.5 2 nlhw1: 93.57
1 5
Time %10°  nihw10: 93.39

Figure 30. Results of the models extracted for the Hammerstein-Wiener structure for Cluster 4

As observed from the above, the model that best fits our system is nlhw20 = 97.92%. This
model corresponds to the following specifications: Input_1: Sigmoid Network, Input_2_3_4:
Piecewise Linear, Number of Units (Input_1): 10, Number of breakpoints (Input_2_3_4): 10,
Output: Piecewise Linear, and Number of breakpoints (Output): 10.

5.3.3 Neural Networks

The Neural Network Time Series Toolbox is used to identify a model that fits our system.
First, the network to be used is selected from three available choices.

1. NARX: In this type of time series problem, we want to predict future values of series y(t)
from past values of that time series and past values of a second time series x(t).

2. NAR: In this type of time series problem, we want to predict future values of series y(t)
from past values of that series only.

3. Nonlinear Input-Output Network: In this type of time series problem, we have an input
series x(t) and an output series y(t). We want to predict future values of y(t) from

previous values of x(t).

In this case, the NARX network is selected because the prediction of future values of the
output T, (y(t)) from past values of all inputs x(t) and past values of the output y(t) is
desired.
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Select Import
Metwork = -

| ” NARX Network |

Predict series y(t) from past values of y{t) and past values of ancther series x(t)

ﬂ MNAR Network ||
Predict series y(t) from past values of y{t)

MNonlinear Input-Output Network

Predict series y(t) from past values of another series x(t)

Figure 31. Network Selection
The data for each cluster is selected and imported, as shown below. For Cluster 1, the data

consists of:

Y Import Data from Workspace = O >

Select data for training the network.

Data type: |'Matrix v |
Predictors: | Cluster_1_Data_New - [480x4 double] v | |Browse |
Responses: | Cluster_1_Output_New - [480x1 double] v | | Browse |

Time steps in. (") Columns (8) Rows
Cluster_1_Data_New: double array of 480 time steps with 4 features.

Cluster_1_Output_New: double array of 480 time steps with 1 features.
Figure 32. Import data for cluster 1

For each cluster, the same Training data, Validation data, Test data, Layer Size, and Time
delay are chosen.

Training data: 70 %

d(p

Validation data: 1

LR

\ Layer size: 10
|

A

;“]
-

"
;“]
-

A

Time delay: 2

Test data: 1

LM
]

SPLIT BUILD

Figure 33. Import data for cluster 1

The Neural Network is trained, and the results for all clusters are presented below.

The MSE variable represents the mean squared error between outputs and responses, while the
R variable denotes the correlation between outputs and responses.

33



Chapter 5 | Control of Building Energy Systems using System Identification

Cluster 1

Training Results

Training finished: Met validation criterion €

Training Progress

Unit Initial Value Stopped Value Target Value

Epoch 0 36 1000 -
Elapsed Time 00:00:00 =

Performance 469 1.06e-05 0

Gradient 9.43 0.000262 1e-07

Mu 0.001 1e-08 1e+10

Walidation Checks 0 i} 3] -

Figure 36. Results of the models extracted for Neural Networks structure for Cluster 1

Figure 34: Training Progress for Cluster 1

Algorithm

Data division:
Training algorithm:
Performance:

Training Results
Training start time:

Random
Levenberg-Marguardt
Mean squared error

22-Jul-2024 13:33:59

Layer size: 10
Time delay: 2
Observations MSE R
Training 334 1.0981e-05 1.0000
Validation T2 9.9277e-06 1.0000
Test 72 1.7817e-05 1.0000
Figure 35: Training Results for Cluster 1
{4\ Figure 1 - O X
File Edit View Insert Tools Desktop Window Help
Nede @08 3 E
*  Training Targets
+  Training Outputs PONSe of Output Element 1 for Time-Series 1
- Validation Targets ' ' ' ' ' T
+  Validation Outputs
*  Test Targets
+  Test Outputs
Erors
Response
k=
5 211
5
=
=t
© 205} 1
4
20 1 1 1 1 1 1 1 1 1
0.02 T T T T T T T T T
- Targets - Outputs
5 of
|
_D'DZ_ 1 1 1 1 1 1 1 1 1 ]
50 100 150 200 250 300 350 400 450
Time
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Training Results

Training finished: Met validation criterion @

Cluster 2

Training Progress

Unit Initial Value Stopped Value Target Value

Epoch 0 46 1000
Elapsed Time = 00:00:00 =
Performance 1.81 8.47e-06 0
Gradient 592 0.000465 1e-07
Mu 0.001 1e-06 1e+10
Validation Checks 0 6 6

Figure 37: Training Progress for Cluster 2

Algorithm
Data division:

Training algorithm:

Performance:

Training Results

Training start time:

Random

Levenberg-Marguardt
IMean squared error

22-Jul-2024 13:43:43

Layer size: 10
Time delay: 2
Observations MSE R
Training 334 8.8507e-06 1.0000
Validation 72 1.6341e-05 1.0000
Test 72 1.1041e-05 1.0000
Figure 38: Training Results for Cluster 2
|4\ Figure 1 ] X

File Edit View

Insert Tools

Desktop Window Help

Dede (@ 0B »E

Response of Output Element 1 for Time-Series 1

225

22

21

Output and Target

2057

20
0.02

Error

-0.02

T T
Targets - Outputs

Figure 39. Results of the models extracted for Neural Networks structure for Cluster 2

35




Chapter 5 | Control of Building Energy Systems using System Identification

Cluster 3

Training Results

raining finished: Met validation criterion &
Training Progress

Unit Initial Value Stopped Value Target Value

Epoch 0 17 1000
Elapsed Time - 00:00:00 -
Performance 712 6.81e-06 0
Gradient 12 4 86e-05 1e-07
Mu 0.001 1e-06 1e+10
Validation Checks 0 6 6

Figure 40: Training Progress for Cluster 3

Algorithm

Data division: Random

Training algorithm:  Levenberg-Marquardt
Perfarmance: IMean squared error

Training Results
Training start time: 22-Jul-2024 13:56:37

Layer size: 10
Time delay: 2

Observations MSE R
Training 334 6.9320e-06 1.0000
Validation T2 7.8531e-06 1.0000
Test T2 $.8895e-06 1.0000

Figure 41: Training Results for Cluster 3

(4] Figure 1 - O X

File Edit View Insert Tools Desktop Window Help >
N de |2 08| K E

Response of Output Element 1 for Time-Series 1

22

%)
=
)

Output and Target
3%

20 | | | | | | | | |

T T
Targets - Outputs

Error
<

-0.02 ' s s

Figure 42. Results of the models extracted for Neural Networks structure for Cluster 3
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Cluster 4

Training Results

Training finished: Met validation criterion &

Training Progress

Unit Initial Value Stopped Value Target Value

Epoch 0 167 1000
Elapsed Time - 00:00:00 -
Performance 118 5.62e-06 0
Gradient 455 6.6e-05 1e-07
Mu 0.001 1e-06 1e+10
Validation Checks 0 6 i}

Figure 43: Training Progress for Cluster 4

Algorithm

Data division: Random

Performance:

Training Results
Training start time:

Training algorithm:  Levenberg-Marguardt
Mean squared error

22-Jul-2024 14:00:15

Layer size: 10
Time delay: 2

Observations MSE R
Training 334 5.6657e-06 1.0000
Validation 72 1.8643e-05 1.0000
Test 72 7.3105e-06 1.0000

Figure 44: Training Results for Cluster 4

|4\ Figure 1 - O X
File Edit View Insert Tools Desktop Window Help ~

Nede @08 KE

22

%}
=
n

Output and Target
[3%]

20.5

20
0.02

Error
(=]

-0.02

Response of Output Element 1 for Time-Series 1
T T T T T T T

T T
Targets - Outputs

Figure 45. Results of the models extracted for Neural Networks structure for Cluster 4
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Chapter 6

Parameter Estimation in Building Energy
Management and Control

6.1 Parameter Estimation

Parameter estimation techniques are crucial for building energy management and control,
significantly contributing to the efficiency, reliability, and optimization of energy usage. Accurate
parameter estimation forms the foundation for reliable energy models, enhancing predictive
accuracy and enabling better planning and resource allocation. It allows for the fine-tuning of
HVAC systems, lighting, and other energy-consuming equipment, leading to more efficient
operation and reduced energy waste. Dynamic and adaptive control strategies, informed by real-
time parameter estimation, can adjust settings to maintain comfort and efficiency based on
current conditions. This leads to lower energy bills, reduced operational costs, and justified
investments in energy-saving technologies. Furthermore, accurate parameter estimation ensures
occupant comfort and productivity by maintaining optimal indoor environments, thus enhancing
health and well-being. It also supports sustainability goals by reducing the carbon footprint and
ensuring compliance with energy efficiency standards.

6.2 Problem Formulation

PSO

A
Q_in (t): Estimated
Internal Gains

/AN
T_in,z (t): Estimated Indoor

> Building Temperature
| Tout (t): Ambient Temperature | — Thermal > 4 error (t)
| IT (t): Solar radiation | —> Model o

| Q_HVAC (t): Thermal Power |—>

T_in,z (t): Real Indoor Temperature

Real Building Model

Q_in,z (t): Real Internal Gains

vy

Figure 46. Structure of the examined problem
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In the context of real-time building energy management and control, accurate estimation of
internal thermal gains is critical for maintaining indoor comfort and optimizing energy usage.
This problem involves utilizing a building thermal model to estimate internal thermal gains of
each building thermal zone and comparing these estimations with real measurements from a
building. The PSO algorithm is employed to minimize the error between estimated and actual
indoor temperatures.

Measurement and Data Collection
Real-time measurements from a building include the following parameters:
o Internal thermal gains of each thermal zone Q;,, ,
o Thermal power consumption of the HVAC system for each thermal zone Qyy4¢ .
« Indoor temperature of each thermal zone T, ,
e Ambient temperature T,
e Solar radiation Iy
These real measurements are used as inputs and comparison benchmarks in the building thermal
model.

Building Thermal Model

A building thermal model is employed to estimate internal thermal gains. The inputs to this
model are:

o Ambient temperature T,

e Solar radiation Iy

o HVAC thermal power consumption of each thermal zone Qyy ¢,

» Estimated internal thermal gains of each thermal zone (decision variable for PSO) Q, ; es¢

The model predicts the indoor temperature of each thermal zone, , based on these inputs.

Objective Function and Optimization

The PSO algorithm is used to find the optimal values of the estimated internal thermal gains
of each building thermal zone. The objective function for the PSO is defined as the sum of the
errors between the estimated indoor temperatures and the actual indoor temperatures for each
thermal zone, as given in (34). The steps involved are:

1. Estimation: The building thermal model estimates the indoor temperature for each
thermal zone using the given inputs.

2. Comparison: The estimated indoor temperatures are compared with the actual indoor
temperatures measured in the building.

3. Error Calculation: The error for each thermal zone is calculated as the difference between
the estimated and actual indoor temperatures.

4. Summation: The errors from all thermal zones are summed to form the objective function.

5. Optimization: The PSO algorithm iteratively adjusts the estimated internal thermal gains
to minimize the objective function, thereby reducing the overall error and aligning the
estimated indoor temperatures with the actual measurements.

39



Chapter 6 | Parameter Estimation in Building Energy Management and Control

2
objective_function = mln Z(Tmzest(t) Tins(t)) (34)
lnzest
Methodology

1. Data Acquisition: Real-time data for ambient temperature, solar radiation, HVAC power
consumption, and indoor temperatures are collected.

2. Model Input: These measurements are input into the building thermal model along with
initial estimates of internal thermal gains.

Simulation: The model simulates indoor temperatures for each thermal zone.

4. Error Computation: The difference between the simulated indoor temperatures and the
actual measurements is computed.

5. PSO Implementation: PSO is applied to iteratively adjust the internal thermal gains. Each
particle in the swarm represents a potential solution, and the algorithm seeks to minimize
the objective function.

6. Optimization Process: Through iterations, the PSO algorithm finds the optimal set of

internal thermal gains that minimize the error, ensuring the estimated indoor
temperatures are as close as possible to the actual measurements.

6.3 Results

The floor plan of 11 building thermal zones is given in Figure 7. Table 1 and Figure 8 provide
the data were used. Figures (48)-(58) present the actual internal thermal gains together with the
estimated internal thermal gains for each building thermal zone. It follows that the proposed

parameter estimation technique provides high performance, as the estimation of the internal

thermal gains of the building thermal zones is successful since it is very well aligned with the

actual data.

Error

2 4 6 8 10 12 14 16 18 20
Iterations

Figure 56. Evolution of the error over the iterations of PSO

40



Chapter 6 | Parameter Estimation in Building Energy Management and Control
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Figure 48. Actual and estimated internal thermal gains — Thermal zone 1
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Figure 49. Actual and estimated internal thermal gains — Thermal zone 2
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Figure 50. Actual and estimated internal thermal gains — Thermal zone 3
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Figure 51. Actual and estimated internal thermal gains — Thermal zone 4
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Figure 52. Actual and estimated internal thermal gains — Thermal zone 5
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Figure 53. Actual and estimated internal thermal gains — Thermal zone 6
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Figure 54. Actual and estimated internal thermal gains — Thermal zone 7
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Figure 55. Actual and estimated internal thermal gains — Thermal zone 8
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Figure 56. Actual and estimated internal thermal gains — Thermal zone 9
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Figure 57. Actual and estimated internal thermal gains — Thermal zone 10
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Figure 58. Actual and estimated internal thermal gains — Thermal zone 11
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Chapter 7

Conclusion

In this work, system identification and parameter estimation techniques are used. An accurate
model for estimating the indoor temperature of building thermal zones was developed, which is
crucial for energy management and occupant comfort. Four key inputs were incorporated into
the model: internal thermal loads from occupants, lighting, and equipment; the HVAC system's
power consumption; ambient temperature; and solar irradiation. Advanced modeling
techniques, such as system identification and neural networks, were applied to capture the
dynamic behavior and complex, nonlinear relationships influencing indoor temperature.

Moreover, this work presents a sophisticated approach to real-time building energy
management through the accurate estimation of internal thermal gains. By leveraging a building
thermal model and employing Particle Swarm Optimization (PSO), the discrepancies between
estimated and actual indoor temperatures are minimized, leading to optimized HVAC
performance and enhanced occupant comfort. The methodology demonstrates the effectiveness
of using real-time data inputs, such as ambient temperature, solar radiation, and HVAC power
consumption, to refine model predictions and ensure energy-efficient building operations. The
integration of PSO in this context underscores its potential in solving complex optimization
challenges within building energy management.

In conclusion, the developed tools can be very useful in energy management and real-time
control applications of building energy systems. The detailed model of the building energy
system developed is the basis on which the applied identification techniques are based, as well
as any real-time control system of the building energy system.
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