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ABSTRACT

The pressing global environmental issues are fiogter rapid change in the energy and sustainabil-
ity policies for the built environment. New parachg are emerging, such as “Nearly Zero Energy
Building” (nZEB), and sustainability assessmentesohls are progressively evolving and diffusing.
However, empirical studies show how, very oftem, glap between the predicted (design phase) and
measured (operation phase) energy performanceryslame, due to design phase, construction
phase, commissioning and operation phase errors.péinformance gap creates a problem of credi-
bility in the building industry and, more in genkia sustainability practices.

Current design and operation practices for builgpegformance optimization should evolve to en-
sure adequate performance in spite of possibleggsaim climatic conditions (e.g. climate change
adaptation) and occupants’ behavioral patternsin@ptcontrol and data analytics can play a key
role in this sense. For these reasons, a framefeorthe analysis of the potential of Building Au-
tomation and Control Systems for performance option is proposed, specially on predictive
control. This framework aims to highlight, in partiar, the possibility of establishing an effective
methodological continuity among building performargtmulation, control and data analytics, not
recognizable in present practices.

In predictive control systems the main probleneiated to the building model used and its calibra-
tion phase and not to the optimization algorithmefe are many detailed physical dynamic models
developed to simulate building behavior, howeveanynof these models need detailed information,
very high computation power and memory space. Aerrative is represented by data driven mod-
els: statistical and machine learning techniques lealp determining input/output relationships
without detailed a priori knowledge of the phenomémemselves. In models obtained solely by sta-
tistical methods, therefore, the identified pararsetend to lose physical insights and sometimes
their values contradict physical phenomena. In orte avoid this, hybrid models, mixing
knowledge-based and statistical approaches, aminted. These models are also called simplified
or gray-box models.

In conclusion, the aim of the research, therefigréy find a simple and understandable method able
to create a dialogue with both control and energwktion fields in order to fill the gap between
the predicted (design phase) and measured (openatiase) energy performance. Furthermore, a
very important intend is to find the main data rezetly the building model in order to guarantee a
good control result (in a predictive perspectived a calibration method able to verify whether the
model simulates effectively the actual trend.
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1. INTRODUCTION

Energy services have a large impact both in econamil environmental terms. The residential and
commercial sectors use 154 quadrillion Btu (3.8dn TOE) in energy (includes losses in electrici-
ty generation, transmission, and distribution), ahh@ccounts for almost 30% of final energy use in
the world (524 quadrillion Btu, 13 trillion TOE) [AThe energy demand related to heating, cooling
and ventilation is often the predominant part, @igjh the incidence of the energy used for appli-
ances and lighting should not be underestimategarticular in commercial buildings, but also in
residential ones, depending on country specificattaristics. In U.S. homes about 40% of this en-
ergy is due to space heating [2] while in Europe \thlue rises up at 70% [3]. Another important
part of final energy consumption is representeclegtricity; 35% of total energy use in the U.S.
homes [2] and 15% in Europe [3] is related to apple, lighting and electronics, and the energy
consumption, in absolute term, is increasing.

Today, the reduction of the environmental impadedeined by building technologies and services
is fundamental for global sustainability. Therestxmportant ongoing initiatives for the built envi
ronment involving sustainability assessment [4eblergy efficiency of products and practices [6]
and energy policy [7]. European Commission, in,fdws underlined the importance of the issue by
adopting armction Plan for energy efficien@iming to 20% reduction by 2020 [7]. Beyond the re
duction of CQ emissions and primary energy consumptions, thedbues [6,8], emphasize the
importance of energy efficiency, energy managemaadtcommissioning.

In this framework, a new building paradigm has beamceived, that of “nearly Zero Energy Build-
ing” or “nZEB” [8-13]. According to the objectivesf the Energy Performance Building Directive
(EPBD) 2010/31/EU, in fact, all new buildings shiadi nearly Zero Energy. The nZEB paradigm
will involve both new and refurbished buildings, ander to promote a radical renovation of the
built environment. Several different regulatory idgfons have been developed in EU countries
[14], but, in general, nearly Zero Energy Buildirgj®ould combine very low energy demand with
relevant onsite renewable energy production andldhme able to reduce, as much as possible, the
mismatch between demand and onsite production §15Besign choices in nZEBs should be op-
timal from the techno-economic point of view [20}2énsidering not merely the initial investment
cost, but also the energy-related running cost$, ascoherent methodology.

Further, in order to facilitate the successful gnétion of building within “intelligent” energy in&-
structures [25-27], operational flexibility and wpéal dispatch (generation, storage, exchange with
the grid, etc.) of onsite resources [28-35], becaxteemely relevant. At the same time, the infra-
structural systems will have necessarily to be ablieteract positively with the end-users and the
built environment to maximize overall efficiencydato minimize the risk of failures and outages.

On the market side, it is worth noticing that tieéat BAC (Building Automation, Controls and

Building Management) market is expected to reach #8lion dollars by the year 2018 and the an-
nual growth rate (CAGR: Compound Annual Growth Ratdculated from 2013 and projected to
2018 resulting in double digit [36]. These numbe eeferring to the entire BAC market and, in
particular, includes the following areas: lightirsgcurity and access control, HVAC, external con-
trols and BEMS (Building Energy Management Systerfikg significant part of the target market
is about the energy management: the total worlelssal BEMS, relative to 2013, is approximately
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16.7 billion dollars and, according to some forésag will grow up to 23.14 billion dollars by
2017 [37]. National and international policies araong the most important "driving feature" that
characterize this market; the regulations imposeddvernments and supported with financial in-
centives (e.g. grants, loans, tax relief, etc.yehimcreased the demand for innovative solutions to
reduce "operating costs" in buildings conductiod, §3].

Actually, within a scenario where new buildings asarly Zero Energy and the grid is "smart”, the
possibility of operating them in an intelligent wagcomes more and more important. A proper
commissioning and management during the operatjamae is essential to ensure monitoring and
optimization of all energy flows in the real-timpeyation of the building [40,41]. In this sense,
Building Automation and Control Systems (BACS) fmerformance optimization and Technical
Building Management (TBM) for monitoring and perfaance tracking, are an essential elements
for the evolution of the built environment.

Thermal control in buildings, however, receivedslestention from control engineering communi-
ties than other application fields, like aerospguetyo-chemical, electronics or automotive [42].
One of the reason is that, while control systenthase fields have always had a fundamental role
for the improvement of the efficiency in the cofied system, in buildings, the efficiency was as-
sociated mainly just to envelope and/or technigatesns improvement. Therefore, buildings waste
large amount of energy due to poor control perforceaand have a large potential for savings by
improving it [42,43]. Further, another problem tethto the building sector compared to the others,
is the lack of data and, therefore, to the datdyaisaphase; it is known that while monitoring $tra
egies are mostly aimed at anomaly detection [44-diler fundamental insights can be learned
from data, by employing calibrated energy simulatnodels [47-52] and inverse modeling tech-
niques [40,53,54]. The analysis of high-resolutdata measured in buildings requires modeling
techniques able to describe the energy dynamiestefély and several strategies are possible at the
state of the art [55-59]. An important issue, tfene is related to the balance between available a
tual data and data needed by the models usedatgyrthat allows energy performance character-
ization without a detailed description of the bunlgl while retaining a physical interpretation is
grey-box modeling. The absence of physical intégpien, typical for example of black-box mod-
els, creates significant problems in the effecthaplementation of the energy and emission saving
strategies. In conclusion, a simplified physicaitistical approach can be a more suitable option.
This is an approach already successfully testddlliscale dynamic modeling [60] and model pre-
dictive control [61,62].

The final goal, therefore, is to investigate diffier models and techniques in order to identify a
whole workflow able to link the various fundamentaihtrol moments in the operational phase of
the building, starting from the energy simulatitmthe monitoring and data analysis until the opti-
mization phase.
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2. PROBLEM AND CLAIM

2.1. PERFORMANCE GAP

While new paradigms for the construction sectoreamerging, such as that of “Nearly Zero Energy
Building” and sustainability assessment schemespergressively evolving and becoming more
common, empirical studies show how, very often,gap between the predicted (design phase) and
measured (operation phase) energy performance bewery large [1]. This issue is generally ad-
dressed with the term “performance gap” [2], asuation results tend to be generally optimistic.
The “performance gap” can be fundamentally causedesign phase, construction phase, commis-
sioning and operational phase errors.

Generally, the decisions that have the greatesadtgn total facility cost and energy demand are
made early in the design process [3], without ustdeding their overall impact of performance
during building life cycle. Prioritization with rpect to multiple objectives and initial investment
cost remain critical dimensions for practitionebgcause buildings are generally designed, con-
structed and operated by different entities (oftéin conflicting needs and different responsibili-
ties). A technical issue is determined by the latlsoftware to quickly and accurately simulate
building energy performance, considering approplyathe uncertainty of the input data assumed.
In fact, in the Architecture, Engineering and Comstion (AEC) sector, several computational tools
are used in the design phase but they lack integraalthough several efforts are ongoing to in-
clude more advanced features in Building Informmatidodeling (BIM) [4]. Further, Building En-
ergy Modeling (BEM) tools are not generally usegrasent for the design of control and diagnos-
tic systems suitable for operation phase, althaggkarch activities are ongoing [4]. Additionally,
building simulation tools are not generally usetbtighout the life cycle for the verification and
benchmarking of building performance due to théadlifties in model calibration and comparison.
Therefore, there is a missing link among modelsable for performance optimization and moni-
toring across life cycle phases [5].

This situation creates a problem of credibilitytie building industry and, more in general, in sus-
tainability practices because the errors commitizal directly reflect on energy performance and,
consequently on the running costs and on globadlausmality. A good energy and environmental

design, in fact, cannot guarantee an appropriatenpeance during whole life cycle without proper

commissioning and management [6,7].The gap cancaste immediate problems where Energy
Performance Contracting (EPC) [8,9] formulas aesent for energy services.

Bridging the gap between simulated and real enesgge requires the presence of embedded con-
trol and fault detection applications that havéeoadaptive, self-calibrating and conceived to ena-
ble a model based interpretation of measured t@tperformance benchmarking. Currently, in the
AEC sector, state-of-the-art methods and modeld us®ther sectors, such as optimization tech-
niques for design [10,11] and advanced controll3R,are not widely used. More specifically, on
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the design side, the inability to evaluate quictlfferent configurations determines generally a
preference for business-as-usual solutions. Ordh#ol side, specific knowledge can contribute to
the evolution of the building design process, idaig principles and methods that can be useful to
maintain the requested level of performance by tiguilding operation to a rapidly changing
environment [14]. These elements are particulalgvant if we think that one of the fundamental
issues related to the “performance gap” is thegmesf buildings which are “climate change proof”
[15]and “occupant proof” [16]. Further, with respéa the interaction of buildings with energy in-
frastructures and communities, several topics amerging such as load matching, load shifting,
storage management and building flexibility [6, 20]: The optimization of the dynamic operation
of a building or of a cluster of buildings requitég definition of suitable models that can be sdlv
by high performance solvers in real-time. Of coudmmain specific model reduction techniques
are required [21-23] and uncertainty and sensytiaitalysis should be taken into account as well in
model verification, validation and calibration [24]. It is not sufficient to simulate just a fevatr
jectories but the dynamics of the coupled systdmsilg be thoroughly explored and understood.
Finally, data driven models for fault detectionagtiosis and prognostics are generally not con-
ceived for multi-scale applications and for beintegrated and synergy with optimization models.
Therefore, a further effort of integration in tlsisnse is necessary.

2.2. DATA ANALYTICS AND SIMPLIFIED BUILDING MODELING

In order to contain the errors (causes of the Grenrtince gap”) within acceptable and quantifiable
performance ranges, adequate indicators and bemkimyastrategies should be applied during
whole building life cycle [27]. In this sense, thealysis of the measured performance is the sgartin
point for reducing the gap and, therefore, appbcet aimed at monitoring energy flows [28,29]
and operation parameters are essential.

Analysis of trends in energy consumptions and ampudetection is a recurring problem in building
performance simulation and monitoring. Simulatioaa be used to determine different operational
trajectories to be compared with the real one.theioword, extraction of information from para-
metric simulation data can facilitate, on the oaad) operational malfunctioning and faults identi-
fication [30,31], on the other hand, energy perfance model calibration [24, 32-36].

Performance benchmarking by means of energy maslelssential to detect performance degrada-
tion at multiple levels(system, subsystem and dgvitherefore, the development of data analytics
is essential to ensure efficient building operatitming the whole life cycle [5,14]. Additionally,
advanced data analytics aimed at multi-scale agpdics can fundamentally contribute to an evolu-
tion towards a sustainable built environment, medfectively integrated with large scale infrastruc-
tures [37] and more useful for the building see®ma whole [38].

Of course, several issues are present when faciogriain multi-scale problems, in particular the
probabilistic criteria and the robustness of meshasked for design and control strategies.

As expressed before, the role of data analyticsbeaon two sides, design and operation of build-
ings. First, operation can be improved by perforoeamacking [39,40] (i.e. reducing commission-
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ing and operation errors) and, after that, desrgetfres can be improved by learning from errors in
a more transparent way through data analytics 130uhveiling typical and recurrent design and
construction errors. At present, in the design pHate attention is paid to diagnostics at the-sy
tem level; current practices focus mainly at theponent level, employing traditional Fault Detec-
tion and Diagnosis (FDD). Low energy buildings gmsa much tighter coupling and dependency
among system, subsystem and device performancks.l&\leerefore, new tools must be developed
to dynamically extract information from data foagnostics and prognostics aimed at global effi-
ciency, while the current state-of-the-art is tmtcol the performance mainly at subsystem levels.
The fundamental steps of performance trackingladdllowing ones:

1. acquiring data and track the performance with adegindicators at the system, subsystem

and component level;

2. identifying anomalies, malfunctioning, faults, eterough diagnostics;

3. identifying solutions;

4. applying solutions to fix problem and verify result

From the methodological point of view, three basiements have to converge in order to foster
performance tracking:

 utility bill data analysis;

* metering and data acquisition from BACS;

» performance benchmarking methodologies.

A centralized data acquisition and analysis sysi®inierefore necessary to seamlessly integrate
these practices with commissioning procedures.
In conclusion, the research and the definition ofleis to be employed for multiple tasks across the
building life cycle has the purpose to unite, ini@ular approach, various aspects related to build
ing performance analysis, considering first operal optimization and diagnostics. The main steps
are the following:

1. energy simulation with a lumped parameter model;

2. model calibration with building operation data;

3. exploration of building energy management strategred predictive control potential.

The methodology used for the research, therefeekssto unite these steps through the choice of
effective tools, able to interact each other. Arent problem, in fact, is the difficulty to link ¢h
steps indicated above because of several issupddehnological limitations, sectorial view, prac-
titioners training, etc.). The research projeceréfiore, has the ultimate goal of trying to unify
methods and models used in different fields ancetstdnd how to make them usable in an effec-
tive workflow across life cycle phases.
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3. STATE OF THE ART OF BACS FOR PERFORMANCE OPTIMIZATION

The chapter aims to give a general framework ferahalysis of BACS for building performance
optimization, considering the general objective8ALCS and the necessary improvements in build-
ing design, construction, commissioning and opengpiractices, needed to bridge the “performance
gap”. As first, it is important to recall the masievant design choices and measures for the per-
formance optimization of building (both new andurbished ones), summarized in Table 1, show-
ing, in particular, the basic elements relatedaotiol|. After that, the elements whose variabiigy
difficult to assess in the design phase, from thé&dlmg modeling point of view, are summarized in
Table 2. Many of these elements are intimatelytedldurthermore to commissioning, operation
and control. Finally, the fundamental sensors aeters data for control and building performance
tracking are reported in Table 3. These three salthestrates the cross-disciplinary role of data,
highlighting the most relevant dimensions to bestdered for the improvement of building per-
formance.

Tab. 1 - Design choices and energy efficiency meass for different systems in buildings.

System Design/efficiency measure
Improve opaque building component performance
(thermal transmittance, admittance, etc.)
Improve transparent building component performance
(thermal transmittance, gain coefficient, etc.)

Building fabric .
Decrease infiltration

Optimize transparent/opaque surface ratio
Improve shading systems
(solar gain control, visual comfort, integrate dgiyting integration, etc.)
Appliances Reduce plug loads and improve efficiency
Reduce lighting loads and improve efficiency
Exploit daylighting

Lighting systems

Increase cooling system efficiency

Increase heating system efficiency

Increase ventilation system efficiency

Increase DHW system efficiency

Technical systems X —
Decrease size of auxiliary systems

Use heat recovery
Use economizers
Use thermal storage (active/passive)
Install Photovoltaic System
Distributed generation Install Wind Power System
Install Combined Heating and Power, Combined HegatGooling and Power
Increase cooling set-points
Automation and Contro Decrease heating set-points
Decrease DHW set-points
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Adjust operating schedules (heating, cooling, Vativn, DHW, lighting, etc.)

Adjust outdoor fresh air rate with respect to oangy and IAQ

Adjust economizers settings

Optimize partial load operation of heating/coolDGAV systems

Optimize partial load operation of auxiliary sysem

Optimize thermal storage operation (load shiftipggak shaving, etc.)

Optimize integration of natural and artificial ligigy systems

Optimize shading system operation with respedgttihg and heat gains (heating/coolin

Tab. 2 - Uncertain parameters and boundary conditias in building energy modeling.

System

Uncertain Parameter and Boundary Condition

Building fabric

Building materials

Components and assembly (thermal transmittancentidridges, etc.)

Air Change Rate for infiltration and natural veatibn

Shading system operation

Appliances

Installed power and efficiency

Operation schedule appliances - Daily/Weekly

Lighting systems

Installed power and efficiency

Operation schedule lighting - Daily/Weekly

Technical systems

Heating set-point temperature

Operation schedule heating - Daily/Weekly

Heating system efficiency

Cooling set-point temperature

Operation schedule cooling - Daily/Weekly

Cooling system efficiency

Air Change Rate for mechanical ventilation

Operation schedule ventilation - Daily/Weekly

DHW set-point temperature

Operation schedule DHW - Daily/Weekly

DHW system efficiency

Ventilation system efficiency

Auxiliary systems efficiency

Heat recovery systems efficiency

Economizer settings

Thermal storage efficiency

Distributed generation

Photovoltaic power output

Wind system power output

Combined Heating and Power, Combined Heating, Ggaind Power operation

Tab. 3 - Sensor and meters data for control and p&rmance tracking.

Element Quantity Unit Description
. Wh, kWh, MWh,
Total fuel consumptions 3 .
. m°, |, kg Cumulative value from meter
Consumption Total energy consumption (heat- readin
nergy mp 4% Wh, kwh, Mwh g
ing and cooling)
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Total electricity consumption
Total water consumption il
Outdoor temperature °C
Outdoor relative humidity % Value from on-site weather sta-
Weather - — - . .
Global irradiation on horizonta W/ tion or weather data provider
surface
Indoor temperature °C
. Indoor relative humidity % Value from selected reference
Indoor conditions .
CQO,concentration ppm zone
Luminance lux
Supply/return air temperature
water circuits oC
Supply/return
air temperature - AHU
Supply/return air %
relative humidity - AHU Value from system of the select
Systems Flow meters I/s, rith y
ed reference zone
Pressure meters kPa, Pa
Control signals for pumps and
ConUoIsiiingor resence 0-100%, 0-1
9 P ONJ/OFF, 0/1
Sensors
Control signals for C@sensors
Sampling and analysis Data polling interval s, min, h, day | Value depending on type of data
interval Data acquisition length period day, month, year analysis

3.1. BUILDING AUTOMATION AND CONTROL SYSTEMS

Building Automation and Control Systems are usud#yined by the acronym BACS. Commonly,
buildings that have BACS and Technical Building Mgament (TBM) are addressed with the term
“intelligent” or “smart” buildings [1,2]. Althoughhese terms are rather generic, they can state that
the intelligence of building resides in its ability provide building services (thermal comfort, in-
door air quality, lighting, etc.) while maximizirgfficiency and cost savings and minimizing envi-
ronmental impact [2-4]. More precise definitionkated to building automation are presented in [5].
Particularly relevant are the definitions of Buildi Automation and Control (BAC), BACS and
TBM:

* BAC are product, software, and engineering seri@eautomatic controls, monitoring and
optimization, human intervention and managemerictieve energy-efficient, economical
and safe operation of buildings services equipnBACS comprise all products and engi-
neering services related to BAC and it is a termdualternatively to BACS is Building
Management System (BMS).

* TBM involves all the processes and services relaiegperation and management of build-
ings and technical systems through the interrelahgps between the different disciplines
and trades. Building Management (BM) can be assdigre part of Facility Management
[6]. TBM involves not only the presence of automatand control systems but also their ef-
fective integration [7]. All these definitions cifgrthe multidisciplinary role of automation
and control, involving hardware and software.

pag. 17



ABCPhD

DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

The control functions in BACS belong generallyte following main areas:

heating, ventilation and air conditioning systetd¥ AC);
domestic hot water (DHW));

lighting system control;

shading systems control;

energy conversion and storage (heating and coogling)
onsite power generation;

monitoring and data acquisition;

communications and security management.

As defined in the previous, BACS are aimed at epefficient building operation and, therefore,
control and energy management functions are plgro@erlapping. As a consequence, BACS are
also indicated as Energy Management and ContrdeBys(EMCS) [8].

Wang in [9]outlines an evolution pathway of thegstems through the following steps:

1.
2.

3.

Dedicated Systen{$980-85 all subsystems characterized by indivifwattions);

Integrated Multifunction System(4985-90 the individual subsystems were grouped in
functional areas);

Building Level Integrated Systefh890-95 first phase of integration at the buildiegel of
automation, BAS, and communication, ICT);

Computer Integrated Buildinfl995-2002, exploiting the capabilities of netwéekhnolo-
gies);

Enterprise Network Integrated Syst¢éBNIS) (after 2002 the integration is carried atg
higher level to connect even more buildings).

This evolution pathway determined an increasin@ll@f integration among components, devices,
systems and services, as summarized in Figure 1.

Enterprise
Network
Integrated
System

Computer
Integrated Building

Internet Protocol

Building Level Integrated
Systems

Integrated Building Automation
Systems (BAS) and
Communication Systems (ICT)

Integrated Multifunction Systems
Plant Control, Security & Access Control

Dedicated Systems

HVAC Control, Lighting System Control,
Communication, Security Control, etc.

Figure 1. Evolution pathway of Building Automation and Control Systems.
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Nowadays, the digital revolution, which contributeda major change in our behavior and started
to reshape the way we approach our “physical” dbjas bringing in a new concept, the “Internet
of Things” (loT). loT is really about connectinguilges, acquiring data and performing computa-
tional processes, either in the devices themseglvgsembedded computers) or in the cloud by
means of applications and services. By leveragwegpiossibilities of web technologies, ICT solu-
tions can be economically competitive, easily dgalde on the market and effectively supporting
the adoption of clean technologies and sustainablaviors. In this sense, 10T could effectively
support the future evolution of BACS and TBM. Ferthin a resource-constrained horizon, our in-
frastructural systems (Internet, Smart Grid, etdll) necessarily have to be able to interact pestti

ly with the end-users and the built environmentrtaximize overall efficiency and minimize the
risk of failures and outages.

The development of advanced algorithms, applicatenmd services in buildings is not new [10,11]
and the ability to learn and adapt is already preseseveral products [12]; a review about compu-
tational intelligence and automation can be founflLD]. However, the present challenges in terms
of energy efficiency and integration of building&hin energy and communication infrastructures
determine the need for a research effort with amwider scope [13,14].

3.2. CONTROL FUNDAMENTALS, STRATEGIES AND SCHEMES

Control theory and process control represent aurexof mathematical, physical and engineering
knowledge. Control applications are naturally crdssiplinary as they deal fundamentally with
two main aspects, maintaining a certain processystem in controlled operational conditions and
set-point and manage the transition from one operaltstate to another.
In the first case, the objective of control is teagantee that a certain process or system remains
within definite conditions (e.g. performance cridesuch as efficiency, cost, safety, etc.) dependin
on its specific characteristics. In the second ctieeobjective is to be able to switch from one op
erational state to another and, therefore, to attiepbperation of the process or system to a wariet
of possible conditions and constraints. There akerml definitions and terminologies related to
control applications, but the most basic ones are:

e input variables;

e output variables.

Input variables show the effect of the externahedets on the system (e.g. factor and variables that
influence a process). Some of the input variabtescantrollable and some are not; they are called,
respectively, manipulated inputs (controlled by tloatrol system or by an operator) and disturb-
ances (inputs that cannot be controlled neithaghbycontrol system nor by the operator) that can be
measurable and non-measurable. Output variablesftme indicated as control variables as they
are the output of the process or system.
Further, two main control structures can be present

» Single Input - Single Output (SISO), where a singlatrol variable and a single manipulat-

ed input are present;
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e Multiple Input - Multiple Output (MIMO), where mufile control variables and multiple
manipulated inputs are present.

Obviously, the structure of the control and itsiafales, as well as the complexity of the pro-
cess/system, are critical for the model selectasnwill be illustrated in Section 3.5. Further, €on

trols can be roughly categorized according to tvamschemes:

» feed-back (or closed loop);
» feed-forward (or open loop).

In a feed-forward control scheme the controllepogsl to change in input variables (manipulated
or disturbances), in a pre-defined way, while iadigack control the control variable is measured
and compared with a target value (e.g. a set-pdiig difference between the actual and the target
value is called “error”. In general, feedback cohmanipulates inputs in order to minimize the er-
ror. Feedback control schemes are necessary fopleamrocesses, involving dynamic effects. In
buildings, for example, feed-forward controls avarfd in lighting system while feedback controls
are found in thermal applications such as HVAC. Thasic schemes of feed-forward and feedback
control are reported respectively in Figure 2.

System

Reference

EE—

Controller

Input

Measured

Reference + error

k.
>

» System

System

System
Output

System

Input

Controller

Measured

>» System

Output

Output

Sensor |«

Y

Figure 2. Feed-forward (open loop) and feed-back l@sed loop) control schemes.
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Figure 3. Detailed control scheme, including senspcontroller and actuator.

Finally, a more detailed scheme, involving a semsw an actuator is reported in Figure 3. In the
following sections, other fundamental elements tiarigig control systems are described, starting
from physical elements such as components, deaivg@sietworks.

3.3. ConTROL DEVICES, NETWORKS AND SYSTEMS INTEGRATION

A BACS generally comprises two major levels: basic control layerand thesupervisory control
layer [10,11, 15-20]. Usually, the basic control layecanmposed by Single Input - Single Output
(SISO) controllers such aensors and actuatofd7,21]. These controllers are used, for example,
for the set-point tracking in different building rms and subzones and at the level of individual
technologies (e.g. terminal units, generators).etde supervisory control layemstead can com-
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prise either a human operator or an automated F¥rMdegnagement System (EMS) and can be seen
as a Multi Input/Multi Output (MIMO) system, suck @ntrol models

Of course the enabling element is the communicatitmastructure (network, protocols, etc.) con-
necting the different layers of the system. Gemgral simple BAC, just the basic control layer is
present. In these systems, in fact, both the iategr level and the complexity are lower. Advanced
control systems, on the contrary, in addition tasees and actuators, use a supervisory control lay-
er [17,20,22], which can be governed by a set [afsr(Rule Based Control) or by a model (Model
Based Control), models for control are describedetail in Section 3.4.

These systems are used to optimize system operatjosting the set points and operating sched-
ules (settings in the basic control layer) in orstiesave energy and reduce running costs while en-
suring appropriate comfort levels and servicessit@ring variable conditions [19]. Generally, the
variable conditions include weather, occupancysiatperating schedules, time of the day, and en-
ergy tariffs [15,23]. Both basic and supervisoryitol layers are present in advanced building per-
formance simulation tools, although research effarte today concentrated on rationalizing and
simplifying the tools aimed at designing Model Reéde Control (MPC) for buildings [24-26]. As
stressed before, system integration is fundamémtaderformance optimization, an example of in-
tegration is represented by Integrated Room AutmmgiRA) and it deals with the simultaneous
control of HVAC as well as blind positioning anceetric lighting of a building zone, maintaining
the room temperature as well as G@d luminance levels within a given comfort rafitg27-30].

A summarizing scheme is reported in Figure 4.

| 1
1
i Building !
i Energy Manager Energy !
! Management |
RN S
i o L ) N R R R R S, i iR 5
| v _ |
: Supervisory i
—)'E RBC/MBC Control Layer ! Non critical control
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| | Solar Radiation External Temp. Temperature Sensors |
- Sensor Sensor Sensor RoomiZones |
| | Lighting Solar Radiation Humidity !
E Sensor Sensor Sensor i
i i
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Figure 4. Scheme of a Building Automation and Conwl System, including basic and supervisory contrdhyer.

Sensors are devices that measures physical qearditd convert them to a digital or analog signal.
They are used, in control systems, together withadors, which are control devices able to link the
control signal to the controlled device, translgtihe signal from sensor into an action of the ckevi

Actuators are used in a different way in basic draaced control systems. In the first case, they
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have to manage sensors information and directlyadetthe control function. In the second case,
the supervisory control layer (acquiring data freemsors) controls actuators and, therefore, they do
not act in a direct way. An overview of typical sers and actuators used is presented in [31]. In
BACS it is useful to have several informative sendmt can map fundamental data useful for
building model calibration. The design of approf@ieontrol schemes (i.e. sensor types, placement,
overall layout, etc.) for detailed inverse buildingdeling is itself an element of research, in the
sense that it cannot be seen separately from tlgelmg strategy pursued and all the other relevant
applications that will use the data. This resedoghc is particularly relevant at present if wenthi
about the 10T paradigm, introduced before. Givenptoblem of “performance gap” in low energy
buildings and the necessity of “occupants’ prodfiofydesign solutions for efficient buildings, & i
useful to concentrate on two fundamental aspeetsaite related to real-time building operation and
that affects several of the assumption made inggnmaodeling (summarized in Table 2):

* Occupancy detection (ventilation, internal gairghting,);

* Internal Environmental Quality (IEQ) control (temmatire, humidity, air speed, 1AQ, etc.).

The implications of these two fundamental aspeatssénsors and actuators in BACS will be de-
scribed in the two following sections.

3.3.1. OccupANCY DETECTION AND BEHAVIORAL MODELING

Occupancy detection for modeling and optimizatibtechnical system can be used to find a good
compromise between internal comfort and energyngmv|[7,32], although, at present, occupancy
detection is related just to ventilation and liglgticontrol.

The most frequently used sensors in occupancy titatesre the following:
e presence;
* movement;
e CO, concentration.

With respect to ventilation control, a fundamemsale is the modulation of Air Change Rate (ACR)
to fulfill thermal loads and Indoor Air Quality (IB) requirements, depending on the specific typol-
ogy of HVAC system. Technical standards and bugdiegulations provide minimum ACR levels
(considering outdoor fresh air) to maintain satisday IAQ based on occupancy profile and on the
type of end-use of the building zones. Howeveisaueral cases the IAQ is lower than the recom-
mended values at maximum occupancy and the ACR)ieehthan necessary in condition with low
occupancy [8, 33,34], resulting in energy waste/@nthadequate conditions for occupants [35]. A
control system that can predict occupancy integssitir automatically adapt the ACR (and in par-
ticular the outdoor fresh air rate fraction) to #tual occupancy level of the thermal zone can re-
duce energy waste for ventilation and air handpnacesses [8]. The term adopted for this type of
systems is Demand-Controlled Ventilation (DCV). Tgagential in terms of energy saving is nota-
ble; for example, in [34] it is shown a potentialgg of 40% from November to March (with out-
side temperatures of 11-28°C) through an optimR2€¥ that use C@concentration data to detect
number of occupants, while in [33] a 20% savingliectrical energy for cooling is found. As de-
scribed before, outdoor fresh air rates and vemnaequirements are related to end-use and occu-
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pancy: therefore, the amount of energy savingsdhatbe obtained by DCV can largely vary de-
pending on these two parameters.

Movement sensors are also used in heating, coahiddighting control; the presence of a continu-
ously updated occupancy model can help maintaioptgnal comfort conditions in response to
changing situations in the outdoor and indoor emrinent [36,37].

From the technical point of view, occupancy detettsystems can be classified according to the
presence or absence of a terminal device aimddsastope and are therefore indicated as:

* terminal based detection systems;

* non-terminal based detection systems.

Examples oterminal based detection systeare mobile phones or Radio Frequency IDentificatio
(RFID) tags inserted in objects carried by the peeus [38]. Generally, this type of occupancy de-
tection systems are not well accepted for privamycerns.

On the other handjon-terminal based detection systepnevide occupancy information in a less
“intrusive” way. Example in this case areggensors, Passive Infra-Red (PIR) sensors and image
recording (camera) devices [38,39]. £€&nsors are able to measure the concentratioarbbre
dioxide (CQ) in a space, in parts-per-million (ppm) [40]. Teeensors exploit the G@oncentra-
tions due to people presence; a person, in faojyzes and exhales carbon dioxide as a conse-
guence of normal metabolic processes. Therefoee¢dhcentrations of GQOnside occupied build-
ings are higher than in unoccupied rooms or outdad#@1].

PIR sensors are pyroelectric devices that detetiomby measuring changes in the infrared level
emitted by surrounding objects [42]. Since all clgewith a temperature above absolute zero, in-
cluding, of course, humans, emit heat energy infoéh@ of radiation [38], PIR sensors are able to
detect occupancy [38,42], but the disadvantagkasthey are simple movement sensors and often
cannot determine precisely if the room is occumedot [7].Image recording devices, such as vid-
eo cameras are often used in buildings for secptitposes but their use has also been explored for
occupancy measurement [36,38,43,44]. Vision-baseuhblogies utilize visual attributes of the ob-
jects and use computer vision methods to extracidintification and location data.

A development of applications in this sense candst-effective, since it makes the implementation
of an additional technology for occupancy sensimgacessary [36].

Finally, wireless sensor networks technology cao &le exploited, especially in the retrofit of ex-
isting buildings, where the introduction of newhaological devices can be problematic. In general,
non-terminal based detection systems require minnantenance and supervision [7,45], thus re-
ducing running costs.

3.3.2. INDOOR ENVIRONMENTAL QUALITY CONTROL AND ANALYSIS

As introduced before IAQ is related to occupancy @na subset of Internal Environmental Quality
(IEQ). With respect to thermal comfort, which isedevant part of IEQ, temperature control is the
fundamental element [31]. In HVAC systems, inter@ialtemperature is typically the primary con-
trolled variable and it is used as a parametedtyess human well-being, using empirical comfort
models [46]. Of course, other factors such as hitynichdiant temperature and air velocity also af-
fect comfort [47], nevertheless temperature contephains the basic element to ensure thermal
comfort.
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At a technical leveltemperature sensonsieasure indoor, duct, outdoor air temperature,alsd
water or refrigerant temperature. The typical aacyns +5°C, or better, but it is normally suffices
for HVAC applications. They can be categorized by effect used to generate the temperature-
versus-signal response: bimetal, fluid expansitectecal self-powered, electrical resistance. The
temperature sensor measurement technologies useldesistance Temperature Detector (RTD),
thermistor, thermocouple and integrated circuit, the most commonly used are the first two, and
both quantify temperature based on the changingtaese of an element [31].Humidity, instead,
may be sensed as relative humidity, dew-point teatpee, or wet-bulb temperature, but relative
humidity is the most common quantity measured. flise humidity sensors used hygroscopic ma-
terials, which, absorbing water vapor from the @irange dimension in response to changes in hu-
midity. These mechanical sensors are still commashd in portable sensors, simple electric con-
trols (humidistats) and enthalpy economizer cotérs] but their accuracy can decrease with use
due to variations in material quality and hystesesffects [47].In general, manufacturers recom-
mend a maintenance (check and calibration) onasag ynd once every six months if subjected to
high temperature or humidity; for all these reasibrey are typically more expensive than tempera-
ture sensors [31]. A detailed explanation aboutpemature and humidity sensors can be found in
[47].

The most common actuator for thermal control isttlermostat, which gives simple ON/OFF sig-
nal to plants, according to scheduled programsedent years different types of “intelligent” ther-
mostats have appeared on the market. The diffefegteeeen a conventional thermostat and an “in-
telligent” one is that the first one uses a seprefdefined rules (e.g. timer-based schedules)ewhi
the second has the ability to adapt its contraitstyy to the users’ preferences [48-50]. In angcas
the thermal control is affected by the behaviothef user. An interesting research shown how peo-
ple use thermostats at home, and is underlinedbfat of homeowners always program their ther-
mostats, 32% sometimes program their thermost&snéver program their thermostats, and 3%
do not know how to do that [51]. This means thatto systems managed only by customers can-
not ensure optimal operation and proper energyngaviSimilar arguments are valid for another
type of actuator used in hydronic heating systentis kadiators, the thermostatic valve. In the last
ten year, several research groups carried out wgsirge the current thermal control strategies in
buildings [10,52] and their studies show that, ¢gtly, room thermostats and/or thermostatic valves
on radiators are used [52,53]. Thermostatic Valeeated on individual Radiators (TVR) have the
ability to maintain a set-point temperature acaogdio users preferences [54]. Some studies re-
vealed that in many cases occupants fail to use ifvd optimal way, and the settings used result
in overheating and, consequently, energy waste [51]

3.4. CoONTROL IMIODES AND STRATEGIES

As introduced before in the description of feedbeaktrols, the controller acts to minimize the dif-
ference between the actual and the target valver(efhe method used by the controller to correct
the error is generally definexntrol modeThe most common control modes are:

* ON/OFF;
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* Proportional (P);

» Proportional/Integral (PI);

* Proportional/Integral/Derivate (PID);

» Atrtificial Intelligence (Al) based modes.

One of the simplest and most commonly used contomels is ON/OFF [10,55,56]. This mode can
be applied to HVAC, lighting and shading system#hini buildings. This mode refers to a single
function or subsystem, laying in the first layertbé Intelligent Building Pyramid [9], reported in
Figure 1, and corresponds to thasic control layef45,57,58]. As shown by Wang [9], the indi-
vidual functions or subsystems can be either censdlas autonomous elements, groups or even
completely integrated. In the first two cases,dlierall performance may be not optimal, given the
inability to obtain an overall description of build operation, while in the case of integrated con-
trol, a comprehensive and realistic description andlysis of energy and economic savings be-
comes feasible [2,30]. This topic will be illusedtmore in detail later in Section 3.6, dedicated t
data analysis and building performance tracking.
Pl and PID controllers are widely used for thersyatems to improve set-point tracking. PID con-
trollers are also used in ventilation systems @dri®4,35,59] e.g. to control variable frequency
pumps to supply chilled water to the AHUs. Heres BiD controller allows maintaining a certain
differential pressure between supply water andrmetvater by moderating the frequency of the in-
put power to the motor. In general, the advantdgesimg a PID control system is that the integra-
tor can minimize the errors in tracking. Howeveg thade-off is that it is a little more complex to
implement than an ON/OFF controller [55]. Althoutitese controllers may improve the control
performance without a priori knowledge about thggital phenomena, they need to be tuned cor-
rectly, which is rarely made in practice [10] (lebsin 5% according to [53]). These controllers
cannot guarantee by themselves the optimizati@nefgy consumptions because they are aimed at
this global objective but just as a single functferg. the control of the stability of internal teena-
ture) [53,60]. In order to overcome these diffimdt self-tuning algorithms are studied to enhance
energy efficiency [10,48,61-64], but, a supervisoontrol is preferable, to ensure a real overall op
timization [10,53,55]. This type of control pladéself in the third level of the pyramid in Figuie
in which the individual functions are no longer épetndent, but operated by a single and compre-
hensive control system. An intermediate solution ba defined by the organization according to
the multifunctional logic (the second layer of Figul). Depending on the level of aggregation of
functions, control strategies can be subdivided into categories: system level and subsystem lev-
el strategies. Typically they are organized in ¢hegays:
» system level, integrated automation

optimum start/intermittent operation;

weather compensation;

RBC and MBC for a specific aggregation of function;

RBC and MBC for the overall building optimization

* subsystem level:

terminal units (e.g. fan-coll, radiant systems,)etc

distribution systems (e.g. air loops, water loagts,);

generation systems (e.g. boiler, furnaces, heappudhillers, etc.);

storage systems (e.g. hot/cold water storage tan&s,
Indeed, there are elements whose mutual influen@aiticularly relevant in terms of energy per-
formance and IEQ. As shown before, the controlamiupancy, for example, can have an important
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impact on ventilation systems operation, while lweaforecasts are crucial for heating, cooling and
shading systems control, i.e. to anticipate thé&mg thermal dynamics.

In order to overcome the problems and to expldédatively the potential outlined in Chapter 2, the
implementation of advanced control policies, congedly, requires the development of integrated
models to predict the behavior of the controllediemment and to learn optimal operational strat-
egies from actual operating conditions. The evotubtf integrated controls in buildings follows the
rapid evolution of modeling and simulation toolgpmiting high performance computational tech-
niques and software [65,66]. For the reasons rHitstl before, an integrated control aimed at build-
ing performance optimization needs necessarily diNhput - Multi Output (MIMO) modeling
strategy.

3.4.1. RuLe BAseD CONTROL (RBC) AND MODEL BASED CONTROL (MBC)

Each system can be controlled idigect way using sensors and actuators (without having@ipri
knowledge of the phenomena), or iniadirect way using models that predict the system behavior
(knowing the underlying physical phenomena). Notydhe term "building automation” refers to
basic systems, which run individual plant composemcording to direct logic It usually works
according to certain pre-set rules allowing to sbkeme "ifinitial condition, thenaction' [28,67],
where the initial conditions are controlled by smsswhile the actions by actuators, which act di-
rectly on the individual elements and functionse3én systems are RBC and are the current control
practice in simple Integrated Room Automation (IH28,67,68]. RBC critically depends on cor-
rect choices in terms of rules and associated peteas[28].

A completely different approach is represented mindirect logicwhich employs models to simu-
late the building behavior, in order to compardedédnt control strategies and, then, choose the bet
ter one [49,69,70]. Therefore, the system doeslapend on predetermined set of rules and is able
to adapt to every situation, even those that atecotemplated by the rules themselves. This ap-
proach is a MBC and it is more complex compareRB&, fundamentally because of the effort re-
quired in process modeling. Nonetheless, MBC amres, for the reasons outlined in Chapter 2,
are particularly interesting, because they are abl@escribe the relevant aspects of a certain pro-
cess or system in terms of energy efficiency. Bssén MBC strategies can capture complex dy-
namic interconnections among phenomena that RBfegies cannot capture effectively [15,71],
although there exist examples of RBC strategiesvelrby simulated MBC, by means of rules
learning methods [72-74]. A basic scheme of a RBB@Mnodel is reported in Figure 5.

Measured System System
Reference + __ ©fror Input Output
RBC/MBC » System >
Measured
Output
Sensor [«

Figure 5. RBC/MBC control scheme.
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In most of the cases however, advanced contrdkegiies work with models and algorithms to im-
plement saving strategies [22,49,75-77].

3.4.2. ADAPTIVE CONTROL AND LEARNING TECHNIQUES

The termadaptivecan be associated to both RBC and MBC strate@i@sdnd it is an attribute of
all the systems that are able to learn on their boxa to make decisions incrementally by means of
data acquisition, or that are able to self-regudatte adapt to variable and evolving conditions [10]
These techniques generally mimic the human adaptiveiple [79]: “if a change occurs, people
react in ways which tend to restore their comfortius, the origin and development of the adaptive
approach is due to the user comfort improvemennbgns of autonomous intelligence [64,79,80].
However, empirical evidence shows that conventiasdi-tuners can occasionally identify inap-
propriate parameters [48,57]. Adaptive approacloesially useblack-box modelgdescribed in de-
tail in the relative Paragraph 3.5.3 ) which pragreely “learn” (by means of statistical and ma-
chine learning techniques) input/output relatiopshiising the data measured by sensors and con-
trollers during operation [78,80]. This ability bgs some advantages, such as the decrease in the
commissioning time and the possibility to optimieenlinear systems, but brings also some disad-
vantages, when a clearly defined process modebtipresent. The major requirements of a self-
learning model, according to [81], are the followimnes:

» progressively “forget” the rather inaccurate idiation;

* keep enough “different” learning examples in orieavoid convergence problems;

« allow the model to improve as the knowledge ofdiistem (e.g. the thermal characteristics

of the building improves.

The data collected during operation, on which #ning strategy and the underlyibgck-box
modelsrely, tend to reduce the prediction errors ovaetiincrementing progressively the accuracy
of the forecast. However, if some data are migoméged, it is nonetheless possible to have an in-
crease in the prediction errors [82]. For all thesssons, normally, the adaptive approach is com-
bined with a predictive approach, in order to sappnt self-learning capabilities with predictive
ones. A predictive-adaptive control system, formegke, is used in [59] to optimize the operation of
a Variable Air Volume (VAV) air-conditioning systenThis system uses a simplified physical
model to predict the responses of the system withiceent accuracy in a wide range. @enetic
Algorithm (GA) [83] is used to search the optimal settingshefvariables of the process (i.e. AHU
supply air temperature, outdoor airflow rate antdlexdh water temperature set-points, etc.) by min-
imizing the cost function (representing the operaf the system). The adaptability is determined
by the ability of the GA optimizer to tune autoncatly the operational settings [4,84,85]. Combi-
nations of statistical/machine learning technigaesl MBC are also possible, as described in
[15].In this case the operational set-points of HMAC systems are optimized by forecasting
weather conditions and electricity prices thoughchir@e learning techniques, which are working
with real-time data. In particular, the authorsrfduhat by using onlyplack-box modelgi.e. data
driven models operating with real-time conditions)jthout having a building model and HVAC
topology information, it is not possible to predattectively building energy behavior, since the ef
fect of one thermal zone on the overall energyria@avould be difficult to assess. Further, authors
observed that real-time occupancy data are randiylable on a fine granular level. These limita-
tions can result in reduced control capabilitied anergy savings. As a conclusion, an appropriate
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combination of process knowledge (e.g. a physicadlet) and data driven model to predict future
operating conditions (e.g. statistical/machinerieag models) can potentially determine the optimal
trade-off between ease of implementation and ensmgings [15].

3.4.3. MobDEL PREDICTIVE CONTROL

As introduced in the previous section, the abildypredict internal and external conditions is cru-
cial to implement energy saving strategies, inipaldr with respect to the operation of HVAC sys-
tems [10,27,54,71,76,77,86,87] and distributed gaiman technologies [88].RBC control meets rel-
evant limits in the prediction of building behavioecause it is based on pre-defined rules that gen-
erally can't foresee all possible scenarios, afhamprovements can be made with respect both to
the definition of parametric operation scenariam(gated offline) and to rule learning methods
[72-74]. Instead, MBC control, when supplementethwgredictive capabilities, can generate and
analyze multiple possible operating scenarios,tify@mg the optimal settings [89-91]. This type of
control is calledViodel Predictive Contro(MPC) and is one of the most promising methodadf
vanced control [15,20,22,27,28,56,60,67,68,76,91-99
The main idea of MPC, instead, is correlated wittyaamic optimization logic and it is defined by
the following steps:
 a model is used to compute the predicted processfayoutput variables, based on input
variables (controlled and disturbances);
* an objective function is used to compute the peréorce of the system, according to rele-
vant criteria;
» this objective function is minimized over a certpnediction horizon to determine future ac-
tions (i.e. controlled input variables);
« the first action is applied to the process/systaohthe process restarts from step 1.

MPC is also known as Receding Horizon Control (RIH()28,54,56,87,93,97,99-104] and is not a
single strategy but rather a class of control m#ghihat use a model of the process to forecast the
future conditions and disturbances, in order taiobthe best control action through the minimiza-
tion of an objective function subject to some comists [20,69,92,93,102]. MPC is therefore an op-
timization problem applied to a certain process idynamic way. Initially used in the late '70s in
chemical and petrochemical industries, MPC beconaelw used in several other branches of in-
dustry [53,97,105]. In building control applicat;yrMPC received an increasing attention in recent
years [66], following the evolution of dynamic kiihg performance simulation and optimization
tools [106] and the evolution of computational ®oahd resources [53].The application of MPC for
optimized building operation, in fact, requiresyamamic model of the building itself [8,28,60] and
one of the key elements for the quality of MPChe torrect identification of the process model
[20,27,56,68,92,97,107]. System identification &fere comes into play, since the model should be
directly constructed or calibrated with respecbbserved data. The process models used in MPC
can either maintain an underlying physical struefiive. white-box or grey-box models that will be
illustrated in the related Section 3.5.), or simgkploit statistical or machine learning formulato
(i.e. black box models) [56,92,97,108,109]. Furthezather prediction is a major issue in MPC for
buildings; it is possible to use empirical modelgy. Gaussian Process (GP) model and Artificial
Neural Network, advanced Numerical Weather PremhiicfNWP) models or weather data delivered
by meteorological server [54,82,89,110-113]. Sdvwasearch studies showed how a 24 h forecast-
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ing horizon is generally appropriate [54,110,11dk]gredictive control strategies. A 24 h horizon is
substantially compatible with the operational mamagnt of energy infrastructures, for example
the day-ahead electricity market and so MPC cap @haimportant role in improving the interac-
tion between buildings and energy infrastructures.

Beyond outdoor air temperature [114,115], morema@ar radiation forecasting is crucial to im-
prove the quality of building simulation modelstabie for control [93].The performance bounda-
ries of MPC and the improvement over advanced REQdficult to assess extensively due to the
inherent variability of operational patterns oflrbaildings, however it seems reasonable, based on
recent comparative studies [22,53,89,92,93,98,1®3,10 hypothesize an average improvement of
approximately 30 %. The main advantage of MPC t¢werRBC currently used in BACS is deter-
mined by the possibility to anticipate weather, wgancy, thermal behavior and comfort
[94,102,117].

I T I -T I T I T
Current Improved Predictive Theoretical

Practice Rule-Based  Control Limit
Control

Realistic Potential

|

Figure 6. Theoretical and realistic potential energ savings of Model Predictive Control compared towrrent
practice.

In Figure 6 the theoretical and realistic potergiaérgy savings due to different control systenas ar
represented, comparing current practice, improveatpredictive control, predictive control and
performance bound. The last level is an ultimateshold on the performance of any controller,
and thus used as a theoretical limit for benchni2a8k67]. This benchmark corresponds to a con-
troller that can perfectly forecast the future. Tdwamtrol system that is the closest to this perfor-
mance bound is the real predictive control, charaztd by a small error in the forecast [118].

3.5. BUILDINGS AND CONTROL MODELS

For all the reasons described in the previous paphg, it has been shown that Model Based Con-
trol (MBC) with predictive capabilities, i.e. modptedictive control (MPC) is the most promising
approach for building control and energy managerfi&ijt In fact thermal and electric load predic-
tion, is essential for many building control staés [60,68,119] However, despite the solid theo-
retical base of system modeling and identificatio® application during real-time building opera-
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tion is challenging [60]. As introduced before, thiscrepancy between the predicted and real build-
ing performance is a major issue [22,120-122] a8, for the reason outlined in Section 3.2,
can give a contribution in this sense. The disarepas basically due to:

e assumption about the performance of componentdeatdres that can be different from “as

built” conditions;

* uncertainty in the evolution of climate data patser

* uncertainty in the behavior of occupants;

* model type and accuracy.

Although building energy simulation (BES) has béelitionally concentrated in the building de-
sign phase, modeling strategies can be appliedéduntore in the building operation phase [40, 109].
by employing model reductions techniques [121].ukvey of building performance assessment
tools is presented in [123]. However, several nesesatudies highlight the fact that the detailed dy
namic models, generally used for performance sitimiaphysics-based model), are not suitable
for MPC [28,60,68,119,124,125]. The basic condgiadhat a model for MPC should satisfy are
simplicity, stability and accuracy and precision the estimation of system dynamics
[22,53,68,91,100].

Detailed simulation models used in building sciengeesent several non-linearities. Linearity, con-
vexity and the use of continuous variables are ntand to obtain easily solvable optimization prob-
lems [20,28,86,97]. Discrete variable can be hahdewell in Mixed Integer Linear Programming
(MILP) in a computationally efficient way. Differermodels used in MPC are illustrated in [68]
while in [126]the difference between linear and 4hoear formulation is explained. For all these
reasons, in the last decades, the problems congetime selection of models to be used in building
control has been discussed [22,27,53,60,68,76,90,85-97,105,109,124,126-128].

The models used for building performance evaluatembe subdivided into three categories white-
box, grey-box and black-box models [68,75,113,129] Whose essential characteristics are syn-
thesized in Table 4. In [75] a comparative studyarious types of models is presented. The tradi-
tional approach in building design is to use a itedtebottom-up [130] knowledge driven approach,
i.e. a white-box model. An alternative is to usemdown [130] data driven approach, i.e. a black-
box model [109,125,127,131].

Tab. 4 - Different types of models for building peformance simulation, control and analysis.

Model type Description Advantages Disadvantages
Detailed physics-based models . Computational effort, dif-
: . Accuracy and precision, :
. (knowledge driven)employing ; ) . ficult and error-prone
White-box X X . detailed physical descrip- : )
algebraic and differential equat tion of phenomena modeling and implemen-
tions (ODE, PDF) P tation process
Simplified physics-based models Easier implementation with .
. : . . . Not accurate and precise
with algebraic equations and first respect to white-box mod ;
i S . as white-box models, ert
Grey-box order ODE, whose parameters els, simplified physical de- X
) o ror-prone implementa-
can be determined from meas- scription of phenomena, )
. - tion process
ured data. computational efficiency
Empirical models (data driven) Computational efficiency Absence of a physical
Black-box | are based on little or no physical and flexibility, simple im- | representation, opaque {o
behavior of the system and rely plementation with respect the user

! Ordinary Differential Equation
2 partial Differential Equation
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on the available data to identify to achievable accuracy
the model structure. They are
suitable for predicting future be-
havior under a similar set of
conditions

Generally, the models used in control are derivethfempirical data through system identification
techniques [25,132] and are appropriately simglifie overcome the limitations of white-box mod-
els (i.e. non-linearities, dimension, etc.). Theapaeters identified in data driven models in gehera
don’t have a direct physical interpretation and’tdpreserve a simplified physical structure, sush a
the one of grey-box models. By preserving a physitarpretation, grey-box models can provide
potential insights on the performance of buildiegnponents and technical system, differently from
black-box models. On the other hand, black-box nsodan be used where there is no a priori
knowledge of the input/output relationship, for exde, in climate and occupancy patterns predic-
tion [59]. In this case, however, due to absencarotinderlying physical model data over a long
period and a large variety of conditions are nemgs$or the training process [63,113]. Hybrid
models (combination of various techniques), are plesent [15,60,93,103,109,125].

The building model is generally simplified, for ¢ool purpose or calibration, using a lumped pa-
rameter formulation [60,71,76,87,91,133-137]. Theameters are estimated by using identification
techniques or directly by model fitting (error nimzation) [53,60,75,105,125,136,137]. In [138]
an overview of simplified building simulation modek presented. As introduced before, grey-box
models have the ability to combine predictive célgas and computational efficiency while pre-
serving physical structure and transparency inntleeleling process. The possibility to determine
the lumped parameters using real-time operatioa (thtough statistical learning) opens up inter-
esting possibilities, establishing a methodologicahtinuity with white-box model calibration
techniques [139-141]. In the following sectionse throblems related to the different modeling
strategies will be described in detail, showing plogential continuity among building performance
simulation practices, model reduction for contnodl @ata analysis for performance tracking.

3.5.1. WHiITE-Box MODELS

As introduced before, white-box models are usedBfie6 and are not in on-line MPC, although
they can be used to evaluate optimized controtegji@s off-line, by means of optimization [70,
72]. In other words, simulation data from white bordels can be used to train advanced RBC sys-
tems. White-box models, with respect to controlli@pgions, should be seen as a complementary
tool [37,68,70,97,108,119,124,142]. Online modealsfact, should be able to use measured data,
perform a computational process and apply actiomsal-time [97,111,135]. Co-simulation is time
consuming and thus not cost effective for induktnglementation and to promote large diffusion
of MPC [95,113], due to the dimension of the optation problem and the non-linearities deter-
mined by the detailed description of physical pheepa in building simulation
[8,9,19,21,27,28,42,59,60,71,76,97,113,137,143,14dEed validated software tools such as ESPr,
TRNSYS and ENERGYPLUS [145] can be used to perfoffatine computation and testing [72],
although the model comparison and validation meathamy presents inherent limitations [68,120].

pag. 32



ABCPhD
DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

3.5.2. GReY-Box MODELS

Grey-box models can be used both for BES and MR €dt, grey-box models provide an adequate
accuracy level in the prediction of the dynamicg,]26-148], while maintaining a simple and
computationally controllable formulation. Furthéine model parameters can be easily identified
from measured data preserving a certain levelaofsparency (simplified physical/modeling) of the
model itself. Grey-box models, as introduced befefgesent a compromise between the bottom-
up, design-oriented approach of white-box modeld #re flexibility in learning complex in-
put/output relationships of black-box models. Thatdk the computational tractability and the di-
mension of linear/linearized models, they can @ieg not only in a deterministic framework, but
also in a stochastic framework [109,126,128,131¢remappropriate for the control of real-time
building operation. Clearly the definition of theodel structure (for model reduction) constitutes an
issue and, generally, depends on the specific uge anodel [119]. The reduction of the dimension
is particularly important for computational reas¢®@,59,97,138], and most of the formulations are
based on lumped parameters[99,102,117,135,136]pantcularly, on the resistance-capacity anal-
ogy for thermal processes [133,60,8,27,53,54,20827,67,71,85,91,101,104,109,113,128,149].
Generally, a node represents a zone or a compandrthe nodes of the system are connected with
resistance and capacities. The model is assemplediting system of the governing differential
equations [22,138], that can be then represented state-space form. A state-space model is a
mathematical formulation which describes systemmetr differential equations in a compact way
[92] and is commonly used for dynamic systems satmh and control purpose. This type of mod-
el formulation is used in some of the leading ptgdor aimed at connecting BES to MPC [27,68]
and, in general, is quite common in building cohtapplications [133,54,22,87,91,109,128,131,
149].

A discrete (finite differences) linear state-spdoemulation of the building dynamic model
[133,138] can be included in a Linear Programming)(model [150,151] for optimization. Dis-
crete variables (ON/OFF states, discrete choides), @n be handled as well by using MILP for-
mulation, determining a “Hybrid System” formulati¢h52]. This type of formulations presents
several advanced system in terms of computatidfialemcy, even for large-scale problems. Inte-
rior point methods are used as well for MPC [158]15

3.5.3. BLAck-Box MODELS

As outlined before, an alternative to both detaded simplified physical models is represented by
data driven models. Building performance estimatican be based, in principles, on statistical data
[19,103,155,156] and subspace identification meth@de widely used in control systems
[17,56,92,97,157]. The objective of system ideadfion is to describe a process by means of a lin-
ear, time invariant and discrete time model [58%2,03,143]. More in general, statistical and ma-
chine learning techniques can help determining tioptput relationships without detailed a priori
knowledge of the phenomena themselves. A revieenangy models obtained by data analysis can
be found in [126,158].
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In some cases, the efficiency of a decision caditeetly assessed using techniques such as Data
Envelopment Analysis (DEA) [159,160]. This kind approach can be used to evaluate the effec-
tiveness of measures without a detailed underlyingsical model [159,160]. In general, hybrid
techniques combining black-box models with white-laod grey-box models, as well as with other
black-box models, are also possible. In [158],ewample DEA with Index Decomposition Analy-
sis (IDA) is combined with an Artificial Neural Neork (ANN) [161]. The tight integration of the-
se is aimed at joint historical data analysis prgoi and optimization for energy management.
IDA is a technique that enables the decompositrmhadering the elements that affect commodity
consumption [21,58,162], while ANN is simply aimatlearning input/output relationships [138].
ANN have been widely used in BACS [18,57,63,78,8%;165], because of their ability to learn
complex patterns [82] and optimize non-linear Syst¢78].

A different technique with similar applicationsSsipport Vector Machines (SVM) [161]. The main
advantage of SVM over ANN is related to the facittthe statistical learning process is cast as a
convex optimization problem [150].

Another machine learning technique is Gaussiand?s&s (GP) regression [166]. It has been used
in the prediction of hourly data patterns, in parar, related to weather [110,167] and occupancy
[44]. In contrast to ANN and SVM which are pararntetechniques GP is a non-parametric tech-
nique, suitable to identify long term temporal apétial trends [111]. Further one of its special fe
tures is the ability to predict not only numerigalues, but also their uncertainty boundaries. Prob
abilistic methods such as Bayesian Networks andkMatChain Monte Carlo (MCMC) are also
widely used for the prediction of the likelihood @fents. These methods can be used, for example,
to simulate occupancy schedules [168] or to praaligbabilistic weather and energy consumption
patterns [77,95,169].

The online optimization of black-box models througturistics [83], such as Genetic Algorithms
(GA), can be used to find optimal dynamic settingghin operation ranges allowed by RBC
[4,59,85,86]. However, linear/linearized formulaisoof optimization models are preferable as they
can be solved very efficiently by LP/MILP [53,28,87,170,171]. Linear dynamical systems can be
conveniently represented as a state-space orassddr function[60], as introduced before.
Generally, system identification and regressiommégues can be used to identify empirical models
suitable for control [68,81,86,97,99,109,126,150]138uch as Auto-Regressive with Exogenous
Inputs (ARX), Auto-Regressive with Moving Averagasd Exogenous Inputs (ARMAX) or others.
In parallel, regression techniques can be usedeiqi building energy performance as a function
of relevant factors [155,159,160,172-174]. Line=gression and system identification, as described
in the previous section, can be used to obtain Iffiegh physical models, thus establishing a poten-
tial continuity between black-box and grey-box agmhes, while ANN or SVM cannot be used for
this purpose [170].

3.6. BACS AND BUILDING ENERGY MANAGEMENT

As illustrated before, BACS and TBM are aimed ahagng and optimizing the performance of
heating, cooling, ventilation, DHW onsite power gmtion, etc. Given the complexity of the inter-
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action among the factors that determine energywuopton several strategies can be implemented
and exploited starting from the fundamental elemegported in Table 1.
Additionally, the evolution of design and operatjoractices towards the nZEPRaradigm requires
an evolution in the BACS sector [13] whose essehiractions will be:

» central integrated control for better coordinatnong subsystems and devices.

» monitoring and feedback, for the fast detectiorm@ifunctioning and performance issues

and for encouraging energy saving behaviors;
* optimization with respect to technical constraimutsl IEQ);
» load management, load shifting, and active/passivggy storage management.

The first three functions have been already intoeduand are related to the evolution pathway of
BACS and of the models for integrated building cohtConsidering the fourth function, this is
closely connected to the dynamic conditions witthie grid. While “active” storage systems (e.g.
water storage tank, batteries, etc.) [175,176]mawperated according to optimal dynamic energy
management strategies [171,177-179], “passive’hiabstorage with the building fabric can be ex-
ploited by means of optimized strategies [172,180the following sections the fundamental issues
with respect to load management and performancetoniory will be described.

3.6.1. LoAD MANAGEMENT AND PERFORMANCE OPTIMIZATION

The advantages determined by load management asgnmaly related to energy savings but to the
reductions of cost of energy services [70,137kdme cases, where dynamic tariffs are current, the
moment of energy purchase can affect the costfagtar ten [13]. A typical example of load man-
agement is building pre-heating/pre-cooling, whefect is to shift the peak load. While adaptive
algorithms can be used to find the optimal stad wermittent operation regime, more advanced
forecasting capabilities are needed for a posititeraction with the grid, following a dispatch op-
timization strategies in a day-ahead market petsgedredictive capabilities are needed to exploit
thermal storage potential [16,20,181]. Clearly,aglequate understanding of the building dynamic
behavior (e.g. by means of a model) enables theowement of the adaptability of the building
technical system to fluctuating pricing conditionghin the electric grid [32,76,91,111,182], con-
sidering at the same time schedules, comfort atainal environmental quality constraints. By in-
tegrating a load (heating/cooling/electricity) foasting module with an optimization module, it is
possible to dispatch distributed energy resouroelsta optimally enhance the adaptability in grid
interaction [170,171,183].

Several examples of the advantages of load manageraa be found in literature although they
have to be evaluated related to the specific agiphics and end-uses. In [20] an MPC is used to
control the pre-heating of the concrete ceilingeys It is shown that the beneficial side effect is
significant peak load reduction; the saving are ensignificant for the more insulated building
block, 28%, compared to the less insulated blo@Rp.1In [22] it is shown that a MPC can reduce
the peak input of 44% compared to a classical éreaftrol system. In [100] it is shown how a
MPC can optimally manage chiller operation to stbeethermal energy in the water tank, decreas-
ing the costs by 25% compared to ON/OFF control.

% nearly Zero Energy Building
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The combined use of both active and passive starader optimal control is investigated for 24-
hour deterministic simulation study in [181]. Thegeriment shows that the individual storage sys-
tems reduce the daily total operating cost of 18 X@&spectively, while their combination leads to a
saving of 26% compared to the conventional soluwthout storage. In addition, the use of adap-
tive systems with self-learning capability can gese the effectiveness of load management by
learning, for example, the trend of usage profilagl15] it was shown that a predictive-adaptive
control system, which proactively assesses clirf@tecasts and energy costs in order to automati-
cally manage the loads, can result in an energyctexh of 20-30%. This study combines a Numer-
ical Weather Prediction (NWP) model, which giveBva-day-ahead weather forecast, with a pre-
dictive dynamic model that uses statistical andhmraclearning techniques in order to create a low-
cost and adaptive building model using availablesses data. In [81] the use of a predictive-
adaptive system using ANNSs (one to predict buildimgdel and two for climate forecasts) and an
optimal control, allows an energy saving equal @67 during the intermediate seasons (compared
to a standard commercial controller) and an anredalction of 36%.

Standard thermal controllers provide the maximutihg power at the beginning of the operation
period, while more advanced control types anti@pattions in order to shift peaks or distribute
loads. The test shows a mid-season saving of 50¥&aagiobal reduction of 13% compared to a
commercial controller. It has to be underlined thia¢oretically, ANN and other machine learning
techniques can progressively improve performanckasning over a long time span, but in order
to transparently compare the results in terms efggnsavings, consumption data have to be neces-
sarily “normalized” with respect to weather, occapaand operating schedules (period of opera-
tion).

Of course, in operational management we have teidenboth the technical constraints, related to
energy and cost, and the interaction with occup@ushfort indexes, IAQ, etc.). Typically, the ob-
jective of a supervisory control is to minimize@stfunction while ensuring adequate comfort and
satisfying technical constraints [10,27,53,54,128%56,58,76,84,93,111,116,137,149,183]. In fact,
beyond accurate system modeling, an important asedPC is the definition of an appropriate
objective function for optimization, according ttaeh the optimal operation strategy is determined,
considering the dynamic evolution of weather caodg, loads and energy prices
[16,59,76,77,86,111,183]. Global performance omation should consider simultaneously multi-
ple criteria, appropriately weighted in the objeetfunction, or formulated as constraints. Optimi-
zation with multiple objective functions is possilas well [184], although single-objective formu-
lations are preferable from the computational pointiew [77,171]. The performance criteria con-
sidered have general sustainability implicationsiclw are economic (running cost), environmental
(COzemissions, primary energy, gtand social (IAQ, comfort indexes, etc.), estdiiig, in prin-
ciples, a link with general sustainability assessnsehemes [185].

The implementation of advanced control policiegréifore, requires the development of integrated
MIMO models [69,122,146]. Examples of these stria®@re given by [98] and [132].The first
study compares a dedicated control of lightingeystvith an integrated one that uses weather con-
dition, occupancy and HVAC operation data; the ahmmergy savings are 20% and 25% respec-
tively. In [58], an integrated RBC is tested thaiable to save 30% of heating energy during the
coldest month (January), by controlling in an iméégd way lighting, shading and HVAC system.

Particularly interesting are the optimization stgi¢s that join together heating, cooling and elec-

tricity demand [22,182], because they can be foatedl effectively with similar techniques, such as
LP/MILP [27].
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When dealing with system modeling problems (e.gnéegrated room automation) generally non-
linear phenomena can be encountered [27]. Howéwneqr and linearized (e.g. piecewise linear)
formulations are accurate enough for practicaliappbns [22,53,143,171,186]. Iterative lineariza-
tion techniques are also possible [22,27,53,67/861%,170,171]. Further, parametric linear mod-
els can furthermore be used [138,170], maintaiainghysical interpretation of the model parame-
ters. As mentioned before, optimization model foiatian and algorithms are the core of MPC
[20,67,98,99,116,149]. Further, the results witspeet to the different performance criteria can be
relevant. For example in [104] a MPC which is ableeduce the electric consumption of the cool-
ing system of 50% achieves a cost saving of 75%evificreasing the Coefficient Of Performance
(COP) of system itself of only 1.5%. In [28,67] extensive comparison is presented of the perfor
mance improvement of MPC over conventional RBCemmis of annual energy consumption, the
average potential energy saving identified is 35%.

Finally, the report oBIQ’S systenj15], describes a hybrid approach coupling MPChwitachine
learning models, showing an energy saving potenfi&0% during colder days and 10% in hotter
days. In this case, the objective function is threghted sum of three competing criteria (running
cost, CQemission and comfort). The model is tunable basethe operation priorities. Further, it
has been shown that, by relaxing the comfort inBeadicted Percentage of Dissatisfied (PDD)
[187] up to 10% during unoccupied times, energyrggs/can be up to 45% in days with tempera-
ture oscillations and up to 25% in days with nartemperature oscillations. These evidences con-
firm, on the one hand, that the research activitypocupancy sensing and modeling is very im-
portant and, on the other hand, that the relaxatfooomfort constraints should be considered as
one of the key topics to increase savings andifikxi.

3.6.2. PERFORMANCE MONITORING, TRACKING AND DATA ANALYSIS

Monitoring and data analysis is essential for appabe commissioning and performance tracking
[188,189] measuring performance and calibratiodessgn and measured energy consumption can
present a large gap [75,121]. Several researclestsowed that the simple tuning of existing con-
trol systems can determine moderate energy saving$90] a potential saving of 15% is reported
for temperature control tuning of a heating systbnj5] tabular values are given for the increake o
energy consumption due to control malfunctioning, fieating, cooling, ventilation, DHW and
lighting. As already discussed before, even detallesign phase simulations cannot ensure the en-
ergy efficiency in real-time operation unless alration and tuning process is performed on a con-
tinuous base [114,115]. It is now clear that, idesrto reach consistent results in terms of energy
efficiency at the EU scale [191], it is requireddevelop BACS applications where savings are
transparently identified and shown by means ofalisools [29,75,121,170,171,182,192,193]. The
systematic study of occupant’s behavioral patt¢t@4,195] can results in a reduction from 5% to
40%, as shown in recent studies [7,8,30,33,34,4804896]. Further, adaptive and predictive con-
trol technologies should be necessarily fed by mweas data [80,81,97] and therefore synergies
with data analytics strategies should be encourafjeel transparent assessment of the advantage in
terms of cost is another issue for promoting thestigpment of advanced BACS applications [19].
TBM, if supplemented by data analytics can highhhance its potential. As an example, [31]
shows how data analytics added to TBM can helptiiyemg 80% of faults and operational issues
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with respect to the 20% of a conventional confitjora A scheme of the potential savings related
to monitoring and advanced control over currentfica [31] is presented in Figure 7.

Monitoring and
Data Analysis

Savings
Advanced Control
Systems Savings

Real Consumptions Design Consumptions Optimal Consumptions

Figure 7. Potential energy savings related to moroting and advanced control with respect to practice

Data analytics can therefore contribute to TBM framgeneral standpoint, not merely related to per-
formance optimization, but to the overall improvernef building management over the entire life
cycle. Finally, data analytics strategies can bkdd effectively moreover to building pathology de-
tection [197], where data acquisition is necesgargiagnostics.

3.7. DISCUSSION

The chapter illustrates some of the most relevamits with respect to BACS for performance op-
timization. The rapid development of new paradigims practices in building energy design and
operation is facing the problem, particularly relev for low and nearly Zero Energy Buildings
(nZEB), of a gap between predicted (design phase)naeasured (operation phase) energy perfor-
mance. Further, design and operation practicesldlemolve and consider the uncertainties related
to the evolution of climate conditions (i.e. climathange proofing) and end-use (i.e. occupants
proofing). A notable potential for energy savinge$ated to commissioning, performance tracking
and advanced control strategies. These elemenks benefit from a methodological integration of
building performance simulation, control and datalgtics (for performance tracking) disciplines
and practices, which are not seamlessly integrat@desent. A first step towards this methodologi-
cal integration is connected to the analysis ofousr types of models used for energy efficiency
practices, across the different phases of the ingillife cycle.

For these reasons, the analysis of the state ddrthenderlines a need to identify links among the
different modeling strategies, from bottom-up, @egring oriented, detailed simulation tools to
domain specific model reduction (e.g. control)dp-tlown, statistical approaches for building per-
formance tracking. The links identified and highligd should be considered as a starting point for
further research aimed at improving the transparefd¢he performance evaluation across the dif-
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ferent phases of the building life cycle, by meahsommon performance indicators (energy, emis-
sions, cost, comfort, etc.) and data shared athesdifferent phases. It has to be underlined dloe f
that, beyond tools, a new culture of data for tastanability of the built environment has to be
promoted.

The improved transparency of methods should fqsteiormance benchmarking practices, includ-
ing techno-economic optimization (cost optimal gse) to promote a higher market responsive-
ness to efficient technologies and innovative pcast

Further, with respect to model reliability, the @nt schemes and standards for the verification and
validation of dynamic building simulation modelsositd evolve by including criteria for model cal-
ibration, considering uncertainty and sensitivihalysis criteria, which could be used furthermore
as probabilistic criteria for design phase simolagi In fact, model calibration problem is already
considered in measurement and verification prosfanl building commissioning. Finally, all these
elements should be supplemented by visualizaticategfies, as visual control are necessary to
show quickly and clearly if the building is operggiwithin standard conditions or outside them. In
other words, the evolution of models and visuaiaratechniques can play a key role for the reduc-
tion of the performance gap. Of course, BACS cdraa@n enabling technology to collect data on
a continuous base and to enable adaptive and pwedcontrol strategies. Innovative MBC strate-
gies, as shown before, can be linked both with B&B& with performance tracking in a more effec-
tive way with respect to current practices, by nseainnnovative applications on BACS.
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4. REDUCED ORDER BUILDING ENERGY MODELS

In the previous chapters has been shown that dynanodels generally used to simulate the build-
ing behavior (physics-based models), in controtesys present several limitation [1-6] in terms of
computational tractability and efficiency.
The basic conditions that a model for control aradjdostics should satisfy, in fact, are reasonable
simplicity, enough accuracy in the estimation ofteyn dynamics, usability for prediction in real
time operation [7-11].
On the one hand, physics-based models, generabd detailed information and result in non-
linear problem while the linearity (more in geneczahvexity) is important to obtain easily solvable
optimization problems [2,12-14].
On the other hand, black box models, thus, have begely used in optimal control applications
because they can deal with the problem of nonityefl5]. However, these kind of models are
obtained by means of statistical/machine learniggrahms and, consequently, the identified pa-
rameters don’t have a physical interpretation,nggart of the useful information that can be ex-
tracted by measured data [1,6,16-19] and whiclecessary in an integrated modeling process.
In order to overcome these issues, hybrid modealsnmknowledge-based (physics-based) and sta-
tistical approaches, are introduced (generallyedatirey-box models) [6,17,18,20-24]. In hybrid
models, the building energy dynamics is generadlgctibed by the reduced the size of the model
using lumped parameters [1,9,25-31]. The structiréhe model (i.e. the reduction strategy) is
found by applying basic physical principles and pheameters are estimated by using identification
techniques [1,6,10,29,31-33]. In this way, it isgible to envision a path to bridge the research in

1. automatic control (Model Predictive Control)

2. diagnostics (Fault Detection and Diagnosis, Peréooe Monitoring)

3. energy efficiency (Optimized Energy Management)

4. construction (innovation in design practices byuadg the performance gap).

The feasibility of an integrated approach is caonéd by different international studies on model
predictive control [34] and on building performandearacterization based on full-scale dynamic
measurement [35].
In all these research initiatives, building enenggdels have been formulated using reduced-order
modeling strategies, suitable for real-time opera@nd for inverse modeling. These models ob-
tained an accuracy comparable to more detailed soddich, however, would be unusable for
control purposes and diagnostics, as describeddelio order to be able to create an integrated
workflow of analysis, all the models used are e@asbptimization problems. In order to describe all
the relevant elements in modeling, the chapter @oinate on the following aspects:

1. fundamental definitions in modeling;
building energy dynamics;
optimization models formulation;
dynamic models validation;
analysis of operation data (inverse modeling);
model predictive control,
visualization of model output data.

Noobkwd
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The ability to predict energy demand as well asctirafort conditions in buildings, allows not only
to distribute the load during the most conveniemmants of the day (pre-heating and/or pre-
cooling strategies), but also to manage the engrrgguced by renewable sources or the storage ca-
pacity (active or passive). Further, diagnosticatalgies can actively contribute to the reductan

the performance gap, by clearly identifying the hretevant performance issues. As a conclusion,
the possibility of using different types modelsustured in a coherent way, across the buildirgy lif
cycle is a necessary step to be able to optimidenneance at all stages, considering energy, econ-
omy and environment related criteria.

4.1. FUNDAMENTAL DEFINITIONS IN MODELING

Before entering into the detail description of thedels it can be useful to give some definitions
and clarifications about model types and properfiée most relevant elements considered are:

1. linear and non-linear models;

2. time variant and time invariant models;

3. discrete and continuous time models;

4. direct and inverse models.

All these elements contribute to the possibilitydefining a unified modeling workflow, suitable
for multiple tasks, as introduced before.

4.1.1. LINEAR AND NON-LINEAR MODELS

As already underlined, nonlinearity is a commonasghen examining cause-effect relations and it can
be defined as a relationship that cannot be exqaaas a linear combination of its variable inp8isiple
linear model, for example, relates two variablésdixd “y” with a straight line:

y=mx+b

while nonlinear regression must generate a lingi¢ally a curve) as if every value of “y” was a
random variable. Nonlinear models are more comigdc#han linear models to develop because the
function is created through a series of approxiomati(iterations) that may stem from trial-and-error
It is easily understandable that, all complex medkht intend to describe the building dynamics
are not linear, but may be simplified and/or trdate as to make linear the relationship between the
variables analyzed.

Linear relationship is a statistical term used ésatibe the relationship between a variable and a
constant. Linear relationships can be expressed gnaphical format where the variable and the
constant are connected via a straight line ormmaghematical format where the independent varia-
ble is multiplied by the slope coefficient, addgdabconstant, which determines the dependent var-
iable.
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In conclusion a problem can be described bothnoralinear or linear way, depending on the ap-
proximation and the final objectives.

4.1.2. TiME VARIANT AND TIME INVARIANT MODELS

A time invariant system (TIV) is a system whosepotitdoes not depend on time, and on the con-
trary, a time varying system output has an exptoitrelation upon time. In other words, the time
invariance of a system is demonstrated by thetfettthe output given by an input applied in dif-
ferent moments will be identical except for a tideday.

The combination between the time dependency andirtearity of a model can identify the com-
plexity of the problem, especially for optimizatipnoblem. A linear time invariant (LTI) system
can be defined as the easier to be solved andzethfnd, in fact, is a very well known field, also
called LTI system theory, which has direct applmag in control theory.

4.1.3. DiscrReTE AND CONTINUOUS TIME MODELS

Finally, a system can be described and/or analyzeédscrete or continuous time; the first refers to
a determinate sample of time between two discrat@bles, while, in the second one there are an
infinite number of points between two variables.

Discrete time is often used, for example, in casmdirect model using empirical measurements
that can be seen as separated points in time. iNearlImodels, instead, are generally described in
continuous time; a complex description of physmlanomena, in fact, generally uses a continuous
function time dependent.

Depending on all these considerations, different lof equations are used in order to solve differ-
ent models. The main two types of equations usedust related to a discrete or continuous time
context; the difference equation are used in ttst Gase while differential equations for the secon
one.

The process to transform a continuous functiomfodel) in a discrete one is called discretization
and it permits to obtain a discrete difference @ignarom a continuous differential one and, thus,
to have a set of equations suitable for a numecdaoalputing. Further, a difference equation can be
written in three forms: forward, backward and cahdlifferences and, each form can be solved with
a different method. In this research the third fasmsed, solved with the Crank-Nicolson method.

4.1.4. DIRECT AND INVERSE MODELS

Mathematical models are frequently used in bothrtieal and non-technical areas; in this research in
verse models are used in order to analyze realureasnts to obtain building thermal characteristics
The aim of inverse problem, in fact, is to recamgtthe model from a set of measurements [36].6As d
fined by Bertero and Boccaccio in [37¢rie can say that a direct problem is a problemrnted along a
cause-effect sequence [...] then the correspondiregse problem is associated with the reversal ®f th
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cause-effect sequence and consist of finding tkieowwn causes of known consequéehdésrmally, di-
rect problems are considered more fundamentalfandhat reason, are also much more investigated
[38]. Nowadays, however, the large amount of abkal¢ools for the acquisition and storage of daita,
lows to exploit the indirect systems. This is ukafso because the greater the complexity of teesys
that we want to analyze (in this case the builglitagit system, but also district), the larger theeninty
that characterizes them; the only formulation céctiproblems then becomes ineffective and créages
performance gap. In such a situation, therefoeejrerse models have a great potential; in thefigex
ure, in fact, it is shown that a direct formulategart with a (physical) model in which are introdd the
"inputs” providing "outputs”, on the contrary, tileerse model start with the "output” to providéom
mation about the model. For this reason, inversdetscare also defined as parameter identification
technigues; thanks to the correlation between dafact, it is possible to find parameters thadrelater-
ize the model.

Direct Problem

Model M Data Y

~_

Inverse Problem

Figure 8. Direct and Indirect Logic.

The next scheme shows, on the left, the flow aadiformulation, which starts from the inputsnsert-
ed in a modeM, adding an erroun (generally due to model simplification or measwgatrerrors) you
can get the outpyt Proceeding to the formulation of the "inversecpss” (scheme on the right), it is
now easy to see that the new input gasacorrupted by hardly classifiable errarbefore to enter on the
inverse modeM™.

C

Figure 9. Direct and Indirect Schemes.

Further, an inverse model can easily generates thareone output x; for example the direct problem
"2+2" has just one solution (4), but if you havstjthe number "4" and you want to find two numbers
which the sum gives you "4" as a result, you ca lafinite solutions. In other cases is possibladve

no solutions, for example when you have a dataiptad by errors. In some case, in fact, differeatia
racies due to instruments of measurements caragosgeal” problem, as:
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{ x+y=2
2x + 2y = 4.01

In conclusion, by its nature, two important chaggstic of inverse problem are that (i) often teye
many solutions and (ii) are always affected byrerdue to uncertainties of measurements and model
simplifications [36]. Thus, inverse models can beyhelpful but the use of correct estimation metho
and uncertainty analysis is fundamental.

4.2. BUILDING ENERGY DYNAMICS

The building energy dynamics is formulated follogitne indication given in the standard UNI EN
ISO 13790 [39], UNI EN ISO 13791 [40], UNI EN 1SOA2 [41], UNI EN 15255 [42] and ISO
52000 [43]. The model is a lumped parameters mimdelynamic hourly simulation and optimiza-
tion.

The lumped parameter modeling is basedRenistance-Capacitance approg&C), exploiting the
electrical analogy. The essential elements of tbeehare nodes (i.e. temperatures), resistors (i.e.
thermal resistances) and capacitors (i.e. theragadties). A graphical representation of the model
is reported hereafter.

Rve. inf+nat

O. C’) ¢m+Fm¢HCnd ¢+Fs¢HCnd ¢i+Fi¢HC_nd

\ § Rtr,es
W
es ei
Rtr em :;: er ms Rtr.is

Cn

Figure 10. RC network (6R1C).

where:
* the nodes are:

- the external air temperatubg
the internal air temperatuég
the surface temperatube
the mass temperatuég.
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» the resistances are:
- the mechanical ventilation,Rmec
the natural ventilation and infiltration,&hai
the transmission due to no inertia elementssR
the transmission due to massive elemepts,\Bnd R ms
the transmission due to heat exchange betweemattair and the internal surfacg R

» the capacity is:
the global thermal capacity,C

* the heat fluxes are:
- the solar and internal gains fraction on the irdeair noded;
the solar and internal gains fraction on the serfaadeds
the solar and internal gains fraction on the mase®,
the heat flow fraction due to heating/cooling sgsten the internal air node®c ng
the heat flow fraction due to heating/cooling sgsten the surface node ®gc ng
the heat flow fraction due to heating/cooling sgsten the mass node®uc ng

The main resistors of the network are due to tts Brchange for ventilatiod . and for transmis-
sion Hy.. The first one is directly connected to the ingrair noded; and can be divided into the
heat transfer coefficient for mechanical and natueatilation depending on the temperature of the
starting node (external &eor pretreated ads,p, for example, in the case of heat recovery system)
while the second one can be divided into two mpgrts depending on the envelope elements.
Generally windows elements are considered with massrand the related heat transfer coefficient
Hies CcOnnects directly the external no@ligto the surface nodes. The heat transmission through
the massive elements is divided in three stepsritdesy respectivel\H em, Hiyms and Hyris: (i)
from the external nod@. to the mass nod#,, (i) from the mass node, to the surface nod, (iii)
from the surface nod& to the internal air nod&.

The main capacitor of the network instead is thegrttal mass of the building that is represented by
a global thermal capacity,, and an effective mass ar@g that will influence the whole system.

The total soladsq and internak®;,; gains are distributed on the internal air négesurfaces node
0s and mass nod@,, using conductive and radiative coefficients; tlemductive part will be as-
signed to the internal air no@ewhile the radiative one to the surfaizeand mas$®,, nodes.

Similarly, the heat flow due to heating and coolptgnt®yc g is split in a conductive part applied
to the internal air nod@ and a radiative part divided to the surfigand mass noddk, according

to other factors that are respectively calledFs andF,, as suggested by the Standards UNI EN
ISO 13792:2012 [41] and UNI EN 15255 [42)].

The calculation of thencident solar radiatioron differently oriented vertical surfaces is onelod
main problems dealt with; this is due to the fdttusually the climate file simply provides the
global (direct and diffuse) solar radiation, onikontal surface. Thus, it was introduced a calcula-
tion method [44,45] that automatically splits tiaegdue on each vertical surface in the model. Final-
ly, using some hourly coefficients it is also pb#sito use a daily or monthly average temperature
and split it into hourly values [39]. It is impontiato note that this procedure is used in ordesato
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date and check the model in the worse situationithdwt usable hourly data) but the possibility to
have a real time connection to the weather statiah so, to hourly data is preferable. The specifi-
cations about solar radiation and external tempezatalculations are in the “climate data analysis”

All the specifications about the building energjcoéation are given in the next sections.

4.2.1. INPUT AND OUTPUT DATA OF MODEL

The requirednput for the RC model are in the following Tables, dedl in different areas:

* building location and orientation;

* building control, operation and activities;
* building zone geometry;

* Dbuilding zone envelope.

Tab. 5 - Main input data required by the RC model.

Area Symbol Quantity Unit
- Latitude (North positive) [deg]
5 < - Longitude (East posi'Fi\-/e) [deq]
§ E - GMT zone (East positive) [h]
o S Oc.ar Daily Mean External Air Temperature [°C]
E’ o Be.mas Daily Maximum External Air Temperature [°C]
= E G, | Daily Radiation [kJ/r]
@ - Rotation (counterclockwise positive) [-45;+45] e[
- Albedo [-]
Oin Heating set-point temperature zone [°C]
Oi.sb.+ Heating set-back temperature zone [°C]
o 0ic Cooling set-point temperature zone [°C]
2 Bi.sb.c Cooling set-back temperature zone [°C]
g ACR,y | Air change rate natural ventilation/infiltration 1/R]
o ACR | Air change rate mechanical ventilation (IAQ) [1/h]
2 ACRin | Minimum air change rate infiltration [1/h]
% NHR Heat recovery efficiency mechanical ventilation 1[%
L O Internal gains for artificial lighting [W/m?|
9. Dp Internal gains for appliances [W/m?]
% Dy Internal gains for people occupancy [W/m?|
8 feint Convective part of internal gain [-]
8 fr gint Radiative part of internal gain [-]
% fesyst | Technical system convective fraction for Heating 11
® fesysc | Technical system convective fraction for Cooling 11
- Heating schedule [-]
- Cooling schedule [-]
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- Natural ventilation/infiltration Schedule [-]
- Mechanical ventilation (IAQ) Schedule [-]
- Heat recovery Schedule [-]
- Artificial lighting Schedule [-]
- Occupancy Schedule [-]
- Appliance Schedule [-]
f Fraction of Operation Period (Number of days iweek) [%0]
Nsys Conversion factor for Heating/Cooling systemr @famary energy) [
Awn Total exterior surfaces (North) [m?]
Awe Total exterior surfaces (East) [m?]
Awe Total exterior surfaces (South) [m?]
Aww Total exterior surfaces (West) [m?]

% Awr Total exterior surfaces (Roof) [m?]

% Nw.n Ratio between transparent and total exterior saggNorth) [%]

8 Nw,e Ratio between transparent and total exterior sagfgEast) [%]

% Nw.e Ratio between transparent and total exterior sagfgSouth) [%]

';‘, Nw.w Ratio between transparent and total exterior saggWest) [%0]

% Nwr Ratio between transparent and total exterior sagfgRoof) [%0]

a Ag Ground surface [m?]
NFA | Net Floor Area [m?]

GFA | Gross Floor Area [m?]
NV | Net Volume [m?]
GV | Gross Volume [m?
Uw Exterior Wall Transmittance [W/m?K]
Ut Exterior Transparent Element Transmittance [

Q Ur Exterior Roof Transmittance [W/m?K]

% Ug Exterior Ground Floor Transmittance [Wikh

E Fe Frame fraction coefficient for Transparent Surface [%0]

Q Yain Solar gain coefficient for Transparent Surfaceth\werpendicular radiatio [%0]

N Oy Opaque surfaces absorbance External Walls Surface [-]

:g__? OR Opaque surfaces absorbance External Roof Surface -]

E aF Opaque surfaces absorbance External Frame Surface [-]
fom Specific Global Thermal Capacity [3/kn]
fam Multiplier of surface for effective mass area [-]
Aq Multiplier of internal surface area [-]

Similarly, the mairoutput provided are divided into the following areas:

* heat losses and heat gains;

* reduced-order hourly model parameters;
* hourly data in tables and graphs;

e summary of yearly results.
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Tab. 6 - Main output data provided by the RC model.

Area Symbol Quantity Unit
Hw Heat Transfer Coefficient for Transmission frontétior wall [WIK]
Hg Heat Transfer Coefficient for Transmission fromoRo [WIK]
E Hg Heat Transfer Coefficient for Transmission frormoGhd [WI/K]
8 Hy Total Heat Transfer Coefficient for Transmissioonfi Opague Componen [W/K]
E Hirw Total Heat Transfer Coefficient for Transmissioonfi Transparent Surfaces [WIK]
o ACR,y Air Change Rate for natural ventilation/infiltrati [mP/h]
g ACRy et | Air Change Rate for mechanical ventilation 3{ind
§ Hve na Heat Transfer Coefficient for Natural ventilatioriltration [WIK]
S Hyesmect Heat Transfer Coefficient for Mechanical ventibati [WIK]
§ H Global Heat Transfer Coefficient (for Transmissend Ventilation) [WIK]
- g Total Internal gains for artificial lighting [W]
Dy Total Internal gains for appliances [W]
Doc Total Internal gains for occupancy [W]
. Aot Total Area of surfaces facing the building zone A[m
§ % g Hy s Heat Transfer Coefficient between Internal Air Sutface [WI/K]
-g > E‘g Hir me Heat Transfer Coefficient between Surface and Mass [WIK]
S ? g Her err Heat Transfer Coefficient between Mass and Extekita [WIK]
§ 2o Cn Global Thermal Capacity [I/nPK]
Am Effective Mass Area [m?]
0c External Air Temperature [°C]
% lson Horizontal solar radiation [W/m?]
g g Artificial lighting Gains [kwh]
= Dy Appliances Gains [kwh]
g Doc Occupancy Gains [kwh]
% Dy Heating load (Energy Needs) [kwh]
'; oC Cooling load (Energy Needs) [kwh]
% 03 sc Heating and Cooling set-point/set-back Temperature [°C]
a ACR,y Air Change Rate for Natural ventilation [1/h]
5 ACRy et | Air Change Rate for Mechanical ventilation [1/h]
T 0i.un Internal air temperature [°C]
0; rr Free floating air temperature [°C]
Dy o Heating Yearly Energy Demand [kwWh]
% Dc e Cooling Yearly Energy Demand [kwh]
§ Dunays | Specific Heating Yearly Energy Demand [KWAIN
% Dcnavs | Specific Cooling Yearly Energy Demand [KWH]n
g Dy sy, | Primary Heating Yearly Energy Demand [kWh
G De sys,vy Primary Cooling Yearly Energy Demand [kwh]
% Du sy | Specific Primary Heating Yearly Energy Demand [k
E Dcsysvs | Specific Primary Cooling Yearly Energy Demand [k
@ Dy nav.mas | Peak Heating Power [kW]
Dchayma | Peak Cooling Power [kwW]
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Dy naymaxs | Specific Peak Heating Power [kW/m?]

Dcnav.maxs | Specific Peak Cooling Power [kW/mZ]
0. max Minimum Annual Hourly Zone Temperature [°C]
0; av Average Annual Hourly Zone Temperature [°C]
0i.min Minimum Annual Hourly Zone Temperature [°C]

4.2.2. ENERGY BALANCE OF NODES

As already explain the non-linearities determingdhe detailed description of physical phenomena
is a problem in control systems and linear/linesadiformulations of optimization models are pref-
erable. Thus, starting from the Lumped Parametede(RC) already described, a Linear Time-
Varying Model is built.

The model is a Differential Algebraic Equation (DA#iscretized with a Crank-Nicolson scheme
(considering a time step of one hour) as in thepbfred hourly model of ISO 13790 [39]. The
mass node temperatudg is determined with a differential equation whihe tsurfaces and airb;
nodes are determined by means of two algebraictiegsausing the average mass temperature in
the time step considered in the differential ecqurati

O — Oy + 222(0, - 8,,) + 222 (0, - 0,,) + ¢ + 2L ndTmcO0nt _ Eq. (1)
e e e e

Hepes (0 = 05) + Hyppns (O = 6,) + Hypis (6, = 0,) + @y + Fop®yyq = Fsc®pg = 0 Eq. (2)

Hve,inf+nat(9e - 91’) + Htr,is(es - 91’) + D+ Fiy®Pupg — FicPeng = 0 Edg. (3)

0, = w Eq. (4)

4.2.3. TEMPERATURE OF NODES
For each steps, in order to obtain the internalpematures and, consequently, to be able to deter-

mine the energy needs (in the case of the Non Lihieae Varying model), the following quantities
are calculated.

Tab. 7 - Main quantities calculated by the RC model

Symbol Quantity Eq. Unit
0 Internal Air temperature for the considered period Eq.(5) [°C]
0s Surfaces Temperature for the considered périod Eq.(6) [°C]

Omyt Mass Temperature for a given time step at theoéige period Eq.(7) [°C]

4 . . . .
The value obs is a mix between air and mean radiant temperature
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@i | Overall heat flow on the Mass Node Eq.(8) (W]
. . Om Omt—

O Mass Temperature for the considered period (t+2—“) [°C]

0 | Operative Temperature (fop X 6;) + [(1 = fop) X 65] [°C]

It is important to note that, using a dynamic chkltian, it is necessary to calculate the mass tem-
perature at the first moment of the consideredope(i-1) and the mass temperature on the final
moment of the considered period (t). In our caséact, the time-step for the calculation is thetho
(At = 3600s).

The main equation used to calculate the intermapegature is:

9 _ (Htr,is X95)+ (HyeXx0e)+ ¢)i+FiH¢)H—FiCCDC E 5
i = : q.(5)
[Htr,ls"'Hve]

The main equations used to calculate the surfagereass temperatures are:

O +FigPy—F;c®
(Htr,ms Xem)"’(“tr,esXee)"'q)s+FSH®H_FSC®C+Htr,1[9e+M ]

Hye
s [Her,ms+Heres+ Her1] Eq (6)
_ Om,t—1 X[(:A_I?_OrSX(Htrs+Htr,em)]+‘\0mtot
em't B [(:A_T+0'5X(Htr.3+ﬂtr,em)] Eq (7)
Finally, the overall heat flow on the mass nodesisulated as:
Htr,3[¢'5+F5H¢H—Fsc¢'c+(Htr,esxee)+ﬂtr,1(ee+wn

@i tor = P + Frug Py — Fine@c + (Htr,em X ee) + Htr2 -

Eq. (8)

Note that for all the steps the formula will chanigethe case df, -, for example, the internal gains
®; and the heat flowbyc are zero and, in the caseegfinstead the internal gains are used but the
heat flow is zero.

4.2.4. INTERNAL AND SOLAR GAINS

The hourly internal gain®;; are calculates just multiplying the total specifalue from input to
the net floor area (Eq.9), while the hourly solamg®s, are calculated separately for each orienta-
tion (north, south, east, west and horizontal)hessum of the hourly solar gains reached through
the transparent and opaque elemdntst and @sq opand the hourly losses through the sk sky
(Eg.10-13).

pag. 59



ABCPhD

DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

D = (P, + @, + Dy) X NFA Eqg. (9)
Py = > Doy + > Porop — > Dol sky Eg. (10)

with:
Doorr = Fapop X Fepg X Gg X (1 = Fp) X (ggl X Fy) X A; Eg. (11)
Borop = (G5 X Ryy Xty X Ay X U,) + (Fopop X Gy X Ry X ap X Ay X Fp X Uy) Eq. (12)
Doy = (Rge X by X A, X Vi X U, X 86,,) + (R, X b, X Ap X Fp XV, X Up X 06,,)  Eq. (13)

where:

The re

Dp, O Ooc are respectively the specific internal gains du@gpliances, artificial lighting
and occupancy;

NFA is the Net Floor Area;

Fsh.oband R gare respectively the shading factor due to fixethobile devices;

Gg is the solar radiation on a specific surface;

Fr is the frame fraction of the transparent element;

gyl is the solar gain factor;

Fw is the correction factor for solar energy transamite of glazed elements;

At and A, are respectively the transparent element and theavea,;

Ur and U, are respectively the transparent element and thdénaasmittance;

Rse and hare respectively the external surface heat resistand the radiative heat transfer
coefficient;

ay andagare the wall and frame surfaces absorbance;

Veis the view factor to the sky;

AB¢ is the average difference between external aip&gature and sky temperature.

quirednput factors for the simulation model are given below. In thable are also given

the default values assumed by the standard UNIED 13790:2008 [39] and the related chapter in
which they are described them.

Tab. 8 - Input Factors and Default Values providecby UNI EN ISO 13790.

Symbol Quantity Unit Default value | UNI EN ISO 13790

Average difference between external air tempera- 5

ABgr K] 11 11.3.5
ture and sky temperature

Rse External surface heat resistance 2V 0,04 11.35
Correction factor for solar energy transmittance of

Fu [] 0,9 11.4.2
glazed elements

VEy View factor to the sky for vertical surfaces [] 50, 11.4.6

VEn View factor to the sky for horizontal surfaces [-] 1 11.4.6

5 . . . R
The default values are dependent on the zones@hirpolar areas, 13 in the tropics and 11 in inéeliate zone
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€ Emissivity of external surface [-] 0,9 11.4.6
h, Radiative heat transfer coefficient [Wi) 4,5° 11.4.6

4.2.5. HEAT TRANSFER IN BUILDING

The relevant quantities used for model assemblyc@ming the calculation of Heat Transfer and
Heat Capacity of the building/zone, are includedhia following table, together with references to
the parts of UNI EN ISO 13790:2008 [39].

Tab. 9 - Simplified equations provided by UNI EN 19 13790.

Symbol Quantity Unit Equations Ref

Coupling conductance between nodés-
Hyis ) [WIK] his X Agor 7.2.2.2
' ternal air) and (surfaces)

Total Area of surfaces facing the building 5
Aot one [m7] NFA X Ay 7222
z

Overall Heat transfer coefficient by transmis- n
Hvop | SiOn for external opaque elements (wall, ropfW/K] Z(Ai x Uj) 8.3
and ground surfaces) i=1

n
Heat transfer coefficient by transmission
How y [W/K] Z(Ai x Uy)

) 8.3.1
for external “no mass” elements (windows)

i=1

Heat transmission coefficient
Hve nat o [WIK] Mnat X NFA X 0,34 9.3.1
by natural ventilation

Heat transmission coefficient
Hve mech ) L ) [WIK] Nmech X NFA %X 0,34 x (1 — nyg) 9.3.38
by mechanical ventilation with heat recovery

Coupling conductance between nodégex- 1
Hirem [WI/K] 1 1 12.2.2

ternal air) andn (mass) Hirop  Herms

H Coupling conductance between nodes [WIK] h A 12.2.2
, ms X Am e
"™ | (mass) and (surfaces)

An | Effective Mass Area [Gh fam’ X NFA 12.3.1.2
Cn Global Heat Capacity [J/K] fem® X NFA 12.3.1.2
. Am
fm Heat gain factor on mass noae [ a C.2
tot

6hr is given by equation 4*(5,67*10%)(0ss+273) but to a first approximation can be taken equé&ttowhich corresponds to an average temperature
of 10°C

7 .
Default Values for dynamic parameters

8 .
Default Values for dynamic parameters
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A H
f Heat gain factor on surfaces nasle - ] - oW C.2
s ¢ [ Aot hg X Agor
D, Heat flow from heat gain on air node [W] fepint X PiNT Cc.2
D Heat flow from heat gain on mass node [W] fn X (@5 + Dgqp) C.2
D, Heat flow from heat gain on surface node [W] fs X (@ + Dg,)) C.2
1
Hi 1 Overall Heat flow factor [WIK] 11 C3
Hye Htr,is
He o Overall Heat flow factor [WIK] Hir1 + Hyrw C.3
1
He s Overall Heat flow factor [WIK] 11 C.3
Htr,z Htr,ms

According to note 5, the internal heat capacityhef building zone€&,,, and the effective mass area

An are calculated with the default value for dynapacameters suggested by the UNI EN 13790
[39] in section 12.3.1.2 (Table 12). Anyway, thende also calculated starting from the actual in-
ternal heat capacities of construction componkmntsiltiplied and their surfaca:

)

&>

j(KiDD))

C2

m

(A7)

Eq. (14)

Eq. (15)

Finally, the requirednput factors for the simulation model are given below. In theblE are also
given the default values assumed by the standard BEMNISO 13790:2008 [39] and the related

chapter i

n which they are described them.

Tab. 10 - Input Factors and Default Values providedby UNI EN 1SO 13790.

Symbol Quantity Unit Default value | UNI EN ISO 13790
A Conversion factor for internal surfaces [-] 4.5 2.2.2
Heat transfer coefficient between nodes a (internal =~ ,
his . [W/m“K] 3,45 7.2.2.2
air) and s (surfaces)
fe.int Convective fraction of internal gain [ 0,5 C.2
fr oint Radiative fraction of internal gain [ 0,5 C.2
Heat transfer coefficient between nodes m (ma \s/?/ )
s Wm2K] 9,1 12.2.2
and s(surfaces)
fop Correction factor for operative temperatfgg [%0] 0,3 C.3
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4.2.6. FACTORS FOR NODAL ENERGY GAINS OF TECHNICAL SYSTEMS

In order to calculate the heat flow fractions daeheating and cooling system on air, surface and
mass nodes, the following coefficients are congideaccording to [41,42].

Tab. 11— Heat Flow Fractions coefficient due to Heng and Cooling System.

Symbol Quantity Unit Equations
Fn Convective fraction due to heating system on ibernal air node [] fc,sys,H
Fc Convective fraction due to cooling system on titerinal air node [-] fc,sys,c
FsH Radiative fraction due to heating system on thiéase node [-] fs(l'fc,sys,l-)
Fsc Radiative fraction due to cooling system on théage node [-] fs(l'fc,sys,d
Frmn Radiative fraction due to heating system on thesnmnde [] fn(1-fc,sys.H
Fmc Radiative fraction due to cooling system on thesnzode [] fm(l'fc,sys,()

The next table indicates some convective fadtgysfor heat flow due to different technical system;
as shown in the previous table, the radiative fgttis calculated as 1 minus the convective frac-
tionf, s

Tab. 12—Convective fraction of internal gains duea different technical system.

) Heating| Cooling
Technical System f f
c,sys,H c,sys,C
Air system 1,0 1,0
Radiant floor 0,5 0,1
Radiant ceiling 0,1 0,5
Radiant vertical surface 0,5 0,1
Fan-coil/radiators 0,8 0,8

4.2.7. CLMATE DATA ANALYSIS

As introduced in the previous section, the model loa used both when detailed weather data are
present or when only limited data are present, lapleying techniques for data reconstruction,
generally used in forecasting. With respect to libarly temperature, it is sufficient to have the
minimum and maximum daily value (or one of the taval the amplitude of oscillation) to recon-
struct a profile, using appropriate coefficient§][4in the case of a simulation of representative
days for each month, the profile is calculatedaews, starting from monthly average d#ta,,

and averaging the value for the time-step, follaytine discretization rule explained before:

(9e,av+(axci))+ (9e,av+(axci+1))
2

0, = Eq. (16)
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Tab. 13 - Data used for Hourly External Temperaturecalculation.

Symbol Quantity Unit Equations
0cav | Mean Monthly External Temperature [°C] From Clim&tata
a Monthly Amplitude of Temperature oscillatign [°C] 0e,max — Oe
Oemax | Maximum Monthly External Temperature [°C] Fromm@éte Data
C Hourly coefficienti [] From Settings
Cis1 Hourly coefficienti+1 [-] From Settings

With respect to the reconstruction of solar radiatprofiles on every surface of the building the
method starts from global daily radiation of hontl surface and then splits the value into direct
and diffuse hourly components, in such a way tbkrggeometry algorithms can be used to project
them in energy in every surface. The method emplay¢he model is described in [44,45].

4.2.8. INTERMITTENT OPERATION ACCOUNTING

A main issue when simulating representative loaufilps (i.e. with daily schedules for a repre-
sentative day for each month) is related to th@acting of energy in the case of intermittent oper-
ation. Initially, the energy needs in the casentérimittent operation was calculated just using the
percentage of the ON period (energy consumptiopgtmnal to operation time). For example if
the energy needs of a day is 1 kWh, the month hata$s and the system is ON for the 70% of the
month, the monthly energy needs is 1*31*0.7 = 2. In this way, however, is not considered
that, in case of light construction and extendedr @€riod (e.g. when the system is OFF for all the
weekend, or rather more than 48 hours), the eneegygl to bring-back the building into a heat-
ed/cooled state will need more energy than in anabsituation (e.g. when the plant is OFF just for
some hour).

Therefore, it has been introduced some equatioaltaulate more accurately the energy spent at
the starting point of the period in order to cotlex energy loss during the OFF period. This kind of
energy is calledfree Running Energ{FREc) [47].

The output from model simulations required aredherage Free-Floating temperatures of the con-
sidered period (both during ON and OFF period,rtiain thermal characteristics of the buildings,
or rather the Total Heat Transfer Coefficient fiansmission (due to both opaque and transparent
components) and the Global Thermal Capacity obihiling, the average heat transfer coefficient
due to the ventilation just for the OFF period &nel external air temperature of the whole consid-
ered period.

Tab. 14 - Data used for Free Running Energy calcution.

Symbol Quantity Unit
0i.FF.a Average Free-Floating Temperature °Q
H tof Total Heat Transfer Coefficient for transmission /K\
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Hye a Average Ventilation Rate (during OFF peridd) W/K
Cn Global Thermal Capacity W/H
Oc Average External Air Temperature °C

Firstly, the number of hours (time) that the thdra@ne needs to lose the energy incorporated in
the mass can be calculated as:

. C 85 FF,av,0FF —Be
Time = m X |n 2% Eq. (17
Her,tor+Hye,av 83 FF,av,oN—Be a.(L7)

In the case that thémeis lower than the number of hours of OFF pelfipthe Free Running Ener-
gy needed to bring-back the thermal zone into #eldéeooled state is calculated as:

FREyc = (ei,FF,av,ON - ei,FF,av,OFF) X (Htr,tot + Hve,av) XX NXt Eqg. (18)

where
« fis normally equal to 2 due to the charge/discaafiect™;
* N is the number of week during the considered pecaiculated as the number of monthly
days divided by the number of weekly days;
* tis normally equal to 24 and are the number ofr oa day.

Finally, theEnergy Demandwill result as:

‘DHC,nd,Y,ONperiodX%ONperiOd
Qycnay = 100% + FREyc Eqg. (19)

4.3. OPTIMIZATION MODEL FORMULATION

For the reasons described before, the buildingopadnce model is described as an optimization
problem, defined according to the following elensent
1. Objective function:
a. Energy demand.
2. Variables:
a. Power demand (continuous).
3. Constraints:
a. Power demand (always positive);
b. Temperature bounds (set-points);
c. Power limits (maximum power dependent on systemng)z
d. Boundary conditions (initial-final temperature aides).

Where He ot = Henat+ Hvemecrand if He o= O the minimum ventilation for infiltration is ses He mi= 0,0001.
10
in the case that thémeis higher, the Free Running Energy is considereggutionally.
11 . . . . .
the energy is counted double because the buitllinigg the OFF period lose the energy incorporateéde mass and, thus, when the system re-
start has to give two times the energy.
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Depending on the formulation of the objective fumt the variables and the parameters used for
calculation. The possibilities considered are tiikwing:

1. non linear time variant model objective function;

2. linear time-variant model objective function;

3. linear time invariant model (2 states, 1 hiddene3tabjective function;

4. linear time invariant model (1 state, 2 hiddenestabbjective function.

The specific formulations are described in thedieihg section of the chapter. For all the models
the energy demand is calculated for each reprasentday ®yc g and then summed up to obtain
monthly energy deman@yc v (multiplying by the number of the monthly days mdaannual en-
ergy demandbycy. It is important to remember that this model isltbwith a predictive control
system logic, thus, with the objective to predict hext day energy needs (24 hour ahead forecast).
The same for the peak power for heating and cooling

Dycy = X Pucm Eqg. (20)
Pycm = Puca X1 Eq. (21)
Puca = X Puch Eq. (22)
Piicymax = PHeMmax Eqg. (23)
Pycmmax = PHcdmax Eq. (24)

4.3.1. NoN LINEAR TIME VARIANT MODEL OBJECTIVE FUNCTION

The mainoutput calculated is thaourly energy demanand it is determined by calculating tie-
ergy required for heating or coolin@yc, that is necessary to provide or extract fromribee®; in
order to maintain the required temperature. Theaggh is to start calculating the internal tempera-
ture in a free-floating condition and, then, to lgp@ certain heat flow®yc o and®yc 1o that re-
spectively stand for 0 and10 WAin order to increase or decrease the air temperaintil achieve
the set-point temperature with a necessary heatdqc .. Themain calculation stepsare sum-
marized below.

Tab. 15 - Main calculation steps provided by the R@nodel.

Symbol Quantity
FF Free Floating conditions
Dyco No power applied but internal gains and ventilatimrmal condition
Dyc 10 10 W/nfapplied and internal gains and ventilation norowaidition
Dpc.un Unrestricted power and internal gains and vetigitanormal condition
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The equation used to calculate the unrestrictediyenergy need®c yn Is:

_ Phc10X (9i,setpoint+9i,0)
q)HC,un = (8110+6:0) Eq. (25)

At this point, the only problem remaining is howfied the starting mass temperature for the first
hour of each da@m ncunt-1.x It IS solved by means of a nonlinear optimizatiechnique (general-
ized reduced gradient) imposing the convergenaaass temperature. This criterion is acceptable
as described in ISO 13792 and EN 15255 for the miymaimulation of single days [41,42]:

min 2?:1(6m,FF,t—1,x - em,FF,t,y) + Z?:l(gm,HCun,t—l,x - gm,HCun,t,y) Eq. (26)
s.t \4 (gm,FF,t—l,x - gm,FF,t,y) =0
Vi (gm,HCun,t—l,x - em,HCun,t,y) =0
variables Om.FE.t1.xi OmHeun-1.x

where
* iisthe number of the days or months considered;
» X is the first hour of the considered (0.00 am);
» vy isthe final hour of theconsidered (24.00 pm);
» tisthe time step considered (hour);
*  Onmrris the mass temperature in Free-Floating condition
*  Omucunis the mass temperature in Unrestricted pawedition.

It has to be remembered that, using a dynamic ledion, it is necessary to calculate the mass tem-
perature at the first moment of the consideredope(i-1) and the mass temperature on the final
moment of the considered period (t), wikh= 3600s.

20,0 - em:H:LN:t- 1x

em,H:UN:t_,y

— B, -1

— Bm,t

Internal Temperature
[cl
=
L=
w

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Daily hours
[h]

Figure 11. Mass temperatures at time t and t-1 foa dayi, in Unrestricted Power Condition.
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4.3.2. LINEAR TIME-VARIANT MODEL OBJECTIVE FUNCTION

The model is solved with a Linear Programming (Lét)rather it is not solved with the conver-
gence method previously described (Eq.26) but usimgar objective function and constraints
(EQ.27). Thus, the full (time variant) linear pragrming formulation is:

min Y ®y; + ¥ O Eq. (27)
s.t: Y Oinj = Ospn
i Oicj < Ospc
Vi Pyj < Pymax
Ocj < Dcmax
YOy+YX D=0
Eq.(1)
Eq.(2)
Eq.(3)
variables: @y, O¢ 6;, 05, Oy

where:
e jis the hourly value;
e @y is the calculated hourly energy needs for hegiamipd;
e @ is the calculated hourly energy needs for cogtiagod;
* 0y is the calculated hourly internal air temperatioreheating period;
* 0;cis the calculated hourly internal air temperaforecooling period,;
*  0Ospnis the required hourly set point temperature fating period;
* 0Ogpcis the required hourly set point temperature fwling period,
* Dy maxis the maximum power available during the heapiagod;
e ®c maxis the maximum power available during cooling péri

4.3.3. LINEAR TIME INVARIANT MODEL (2 STATES, 1 HIDDEN STATE) OBJECTIVE FUNCTION

The linear time invariant model can be used inn&emse way for identification, by minimizing thd-fo
lowing objective function.
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where

min Z(ei,sim,j - ei,meas,j)2 + Z(es,sim,j - es,meas,j)2
s.t Vi (Hm,FF,t—l,x - Hm,FF,t,y) =0
Vi (em,HCun,t—l,x - Gm,HCun,t,y) =0
ACR,5 < ACRyy < ACRyp
Dint s < Pintid < Pintus
Uw,.e < Uw,ia < Uwus
Uris < Urig < Urus
UgrLe < Uria < Urus
UgLe < Ugiia < Ugus
Cme < Cmjia < Cus
Amie < Amjid < Amus
AL < Aatid < Aatus
fc,sys,H,LB < fc,sys,H,id < fc,sys,H,UB
fc,sys,C,LB < fc,sys,C,id < fc,sys,C,UB
hms,LB < hms,id < hms,UB
hijsp < hisia < hisus
fewintLe < fepintid < feaintus
variables O rr 1 Ompcun1xACRd, Pintig, Ywiids Urids Urids Us,ia, Cmjias

Am,idu Aat,idl 1:c,sys,H,id fc,sys,C,id hms,idl hs,id- fc,cDim id.

i is the number of the days or months considered,;

X is the first hour of theconsidered (0.00 am);

y is the final hour of the considered (24.00 pm);

t is the time step considered (hour);

sim is the calculated value;

meas is the measured value;

LB is the Lower Bound imposed;

UB is the Upper Bound imposed,;

id is the identified parameter;

0; is the internal air temperature in Unrestricted/@ocondition;
s is the surface temperature in Unrestricted paeedition;
Om rr IS the mass temperature in Free-Floating conditio

Om Hcun IS the mass temperature in Unrestricted pawsadition;

Eq. (28)
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* ACR is the Air Change Rate value [1/h];

e @iy is the internal gains value [Wﬁn

« Uy is wall transmittance [W/AK];

« Usis transparent component transmittance [#mn

+ Ugis roof transmittance [W/fK];

« Ugis ground floor transmittance [Wf;

s Cnis the global thermal capacity [J/kGim

* Anis the multiplier of surface for effective massaaf4;

* Axgis the conversion factor for internal surface [-];

» fcsysnis the technical system convective fraction faativeg season [-];

» fecsys,cis the technical system convective fraction foslow season [-];

« hmsis the heat transfer coefficient between the madssarface nodes [WAK];
« hsis the heat transfer coefficient between the iretkair and surface nodes [WiKj;
* fcointthe internal gain convective fraction [-].

As before, it has to be remembered that, usinghamyc calculation, it is necessary to calculate the
mass temperature at the first moment of the coreidgeriod (t-1) and the mass temperature on the
final moment of the considered period (t), whh= 3600s.

The two states that are considered to be measaraabthe air temperatuieand average surface tem-
peratureds (measurable with sensors). The temperature afinées node8, is considered as a hidden
state, which is not directly measured. In a dites#, the model is solved in an analogous way to the
one with the linear time-variant objective functiavith the only difference that parameters are time
invariant.

4.3.4. LINEAR TIME INVARIANT MODEL (1 STATE, 2 HIDDEN STATES) OBJECTIVE FUNCTION

The linear time invariant model can be used inna&erse way for identification, by minimizing thd-fo
lowing objective function.

. 2
min Z(ei,sim,j - ei,meas,j) HQ9)
s.t as for Eq. (28)
variables: as for Eq. (28)

The single state that is considered to be meadarsathe air temperatufe. The average surface tem-
peraturedsand the temperature of the mass ndileare considered as hidden states, which are not di-
rectly measured. In a direct use, the model isesblm an analogous way to the one with the linear
time-variant objective function, with the only difence that parameters are time invariant.
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4.4, DYNAMIC MODEL VALIDATION

Thesimplified hourly methodescribed by the standard UNI EN ISO 13790 [3%josautomatical-

ly validated, so the RC model was validated in steps. Firstpest testprovided by ASHRAE
Standard 140 [48] have been used. This Standaxidprd8 test cases specially designed for valida-
tion of building energy simulation modethéy can be used for identifying and diagnosingljotese
differences from whole building energy simulatioftvgare that may possibly be caused by algorith-
mic differences, modeling limitations, input diéfieces, or coding errots

The ASHRAEDbest-testested are the following:

Case 600 — ThBase Case Low Mass Buildings a rectangular single zone, thus, all the com-
ponents are external'he internal load are continuous 200 W (60% ragkatd0% convec-
tive, 100% sensible). The infiltration rate is @b change per hour continuous. The me-
chanical system is a 100% convective air systera%d 6fficient with no duct losses and no
capacity limitation, no latent heat extraction, fpyoportional-type dual set point thermostat
with dead band, heating systems starts with inteéemaperature lower than 20°C and cool-
ing systems starts with internal temperature grehta 27°C;

Case 620 East/West Window Orientation Tést Low Mass Building, as 600 except for win-
dows orientation;

Case 640 dThermostat Setback Tdst Low Mass Building. From 23:00 to 07:00 heat @®N
zone temperature is lower than 10°C, from 07:@Bt00 heat ON if zone temperature is greater
than 20°C, all hours cool ON if zone temperaturgresater than 27°C, otherwise mechanical
equipment is OFF;

Case 650 Night Ventilation Testor Low Mass Building. From 18:00 to 07:00 vent fa ON,
from 07:00 to 1800 vent fan is OFF, heating is gsv@FF, from 07:00 to 18:00 cool is ON
if zone temperature is lower than 27°C, otherwisel s OFF, from 18:00 to 07:00 cool is
OFF, vent fan capacity is 1703.16/min addition to specified infiltration rate, atitere is
no waste heat from fan;

Case 600FF free Floating Temperature Tefslr Low Mass Building, as 600 except that there
is no mechanical heating or cooling system;

Case 650FF Free Floating Temperature Tesr Low Mass Building witiNight Ventilation as
Case 650 except that there is no mechanical heatitgpling system;

Case 900 — ThBase Case High Mass Buildings the same building model of 600 except for
heavier mass wall and floor;

Case 920 East/West Window Orientation Tést High Mass Building, as 620 except for heavi-
er mass wall and floor;

Case 940 Fhermostat Setback Tdst High Mass Building, as 640 except for heauass wall
and floor;

Case 950 Night Ventilation Tesfor High Mass Building, as 650 except for heaviess wall
and floor;
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- Case 900FF Free Floating Temperature Tefsir High Mass Building, as 900 except that there
is no mechanical heating or cooling system;

- Case 950FF Free Floating Temperature Tdst High Mass Building witiNight Ventilation as
950 except that there is no mechanical heatingamg system.

The results of tested cases are reported in tlesviol tables.

Tab. 16 -Annual Heating Energy Needs Results for AARRAE BEST TEST and RC model

ASHRAE BESTEST RC model Validation
Case Number Status
Lower Bound | Upper Bound
[MWh] [MWh] [MWh]
600 4,30 571 5,18 Yes
620 4,61 5,94 5,08 Yes
640 2,75 3,80 2,46 No
650 0,00 0,00 0,00 Yes
900 1,17 2,04 2,08 No
920 3,26 4,30 3,64 Yes
940 0,79 1,41 1,07 Yes
950 0,00 0,01 0,00 Yes

Tab. 17 -Annual Cooling Energy Needs Results for AARAE BEST TEST and RC model

ASHRAE BESTEST RC model Validation
Case Number Status
Lower Bound | Upper Bound
[MWHh] [MWHh] [MWh]
600 6,14 8,45 6,52 Yes
620 3,42 5,48 4,56 Yes
640 5,95 8,10 6,25 Yes
650 4,82 7,06 5,23 Yes
900 2,13 3,67 2,79 Yes
920 1,84 3,31 2,94 Yes
940 2,08 3,55 2,61 Yes
950 0,39 0,92 0,78 Yes

Tab. 18 -Annual Maximum Temperature Results for ASHRAE BEST TEST and RC model

ASHRAE BESTEST RC model Validation
Status
Case Number | | ower Bound | Upper Bound
[°C] [°C] [°C]
600FF 64,9 75,1 55,91 No
650FF 63,2 73,5 55,18 No
900FF 41,8 46,4 44,69 Yes
950FF 35,5 38,5 37,41 Yes

Tab. 19 -Annual Minimum Temperature Results for ASHRAE BEST TEST and RC model

ASHRAE
Case Number

BESTEST

Lower Bound | Upper Bound

RC model

Validation
Status
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[°C] [°C] [°C]
600FF -18,8 -15,6 -13,0 No
650FF -23,0 -21,0 -18,8 No
900FF -6,4 -1,6 -1,6 Yes
950FF -20,2 -17,8 -16,3 Yes

Secondary, the model was validated through thedeam Standard UNI EN 15265 [49] that provide

12 validation tests. European Standards, in fa&sdhot impose any specific numerical technique for
the calculation of the energy requirements for rdaating or cooling and the internal temperatures.
Accordingly, for the validation of any existing or new numerisalution to the assumptions and the

procedures defined, the procedures included indlaase shall be satisfied, and the results shall b

within the range indicated for each tést

The UNI EN 15265 alidation casesire the following:

- 1 - TheReference casehave external opaque wall and shaded glazingraystly on west fa-
cade, adiabatic internal vertical wall, adiabaétirng and adiabatic floor. The internal gains are
20 W/m? (100% convective) from 8:00 to 18:00, alying weekdays. The ventilation rate is 1
ACH from 08:00 to 18:00, only during weekdays, &mele are no infiltration. The heating sys-
tem have a continuous operation all days of th&wath a set point for heating of 20°C with no
dead band and a set point for cooling of 26°C witliead band,

« 2 —Astest 1 thange inertiaof ceiling and floor components;

« 3—Astest 1 Ho internal gains

« 4 —Astest 1o solar protection

- 5 — Astest 1 #ntermittent heating and coolingith unlimited power: heating and cooling are
used only from 08:00 to 18:00 during weekdays;

« 6 —Astest 2 intermittent heating and cooliras for test 5;

« 7 —Astest 3 intermittent heating and cooliras for test 5;

« 8- Astest 4 intermittent heating and cooliras for test 5;

« 9 -—Astest5 external roof

« 10 - As test 6 external roof

« 11— Astest 7 €xternal roof

- 12 — As test 8 external roof

The Energy needs results are compared to refevahges, as recommended by the Standard, with the
following formulation:

(QHC_QHC,ref)
Qtotref

rQuc = Eq. (30)
where:

Qx clis the seasonal Energy Needs (separately for Heatitt for Cooling) calculated by the RC model;
Qucrefis the seasonal Energy Needs (separately for Heatith for Cooling) provided by the Standard,
Qutreris the yearly Energy Needs (the sum of Heating@oaling demand) provided by the Standard;
rQuc is the accuracy of the model used.

The model is validated if the resultingy&ds lover than 0.15 and there are three levelsairacy:

. AifrQuc<0,05;
. BifrQucs<0,10;
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. Cif rQuc<0,15.

The results of tested cases is reported in thewoil tables.

Tab. 20 -Annual Heating and Cooling Results for UNEN 15256 validation cases.

i . Heating Cooling
NS ;zir H?gt:{ng Ccr)(%llcng Validation | Validation
Level Level

1 -0,01 0,06 A B

2 -0,01 0,05 A B

3 -0,05 0,00 B A

4 0,02 0,13 A C

S -0,05 0,07 B B

6 -0,10 0,06 C B

7 -0,21 -0,01 No A

8 -0,03 0,01 A A

9 -0,05 0,04 A A

10 -0,03 0,06 A B
11 -0,19 0,00 No A
12 -0,05 0,00 B A

4.5. OPERATION DATA ANALYSIS

In this research two main inverse models are Usedir regressionandARX model. The first one is
the simplest approach to estimate the line thaiesepts the data collected and, hence, it is aldsti-
mate better linear or nearly linear processes.AR¥ model, instead, is an AutoRegressive model with
an eXogenous input; it is a regression but coeegltdte output data in time and, for that reasas,ahe

of the most used models for estimating dynamicstiesys [50]. This kind of model (ARX) is also used
to estimate the parameters used by the Model Fivedicontrol described in Section 4.6.

As explained in the previous chapters, a detaitenlgy simulation, which is normally done during the
design phase, is important in order to understamahdicative energy needs of a building, but,rduthe
operation phase of it, the real energy consumpaoa®ften very different with the ones predicieel{(
formance gap problem). Normally the gap is dueifferdnt kind of errors and uncertainties occurred
during design, construction and operation phases tan be analyzed and correct using inverse fmode
and parameter identification techniques able tdraband monitoring the energy consumptions both
online and offline. The inverse modeling techniquire$act, are able to analyze real data in orolélen-

tify and verify some basic parameters of the bagdiperation [35,51,52]; this makes possible toimon
tor and detect any malfunctions of the buildingaplsystem, but also to calibrate optimization medel
and predictive control tools [53].

For example, &éinear regressiorpermits to get &lobal Coefficient of Dispersiofilom the analysis of
Monthly Energy Consumption®@nergy signature)ls important to underline that, the heat balasfca
building, from which result the energy consumptjessnainly influenced by the losses and the main p
rameter that influence the losses is the GlobaffiCmat of Dispersion that is a sum of the Heaarisfer
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Coefficients for Dispersion and Ventilation. Thigot values, during the design phase are difficult to
achieve, the first one because the thermal chasditte of the materials attested by the producars
greatly vary after the installation [54,55], whitee second one because it is difficult to predict.

Then, another key feature that affects the theb@laihce is the Heat Capacity and, for examplé,Rx
modelallows to obtain th&@ime Constantf the building which is the ratio between the GloBapacity
and the Global Coefficient of Dispersion, analyzimg Hourly Free-Floating Temperatures.

As already mentioned, however, these inverse madel®e used not only for monitoring (off-line)t bu
also for control and optimization techniques (tbndine). Further, in energy management fieldsaat,

it is spreading more and more the use of macharaitey techniques which provide to learn, and tben
predict and to adapt the systems to differenttsiios, using data analysis.

In conclusion, considering the current developmants recommendation [56], the most effective ap-
proach (in terms of cost and benefit ratio) seentetthe following:
» daily and monthly data analysis for static paramsetEntification;
* hourly data analysis with limited sampling of tinméervals (2-3 days) for dynamic parameters
identification.

In the next sections will be presented, firstly thethod used to estimate the parameter and belwe-t
verse models, some comments on the uncertaintysiahd the statistical indices used to evalingte t
estimated parameters. Then the inverse modelsviallilbe described in order of complexity: starting
from the two ARX models used to identify the partersefor the optimization model and then the linear
regression used to monitoring the global buildiispersion coefficient (H).

4.5.1. PARAMETERS ESTIMATION PROCEDURE AND UNCERTAINTY ANALYSIS
In general, a linear regression has an equatitredbrm:

Yy, =0, +a,x+y, Eq. (31)

where:
» jis equal to the number of observations, j = 1,...,n
* y;is the dependent variable;
» X isthe independent variable;
* op+agX is the regression line;
* 0p Iis the intercept (the value of y when x = 0);
* o isthe slope of the regression line;
* U is the statistical error.

The most common method for estimating the unknoamrpeterx in a linear regression model is the
method of least-squares (LS). This method calaulhie best-fitting line for the observed data bgimi
mizing the differences between the observed datalanregression line, or rather, by minimizing the
sum of the squares of the vertical deviations (S&iR) each data point to the line:

mini(yj '91')2
=

Eq. (32)
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where
* y; are the observed data;
 §;are the estimated data.

The minimization did for the research is computelatlab with the generic LS matrix formulation:
X=(ATA*A Yy Eq. (33)

where
» Xisthe estimated parameters matrix;
» Ais the design matrix that contains the independandbles;
» yisthe vector of observed data.

As said before, an important consideration is atfi@iaccuracy of the estimated parameters anchthe u
certainty of the data. These can be addressedwatmain kind of analysisnalytical or probabilistic

The first one is calculated with thariance-covariance matrix,Rhat depends, in general, on the "noise
corruption” of the observed data expresses witltdhrariance matrix {57]. The covariance matrix,R
usually depends on how the observed datae generate and, in the case of uncorrelatexs érie a di-
agonal matrix with the squared errors of the oleskdata (ﬁ) in the diagonal. It has to be noted that the
fully formulation of the LS method is:

X=(AR™A™AR") Eq. (34)
where the covariance matrix &n be eliminated just in case of equally accutata.

In other cases the whole formulation expressedji®) has to be used in order to consider tlwerr
of the observed data while the uncertainty of the estimated paramesetalculated with theariance-
covariance matrix Ras:

R =AR(A)

_ Eqg. (35)
with A"=(AR*A* AR

In case oModels 1 for example, the observed dgtare the monthly energy needs Q, that can be affect
ed on instrument errors which cause equally ace@mabrs and, thus, Eq.(33) can be used. Howeeer th
energy needs can be convert, for example in the alarage powen [W/m? in order to directly corre-
late global coefficient of dispersion H in a moo&eenient unit, with the following equation:

Q

R,

Eq. (36)

where
« qthe daily average power [Wim
* Q the monthly energy needs [kWh];
* AT are the number of hours of the month [h];
Vs the volume of the heated/cooled spacg.[m
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The uncertainty of observed data, in this cas#jésto three errors:
* U Which depends on instrument errors [58];
* Uuan Which depends on the accuracy of the moment irctwthie monthly energy need is
recorded (i.e. if it is recorded the same day hacsame hour every month);
* Uy Which depends on the accuracy of the measurerhtiig beated/cooled volume.

Thus, itis calculated as:

1 2 Q 2 Q 2
“mf{ﬁj Wof*(‘ﬁ} Um”(‘wj Uy * Eq. (37)

Having different numbers of hours for each mortth, final errors in Rare non equally accurate, thus,
the Eq.(34) has to be used. This is important tedime that inverse models are very delicate aad w
must be very careful managing the data.

The probabilistic approach, instead, can be baseleobootstrapping method [59]. The latter is taah
on the fact that, having a certain amount of oleskdatay, it is possible to see the variation of the esti-
mated parameters varying more times the sample of observed daasicBlly, the objective is to esti-
mate the parameters many times, each time usiifteeent part of the observed data, so as to olatain
probabilistic distribution of the parameters.

Finally some statistical indices about the regogssan be calculated. One of the most used isosfé-c
cient of determination R-squaredf{fhat represent an indicator of the goodnesseofegression model,
evaluating how the data fit the estimated valués. ¢ can assume values from 0 to 1, where 1 means
that the data fitting is perfect and the formula is

1= Eq. (38)

* nisthe number of observed data;

* y; are the observed data;

 §j are the estimated data;

* yisthe average of observed data;

» the numerator is also called Sum of Square Res{8&R);
» the denominator is also called Total Sum of SqQUESS).

Other two statistical indices are calculated ireorih evaluate the estimation; the Nominal MeareBas
Error (NMBE) and the Coefficient of Variation (CYRoot Mean Square Error (RMSE) [60]. The first
measures the bias between estimated and obsegedutiadue to a compensation effect it is assessed
together with the CV(RMSE) which is calculated lsss RMSE normalized to the mean of the observed
values [61]. These indices are defined as:
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Zn:;(yi'yj)

NMBE = %‘— [100%
y - Eq. (39)
1
CV(RMSB==
y Eq. (40)
where

* nisthe number of observed data;
* y; are the observed data;
 §j are the estimated data;
* yisthe average of observed data.

Finally, a simple regression can be used in omlealibrate and analyze some static and monthéy trat
order to develop the linear regression and to egjilee total heat transfer coefficient of the bniglthe
first direct problem that is considered is a sifigali steady state thermal balance.

4.5.2. SiImPLIFIED DIRECT MODEL

In general, the building thermal load can be exga@sfor heating and cooling season, as the sum of
gains and losses, or rather the difference betiigeoutcoming and the incoming loads:

AQh = Qout - thin Eq (41)
AQC = Qin - chout Eq (42)

where @, and @ are respectively the incoming and outcoming loanld f, and £ are monthly
heat gains and heat losses utilization factors. [39]

In a simplified way the incoming and the outcomiogds can be expressed as:

Qin = Qsol + Qint Eq. (43)
Qo = Quet Qy Eq. (44)
where:

*  Qso s the heat loads from solar radiation;

* Qnis the heat loads from internal source (occupaglegfrical equipment, lighting ecc.);

* Quels the heat loads due to air exchange (infiltrasiod natural and mechanical ventilation);
* Qyisthe heat loads due to envelope transmission.

TheHeat Loadsare expressed, in a simplifisteady statemodels, as:
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Q= =19
Qu =2 U Eq. (46)
Q.=md6,-6,)= H(6-6) Eq. (47)
Q =D UAG-4)=H,(4-9) Eq. (48)

« |4 is the solar radiation [W/f

« gnare the internal gains [WAn

* mis the ventilation rate [kg/s];

» cis the specific heat of air [kJ/kgK];

* @ andd, are the internal and external temperatures [°C];
 Uis the thermal transmittance [Wi4;

« Aisthe area [A};

* Hyeis the global Heat transfer coefficient for veniila [W/K];

* Hy is the global Heat transfer coefficient for Trarssion [W/K].

Based on these assumptions, the building therradl diring the heating and cooling period are de-
fined as:

AQh :(Qve+ Qtr)_ fh(QsoI+ Qn)
= Hve(ei _ge) +H tr(ei —He) = f.(l so|+zqint) Eqg. (49)
= H (el _ee)_ fh(l sol+zqint)

AQC = (Qsol + Qnt) - fc( Qve+ Qtr)
= IsoI +Zqint - ch ve(ei_ge) + f(H tr(ei_ge) Eq- (50)
= IsoI +Zqint - ch (el _ge)

WhereH is the sum of the heat transfer coefficient fanimissiorH;, and ventilatiorH,. [62,63].

Then, in order to explore also the global capacéanf the building, alynamic expression of heat ex-
change is needed. The building capacitad@an be assumed as the ratio between the houripdhe
balance and the internal temperatures variationsgltihe same hour in a free-floating condition:

- AQdT — H (ei,t _Het) +Qso|
dgl (ei,t+1_€i,t)

C

—_— H H QSO
(Bi,t+l_9i,t) _Eau +Eeet +T|

H H f
9i,t+1 = (1_6)9” +Eeet +E Isol

Eq. (51)
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where:
« Cis the global thermal capacity of the buildingr{?K];
* AQ is the energy variation during time t;
* d6 is the internal air temperature variation duringgtt.

Based on Eqg. (49), (50) and (51) the inverse mduele been formulated, as described in the follgwin
paragraphs.

4.5.3. SIMPLIFIED INVERSE MODEL

Starting form Eq. (49) and (50) the regresditodel 1(Table 21) is created to derive physical parame-
ters as irenergy signaturenethodology [64]: correlating external temperatiyand the average daily
thermal poweg it is possible to obtain the global heat transbafficient H.

Tab. 21 - Model formulation for linear regression.

Inverse Model Regression Coefficient
ap = Hgi + fhlsol + Z Qint
qn = oy + a0, +u
a, = —H
Model 1
.BO = Isol + Z Qint — chgl
qc = Po + P18 +u
B = fH

It has to be noted that, with the heating dataes=gon, the H is directly obtained while, with suanm
consumptions, the estimated parameter containshedgdfactor, thus, it is not the pure H value.

Further, with the estimated parameters also thanBalPoint Temperatuig,can be derived as shown in
Table 22.

Tab. 22 - Estimated Parameters from linear regresen (Model 1).

Element Regression Paramete Uncertainty
H Heat Transfer Coefficienf [W/K o1 Aoy
Op | Balance Point Temperatute  [°C] aolay (ao/a)V[(Aag/ag)*+(Aar/on)?]

The latter refers to the outdoor temperature faclithe heating rate flux is zero or rather thepsatt
temperature is reached without energy needsoitpaanits to derives the average free-running teanpe
turedy [63] as:

O =646 0 Eq. (52)

The free-running temperatuég represents the average internal temperature irflé@ing condition
and it can be helpful in order to estimate the ipdi$g to use free-cooling and ventilation duritige
middle season (spring and autumn) [63]. Using thplgcal view (Fig. 12) it is possible to see tlat:
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the heating system will be turn ON when the fra@nog temperature is lower than the heating settpoi
temperature, (ii) theentilationcan be used when the free-running temperatuighehthan the heating
set-point temperature and the external temperauosver than the cooling set point temperatuig, (i
the free-coolingwill be usable when the free-running temperatargigher than the cooling set-point
temperature and the external temperature is |dveer the cooling set-point temperature, (iv) thdingo
system will be turn ON when the external tempeeaisithigher than the cooling set-point temperature
[63].Further, with the graphical view it is possilib see directly the Balance Point temperaturdseiat-

ing and cooling seasons which, in this case, apeatively around 11 and 26 °C. It means that gag-h
ing system will be turned ON when the external terafure will be under 11°C, the cooling system if
upper than 26 °C while the ventilation and freeliogdoetween 11 and 26 °C.

401
36 /
e

32

Free Running Temperature

External Temperature

g FC

26 73 Cooling Set Point Temperature

22 Heating Set Point Temperature

Lo AN

Internal Temperature
[°C]

14-

10+

2 6 10 14 18 22 26 28
External Temperature
["C]

Figure 12. Graphical view of internal conditions duing the year respect the external temperature; Hs the
heating period, V is the ventilation period, FC ighe free-cooling period and C is the cooling period

It has to be noted that, this graph and the carrelipg free-running temperature can be used italc's
way (using the linear regression with monthly epergeds) in order to give a general idea of themat
conditions compared to the external temperatur@gltine whole year, but it can be more useful asec

of an online calculation and a continuous calibratof the free running temperature, considering als
hourly data of internal gains and solar radiatiurther, the Balance Point Temperature and theseons
guent Free Running temperature has to be calculatedoth heating and cooling energy needs linear
regressions; for simplicity here just one grapteorted but in the following chapter more detailsbe
presented.

Based on Eq.(51) instead, the ARX model is fornadlat

pag. 81



ABCPhD
DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

Tab. 23 -Model formulation for ARX Model.

Inverse Model Regression Coefficient
f
Yo = Elsol +tu
H
Model 2 Oier1 = Yo+ V10ir V200 +u yi=(1- E)
_H
Y2 = C

In this case, the ARX model permits to evaluatetithe constant of the building using hourly data of
internal free-floating temperatur@)(and outdoor temperature:X. The time constantis calculated as
the ratio between the heat capacity C and the Ighaad loss coefficient H and measures how rapiraty
internal temperature changes according to exterpats [65]. It should be underlined that, the ticoa-
stant is a dynamic parameter and, in fact, is ddry hourly data.

Tab. 24 - Estimated Parameters from ARX Model (ModE2).

Element Regression Parameter Uncertainty

7 | Time Constan{ [h] Vb Ayal(y2)?

Considering both the insulation and the inertia,titme constant is able to express the buildinguaya
better than the heat loss coefficient; buildingsfact, do not respond instantaneously to the eadter
internal heat sources and, also during the witlterinfluence of the mass can be high. Furthertirtine
constant has a direct effect on the evaluation) eb(nfort, because influences also the surfac@éean
ture and thus the operative temperature, andr@ygy savings, because it explains the possilbdity
store energy and, thus, the intermittent heatingagiag.

4.6. MoDEL PReDICTIVE CONTROL

As anticipated, in recent years, a fast developroéteéchnical and control tools for energy optimi-
zation is ongoing. The main characteristic thatreseded to enable this development are:

» Ability to predict energy needs and relevant quagifor modeling comfort;

» Usability in real time (online) operation.

A Model Predictive Control (MPC) consists of anioptzation model able to run online and suita-
ble to determine control actions with an optimizegic. Therefore, MPC is itself an optimization
model, which follows the general structure desdiimeSection 4.3.
In general, the following data are used in modeling
* Objective function:
Energy demand;
Cost of energy services;
CO, emission.
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» Variables:

Power demand (continuous);

Violations of set-point temperature (continuoug)][3

Technical system activation (binary, switch amomng tomfort model [66-68]).
» Constraints:

- Power (always positive);

Temperature bounds (considering violations);

Power limits (maximum power dependent on systemng)z

Boundary conditions (initial-final temperature);

Comfort bounds (identify violations of bounds witspect to comfort categories, in

a graphical or numerical way).

The first goal, in this research, is to reducedahergy demand (and consequently the related use of
energy carriers for building services), keeping itternal temperatures within a certain comfort
band, determined based on comfort models. Thusd,thie model of thermal building dynamics has
to be described in order to obtain the internalperatures. After that, the comfort model has to be
considered to formulate constraints (predictedriveetemperatures will have to remain within
boundaries). In conclusion in the following pargdrahese two essential elements will be shown:

* Model Predictive Control formulation (optimizatiomodel used for control purpose;

» Fanger Comfort Model reduction [66-68] suitable tfee implementation in MPC.

4.6.1. OpTiMIZATION MODEL FOR MPC

The optimization model for MPC is formulated in erdo finds the minimum energy needs that
satisfies the constraints with a limited possipitid violate them, or rather with a certain flekitiyi

on the set-point temperatures [34]. In generalothjective function can incorporate economic (op-
eration cost) and environmental (€@€mission) criteria, but in this case the priorgygiven to the
guantification of the energy savings. The optim@aimodel is formulated as follows:

S.t. V; @y < Py max
Vj CDC,j < CDC,max

n
vi Zi:l(esp,H,j - gred,H,j) < gred,limit,i

n
vi Z(ered,c,j - gsp,C,j) < Hred,limit,i

i=1
Vi (Ospj = Oreanj) < Oreaimi,
Vi (Breac = Ospc,i) < Oreaimits
V) (rean X ou;) = (Ospj X On;j)
Y (0reac X 0cj) < (Bspc X 0c;)
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variable$® @y, Oc Ored H.Ored.c
where
e jis the hourly value;
e iisthe daily value;
e @y is the calculated hourly energy needs for hegismipd;
e @ is the calculated hourly energy needs for cogtiagod;
* Dy maxis the maximum power available during the heapiagod;
*  ®c maxis the maximum power available during the coolpegiod;
* 0reqnare the degree-hours violated during the heatimgg calculated by the MPC;
* Oreqcare the degree-hours violated during the coolergpp calculated by the MPC;
*  Oreqiimit are the maximum degree-hours/day of violation iregii
* 0sp,nis the hourly set point temperature for heatingaguk
* Osp,cis the hourly set point temperature for coolingqe
* oyis the hourly mode of heating system (ON or OFF);
* ocis the hourly mode of cooling system (ON or OFF);

4.6.2. COMFORT MODEL

As explained before, once obtained the predictianternal temperatures based on the actual ones,
a comfort model has to be added and it is derivexh fFanger Theory [66-68].

The premise of the environmental well-being is tlue set of physical variables and the HVAC
systems have just the purpose of controlling appaitgdy the values of some of these quantities
within the built environment.

The main parameters from which the thermal comfefiends aréemperature humidity and air
velocity but also theadiant temperatureand theair quality can be evaluated. As mentioned, the
MPC presented in this research will control two maariables that are thedoor air temperature
0i++1 and thesurface temperaturés 1.1 (which represents the radiant temperature). Firtabyppera-

tive temperatur®q 1+1is derived in a simplified way from the previousottemperatures as:

Oope+1 = (fop X 9i,t+1) + [(1 — fop) X 05,t+1] Eq. (54)

wheref,, is a percentage that can be chden

Further the human thermal sensation is tied tdithrman body thermal energy balance which is in-
fluenced by physical activity (metabolic rate) anoim clothing. Themetabolic rateM expresses
the energy produced by the body in a range of tiima, is partially converted in work L and par-
tially in heat load Q; the unit is the MET that regents the metabolic rate in a quite condition and
is equal to 58 W/Mmwhere the area is referred to the human body susétiequal to an average of
1,8 nf.The next table reassumes the main values of Mctirabe referred to the residential and ter-
tiary uses [66,67].

12 All the variables have to be positive
*The same equation is used in the RC model (sec#i@hd and 4.2.5, Tables 7 and 10) as suggestétkelftandard
13790:2008 with g equal to 0.3.
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Tab. 25 -Metabolic Rates due to different kind of Ativity.

. Metabolic rate (M)
Activity
Wim, MET

Lying 46 0.8
Sitting 58 1.0
Sedentary 70 1.2
Light standing 93 1.6
Average Standing 116 2.0
Walking (2-5 km/h)| 110-200 1.9-3.4

Theclothingvariable is calculated with its resistangeuhd the unit is the CLO (0,155°K(W) that
corresponds on an average resistance &uaopean cloth used in a medium sedsdine next ta-

ble reassumes the main values of clothing thateareferred to the residential and tertiary uses in

temperate weather [66].

Tab. 26 —Clothes Resistances due to different kinaf clothes.

Clothes Resistance ()
Clothes >
m-K/W CLO
Naked 0 0
Summer Clothing 0.05 0.3
Medium Clothing for Internal use 0.11 0.7
Winter Clothing for Internal use 0.16 1
Winter Clothing for External use 0.23 15

The human body thermal balance, in conclusion beaassumed as:

Q=M—-E-B—-(R+0) Eq. (55)
where

* Qis the thermal power emits or absorbed by theambody;

* Mis the metabolic rate;

* E is the thermal power dispersed for evaporation;

» B is the sensible heat dispersed with breathing;

* R s the thermal power dispersed for radiation;

» Cis the thermal power dispersed for convection.

In order to have a comfort model, thus, is impdrtanevaluate the well-being condition that is
reached with a condition of "thermal equilibriumrather when Q is equal to zero [66-68].

Then, Professor Fanger presents a theory basedtatistical global index of the well-being condi-
tion called PMV (Predicted Mean Vote). The PMV eegses a numerical vote of the thermal feel-
ing between 7 different conditions.
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Tab. 27 -PMV from Fanger Theory

PMV | Thermal Feeling
+3 Too Hot
+2 Hot

+1 Warm

0 Neutral

-1 Cool

-2 Cold

-3 Too Cold

A simplified expression of the PMV formulation [66&n be used when the Metabolic rate is be-
tween 1 and 2 MET, the air velocity is lower thaf th/s and the clothes resistance is higher than
0.5 CLO. The reduced model has an acceptable ancalso outside these boundaries, for example
with air velocity up to 0.2 m/s and clothes resisg@of 0.4 CLO. It is easy to see that, for a gener
tertiary and residential uses, this conditionssatésfied and the equation is:

PMV = (0.092 — 0.03M) [43.61M+40.12M1a+14-.611Cl+4.4-4(9i+Gmr)—305]

1+1.38I¢; Eq. (56)
where

* Mis the metabolic range;

* lg is the clothes resistance;

* 0 is the internal air temperature;

* Onris the mean radiant temperature that is set équbk surface temperatuie

In conclusion, using Eq.(56) it is possible to fyeif the predicted temperatur€g.; and6s +lead
to an acceptable PMV, otherwise the action vargblen the state space model will be changed.
The limits of acceptable PMV is considered an input

4.7. MoDEL OUTPUT AND VISUALIZATION OF RELEVANT QUANTITIES

Finally, it is possible to summarize the relevamagities that are obtained as model output and are
suitable for visualization. The objective of theearch is proposing an integrated direct and ievers
modeling approach to be used across building ffdecphases, able to support multiple tasks such
as performance monitoring, energy management, gireglicontrol, etc.

Visualization is necessary in all tasks that afesomrse, automated but require, at the same @ame,
supervision by practitioners. The relevant quaggitare subdivided according to thermal zone and
system levels and to the dynamic and stationaryefsaehd reported in the following table.
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Tab. 28 - Static and Dynamic Data for Zone and Sysin level.

Internal air temperature, surface temperature (madiant), operative

temperature, verify set-point/set-back temperature

Violation of set-point heating/cooling
External air temperature

DYNAMIC PMV — PDD
Adaptive comfort boundary
ZONE LEVEL Load profile (heating/cooling)

Part-load operation of technical systems
Occupancy patterns Vs Technical system operatitienpa

Building balance (monthly)
Energy signatures
Free running temperature
Bin data method
Cost function (electricity tariffs)
Cost (dynamic)
Load matching (buy/sell to grid)
DYNAMIC Load matching (producti_on_/demand) (eventqally irdgign with other
SYSTEM MILP strategies for optimization of whole-site egygmanagement,
LEVEL including storage)
Part load operation of technical systems
Virtual storage, dispatch flexibility
Building balance at the meter level (buy/sell tmjr

Building balance at the meter level (production/ded)

STATIONARY

STATIONARY

In this way, it is possible to identify all the eghnt elements that are necessary with respebeto t
multiple tasks reported before, both at the whaldgding level (system level) and at single zone
level. The subdivision according to dynamic andi@t@ry models depends on the granularity of
data available, for dynamic models hourly/sub-hpddta are available, for stationary models dai-
ly/monthly data are available.
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5. APPLICATIONS

Following the general structure of chapter 3.6B&CS and Building Energy Management and the
reduced order Building Energy Models describedhapter 4., a case study is used in order to ana-
lyze the overall methodology presented in the thetarting from a phase of Operation Data Anal-
ysis (see chapter. 4.5.), in fact, the Model PtedicControl (see chapter. 4.6.) was used to opti-
mize the energy consumptions and evaluate thenateomfort.

In detail, the following steps are described i thapter:
» comparison between detailed and simplified enemgylation models;
» direct model calibration by means of data analysis;
* parameter identification with inverse models;
e optimization and energy management.

It should be recalled that the research goal sbtain a procedure that can analyze and verify dif-
ferent moments (e.g. seasons, week and weeken bbtine day etc.) and, thus, operation typolo-
gy (e.g. heating, cooling, ventilation etc.) requdirto control and monitoring the energy needs,
aimed at optimizing and, therefore, reducing thesconptions ensuring the desired comfort.

As already explained in Chapter 3, often, the dafata needed to run an optimization algorithm
are not available, then it is possible to use &g simulation model and identification technique
in order to get them. Anyway, to do this, the mdus to be easily calibrated with some real data.
To calibrate a detailed energy simulation softwaregh as EnergyPlus (EP) or Trnsys, it's very
complicated because of the high number of inpud daeded. Hence, the lumped parameters model
(RC) is investigated and used here.

Firstly, a comparison between models is presemadder to verify that the calculated energy from
the simplified model (RC) corresponds to what ikwated using the detailed one (EP), then,
through data analytics the optimization phase alishown. Starting from monthly actual data the
main lumped parameter (heat transfer coefficiemnd global capacity C) will be analyzed to cali-
brate the model and then, with hourly data simdlatgh the calibrated model, the identification
phase will be tested. It has to be underlined thatase of available data concerning hourly thérma
energy demand, internal air and surface tempegttite identification phase can be done directly
with them.

Finally the optimization algorithm (MPC) is useddrder to show the possible energy saving com-
paring with the comfort category.

5.1. CASE STUDY DESCRIPTION

The case study is a residential complex locateRadano, province of Milan (latitude 45°28'N,
longitude 9°21'E and altitude 112 meters a.s.|p THal area is about 10'800°rand the built area
is approximately 14’800 f(7'500 nt above ground and 7'300underground). The property in-
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cludes three buildings arranged around a courtgaddcomposed of a basement, two floors and an
attic floor with a total of 59 housing units. Theildings are directly connected to each other
through the basement where all the service areabnical rooms, garages and direct accesses to
the staircases are located. In the central couttyarally, two separate buildings designed for-spe
cific activities have been planned (i.e. gym anthown room).

Tab. 29 - Apartments distribution on the case study

Building | Number of Apartments  Gross Floor Area (abground) [rfi
1 16 2'137
2 13 1'441
3 30 3'976
Tot 59 7'554

The building design followed some simple sustaieahles as window shading and natural ventila-
tion strategies. Regarding the shading analysesatba is free from external buildings that obstruc
the solar radiation, while the complex is configlsich as to avoid as much as possible the self-
shading. Every single building, however, has desgltangs on the worst orientation achieving, in
summer, to stop the incident solar radiation. Teyral ventilation has been favored in almost all
units by a double facing layout, allowing an effeetcross ventilation that can be used as a passive
cooling system and for air quality improvement.
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Figure 13. Case Study: Ground Floor Plan.

The orientation is basically imposed by the presesfcthe internal court, towards the bigger open-
ings over look; Buildings 1 and Buildings 3 are mgioriented along the North-South axis while
Building 2, the smallest one, is oriented on thetBest axis. Thus, Buildings 1 has the main view
on West, Building 2 on South and Building 3 on East exception is made for the apartments on
the southern part of Buildings 1 and Buildings &tthave this facade more widely opened.

pag. 92



ABCPhD

DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

Finally, the building structure consists of pillasd slabs and special care has been taken on the
thermal characteristics of the external componéatg. windows, wall, roof and basement) that
have been designed to have a low transmittance \(#ie average transmittance of opaque compo-
nents is 0.2 W/AK while for the windows is 1.35 W/K) and a high global thermal capacity in

order to assure a time lag of more than 14 hours.

Tab. 30 - Main characteristics of opaque componenis design phase

Thickness Transmittance Time lag Module
Component 2

[m] [W/mK] (h]
External Wall of Apartments 0.49 0.19 23
External Wall of Cellars 0.48 0.22 23
External Wall of Attic 0.25 0.19 9
Wall between Staircase and Apartments 0.39 0.34 11
Wall between Apartments 0.32 0.38 12
Wall between Apartments and Hollow Spaces 0.26 0.32 7
Wall between Garage 0.15 1.47 3
Wall between Garage and Hollow Spaces 0.48 0.21 20
Wall of Hollow Spaces 0.40 2.64 10
Wall between Hollow Spaces 0.24 0.20 7
Floor of Garage (on ground) 0.68 1.50 18
Floor of Staircase (on ground) 0.83 0.30 2
Floor of Cellars (on ground) 0.89 0.24 21
Floor of Hollow Space (on ground) 0.50 2.12 13
External Floor of Apartments 0.57 0.21 21
Floor of Apartment (on staircase) 0.55 0.23 19
Floor of Apartment (on hollow spaces) 0.58 0.20 22
Roof of Apartment 0.21 0.17 4
External Ceiling of Apartment 0.62 0.21 21
Roof of Garage, Staircases and Cellars_1 0.43 0.23 14
Roof of Garage, Staircases and Cellars_2 0.45 0.23 14
Ceiling of Apartment (on hollow space) 0.39 0.27 13
Internal Floor of Apartments 0.50 0.38 18

Tab. 31 - Main characteristics of transparent compoents in design phase

Transparent Component Dimensions Transmittance Solar Heat Gain Factor
[m] [W/m?K] [-]
TC 1 1.4x0.9 1.37 0.57
TC 2 1.6x27 1.35 0.54
TC 3 0.7x2.7 1.37 0.57
TC 4 15x24 1.35 0.54
TC 5 14x24 1.35 0.54
TC 6 0.7x15 1.36 0.57
TC 7 1.6x24 1.35 0.54
TC_8 14x15 1.35 0.54
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TC_ 9 24x2.7 1.35 0.54
TC_10 0.8x0.8 1.8 0.57
TC_ 11 0.8x2.1 1.35 0.54
TC_ 12 14x2.1 1.35 0.54
TC_13 0.7x1.2 1.8 0.57
TC_ 14 0.6x0.8 1.8 0.57
TC_15 0.6x1.0 1.8 0.57
TC_16 1.6x1.5 1.35 0.54
TC_17 14x1.4 1.36 0.57
TC_18 26x2.7 1.35 0.54
TC_19 1.0x2.4 1.35 0.54
TC_20 0.7x2.4 1.35 0.54
TC 21 0.7x2.1 1.36 0.54
TC_22 1.0x1.0 1.36 0.57

Furthermore, the HVAC systems were chosen withatheto improve the energy performances of
the buildings, reducing the consumption and intéxggarenewable energy sources. The heating sys-
tem is a geothermal Heat Pump (HP) using water fterheat exchanger installed into the founda-
tion slab, and, alternately with groundwater pumgedugh a bore. The main technical details of
the HP are: nominal peak power of 240 kW, COP etpdl.6 with an inlet temperature of 35°C
and the EER equal to 6.4 with an inlet temperatiir22°C.The delivery system consists of radiant
floor panels (used both in heating and coolingqebriSpecially in heating operation, using a lower
water circulation temperature (35-45 °C), and #okition is able to increase the efficiency of the
system with respect to a traditional system withators. In summer, instead, the water temperature
has to be controlled in order to avoid condensatmmthe floor surface. This is guaranteed both by
the presence of relative humidity probes and byAinédandling Units (AHUs).Finally, the renew-
able energy is produced by a photovoltaic systemposed by two main parts; the first is dedicated
to the common areas and is composed by 416 moé@es(f) facing south and installed on the
northern part of the garden with a peak capacitplifut87 kW. The second is dedicated to the
private consumptions and occupies a total aread@fita480 M with 215 panels located on the roofs
and oriented on East and West with a total peakep@iv19.46 kW.

Then, a home automation system permits to monitdrcantrol different areas:
» the internal conditions of each thermal zone (teeoee and humidity values);
» the systems configurations (the operational sthtkeoplants, the water temperatures on the
distribution systems, the power used by the HR);etc
« the external consumptions as emergency lightingrgemcy power supply and irrigation of
green areas.

5.2. BUILDING ENERGY SIMULATIONS

The case study was used, in a first step, in omevaluate the simplified model explained in
Chapter 4. First of all a comprehensive energy Etran models based on EnergyPlus (EP) [1] that
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is a detailed building energy simulation softwareluding all relevant building physical processes,
is presented. The detailed simulation is usefuampare the results obtained with the lumped pa-
rameter model (RC) in order to demonstrate thatdtier is accurate enough although for the anal-
ysis of more complex building than thest testsooms used for the validation [2,3].

The building used for this first step simulatioraph is Building 1las it can be considered a mean
between Building 3 that is the biggest and most @l the Building 2 that is almost empty. This
is important to be stressed because the unsoldnagrais have a negative influence on the con-
sumptions increasing the global heat transfer eoeffit of the building.

Tab. 32 - Unsold Apartments in the Case Study buildgs

Unsold apartments Unsold apartments
Total number of apartments
2014-2015 2015-2016
Building 1 16 4 25% 4 25%
Building 2 13 9 70% 7 54%
Building 3 30 10 37% 4 13%

5.2.1. DETAILED SIMULATION

In order to run the detailed simulation with End?tns, the building has been divided in different
zones; in particular the 16 apartments have beaded into 28 thermal zones and the other com-
mon spaces in 19 non-heated zones, or ratherr8asgaiblocks, 4 garage areas, 2 big hollow spaces
in the basement and 10 little hollow spaces irettie floor.

Tab. 33 - Thermal Zones Division of Apartments

Apartment ) Thermal Zone Heated Floor
Number Staircase Floor Code Area[m?]
1 A Ground Floor 1 E1 GF 62
2 A Ground Floor 2 E1 GF 107
3 A Ground Floor 3 E1 GF 79
A First Floor 4 E1 FF 84
4 A Attic 4 E1 A 66
5 A First Floor 5 E1 FF 75
A Attic 5 E1 A 53
5 A First Floor 6 E1 FF 71
A Attic 6_ E1 A 75
- A First Floor 7 E1 FF 75
A Attic 7_E1 A 68
B Basement 8 E1 B 46
8 B Ground Floor 8 E1 GF 82
B Basement 9 E1B 46
o B Ground Floor 9 E1 GF 81
10 B First Floor 10_E1 FF 82
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B Attic 10_E1_A 64
B First Floor 11 E1 FF 81
1 B Attic 11 E1_A 63
12 C Basement 12 E1 B 46
C Ground Floor 12 E1 GF 67
13 C Ground Floor 13 _E1 GF 99
C First Floor 14 E1 FF 67
14 C Attic 14 E1_A 49
C First Floor 15 E1 FF 42
15 C Attic 15 E1 A 33
15 bis C FWstﬂoor 15§B_E1_FF 57
C Attic 15his E1 A 46
Tab. 34 - Non-Heated Zones of Building 1.

Staircase Floor Thermal Zone Code Floor Aredm?]
Staircase_A Basement to First Floor| A E1 135
Staircase_B Basement to First Floo B E1 81
Staircase_C Basement to First Floof C E1 81

Garage_A Basement A E1 B 37

Garage_B Basement B E1 B 142

Garage_C Basement CE1lB 120
Garage_D Basement D E1B 45

HollowSpace_A Basement INT_ A E1B 367

HollowSpace_B Basement INT_ B E1 B 157
HollowSpace_Apt4 Attic INT_ 4 E1 A 5
HollowSpace_Apt5 Attic INT 5 E1 A 19
HollowSpace_Apt6 Attic INT_ 6 E1 A 7
HollowSpace_Apt7 Attic INT_7 E1 A 8
HollowSpace_Apt10 Attic INT_10 E1 A 3
HollowSpace_Aptll Attic INT_11 E1 A 3
HollowSpace_Apt10-11 Attic INT_10-11 E1 A 4
HollowSpace_Aptl4 Attic INT_14 E1 A 3
HollowSpace_Apt14-15 Attic INT_14-15 E1 A 9
HollowSpace_Apt15bis Attic INT_15bis E1 A 3
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Figure 14. Basement Plan of Building 1.

Figure 15. Ground Floor Plan of Building 1.

Figure 16. First Floor Plan of Building 1.
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Figure 17. Attic Floor Plan of Building 1.

Then, for each thermal zone, all the opaque anmparent components have to be assigned; the
materials and the relative thermal characterisdieslisted on the next table. In detail, 23 opaque
components with 31 different materials (of whichren@1 are insulation layers) and 22 transparent
components (Tab. 31 - Main characteristics of fpansnt components in design phasel) are used.
It has to be note that all the data come from teethisheets and drawings given by the builders.

Tab. 35 - Materials used for the detailed simulatio

. i Thickness | Conductivity Density | Specific heat
Name of Single Layer Material 3
[m] [W/mK] [kg/m?] [J/kgK]

Brick High Resistance 1 0.120 0.251 600 840
Brick High Resistance 2 0.080 0.231 700 840
Brick High Resistance 3 0.120 0.190 930 840
Brick Vela Alveolater 1 0.150 0.201 800 1000
Brick Vela Alveolater 2 0.200 0.220 800 1000
Brick Vela Alveolater 3 0.380 0.140 725 1000
Ceramic Tile 0.020 1.163 2000 840
Concrete 0.20 1.909 2400 1000
Expanded Polystyrene (EPS) 0.080 0.036 30 1340
Fir 1 0.080 0.150 450 1700
Fir 2 0.025 0.120 450 1700
Hollow-core Concrete Slab 0.250 0.740 180( 840
Lightweight Screed with EPS Variableg 0.088 350 1000
Mortar Variable 0.900 1800 1000
Radiant Floor Panels 0.025 0.037 125 1030
Reinforced Concrete Variable 1.910 2500 850
Reinforced Concrete Slab 0.200 1.910 250 850
Rock Wool Panel Airrock 0.060 0.035 70 1030
Rock Wool Panel Durock 1 0.080 0.033 170 1030
Rock Wool Panel Durock 2 0.120 0.038 170 1030
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Rock Wool Panel Frontrock 1 Variable 0.036 90 1030
Rock Wool Panel Hardrock 0.160 0.040 190 1030
Rock Wool Panel Superrock 0.080 0.035 35 1030
Rock Wool Rigid Panels 1 0.050 0.040 150 1030
Rock Wool Rigid Panels 2 0.100 0.035 150 1030
Screed (sand and cement) Variable 0.930 1800 840
Sound Dampening Panels 0.005 0.033 10( 920
Vapor Barrier 0.002 0.187 30 900

Waterproof Barrier 0.008 0.230 1700 900

Wood Fibers Panels 0.020 0.067 300 1500
Wood Panels OSB 0.019 0.140 620 1700

Finally, schedules have been created in order sorite the operation of the building and users’
profiles. In detail, as shown in Tables 36-37%aoatinuous profileconsiders, for used apartments
(heated zongs continuous internal gains (IG), natural ventdatair changes (NV), heating and
cooling operation set-points (H,C) while awermittent profileconsiders, for used apartments, con-
tinuous internal gains and natural ventilation the heating system is ON 10 hours for 183 days
(from 15" of October to 18 of April) and the cooling system is ON 10 hours 182 days (from
16" of April to 14" of October). The H/C schedule is really used s d¢hse study and, thus, it will
be used for all the other simulations in this chaps the “actual” H/C schedule.

For non-heated zonas non-sold apartments, garages, staircases dod lspaces other values are
assigned and, in detail, non-sold apartments alldvihepaces are considered with no internal gains
and a minimum air change rate due to infiltratiorisle garages and staircases are considered with
higher natural ventilation and low internal gaingedo lighting (see Table 38).

Tab. 36 - General Schedules foid eated Zones

Unit Continuous Operation Intermittent Operation
[W/m?| 4 4
Internal Gain (IG) [h/day] 24 24
[daylyear] 365 365
[1/h] 0,3 0,3
Natural Ventilation (NV) [h/day] 24 24
[daylyear] 365 365
[°C] 22 Variable
Heating System (H) [h/day] 24 10
[daylyear] 183 183
[°C] 26 Variable
Cooling System (C) [h/day] 24 10
[daylyear] 182 182
Tab. 37 - Hourly Schedules foHeated Zones
Continuous Operation Intermittent Operation
Hours IG NV H C IG NV H C
Wim? | [1/h] | [°C] | [°C] |[Wi/m?]| [1/h] | [°C] | [°C]
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1 4 0.3 22 26 4 0.3 19 30
2 4 0.3 22 26 4 0.3 19 30
3 4 0.3 22 26 4 0.3 19 30
4 4 0.3 22 26 4 0.3 19 30
5 4 0.3 22 26 4 0.3 19 30
6 4 0.3 22 26 4 0.3 19 30
7 4 0.3 22 26 4 0.3 22 26
8 4 0.3 22 26 4 0.3 22 26
9 4 0.3 22 26 4 0.3 22 26
10 4 0.3 22 26 4 0.3 19 30
11 4 0.3 22 26 4 0.3 22 26
12 4 0.3 22 26 4 0.3 22 26
13 4 0.3 22 26 4 0.3 22 26
14 4 0.3 22 26 4 0.3 22 26
15 4 0.3 22 26 4 0.3 19 30
16 4 0.3 22 26 4 0.3 22 26
17 4 0.3 22 26 4 0.3 22 26
18 4 0.3 22 26 4 0.3 19 30
19 4 0.3 22 26 4 0.3 19 30
20 4 0.3 22 26 4 0.3 19 30
21 4 0.3 22 26 4 0.3 22 26
22 4 0.3 22 26 4 0.3 19 30
23 4 0.3 22 26 4 0.3 19 30
24 4 0.3 22 26 4 0.3 19 30
Tab. 38 - Schedule foNon-heated zones
Non-Heated Zone Unit Garage and Stair Case | Hollow Space and unsold Apartments
[W/m?| 2 0
Internal Gain (IG) [h/day] 24 24
[day/year] 365 365
. [1/h] 0,5 0,1
Natural Ventilation
(NV) [h/day] 24 24
[daylyear] 365 365

The climate data used are real measurements ahaktemperature and solar radiation in Rodano
during the years 2014 and 2015 form Arpa Lombdgeiia

By comparing the data collected with other avadatiimate files it is possible to note that boté th
outdoor temperature and the global solar radiadi@nhigher than the average values .It has to be
underlined, finally, that the data from Januarpbaptember are referred to the year 2015 while data
from October to December are referred the 2014;ithbecause the analyses have been focused on
the real energy consumptions from heating seas®4-2015 and, consequently, data from October
2014 to April 2015 have been needed. In the ngxiréis the monthly averages of the main climate
data are shown.
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Figure 18. Horizontal Solar Radiation distribution from different Weather Files.
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Figure 19. External Temperature distribution from different Weather Files.

In conclusion the results are presented, in thé tadske and graph are listed both monthly and sea-
sonal energy needs calculated with the detailedilation of the case study model, in continuous
and intermittent operations as explained in TaB&88.

Tab. 39 - Energy Needs simulated with EnergyPlus fduilding 1.

Heating Energy Needs

Cooling Energy Needs

Continuous Operation Intermittent Operation ContimsiOperatior]  Intermittent Operation
[kwWh] [kwWh] [kwWh] [kKWh]
January 9673 8577 0 0
February 8218 7265 0 0
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March 3396 2897 0 0
April 193 144 222 151
May 0 0 3171 2518
June 0 0 7625 6341
July 0 0 12149 10662
August 0 0 7811 6688
Septembert 0 0 2694 2370
October 214 117 91 77
November 4186 3290 0 0
December 8989 7782 0 0
Year 34868 30070 33763 28807
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Figure 20. Monthly Energy Demand simulated with EnegyPlus.

Although the actual operation mode is the "interamt’ one, both the operations are simulated in
order to have more configuration to compare with shmplified models. The goal, here, in fact, is
to verify that the energy requirements calculatétth whe detailed model is equal to that calculated
from the simplified model, and it will be preseniadhe following sections.

5.2.2. SIMPLIFIED SIMULATION

In order to run the simplified simulation with tR&C model presented in Chapter 4. the following
input data have been collected. In detail, the rhatlews to analyze a thermal zone for a time;
having more apartments you can choose to simuéatle 2one separately or, as here performed, to
consider the building as an equivalent thermal zdhe surfaces in contact with non-heated spaces
are considere@xterior. Further, it has to be underlined that both timedr (LP) and non-linear
(NLP) model formulations were run obtaining the sarasults. All the results and data as from
"RC" model are concerning both the direct models.
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Tab. 40 - Geometrical Input for RC model

Geometrical Item Unit Value
Total exterior surface N [th 376
Total exterior surface E [th 526
Total exterior surface S fh 399
Total exterior surface W [th 471
Total surface roof [ 608
Ratio between transparent and total surface N [-] .010
Ratio between transparent and total surface E [-] 120
Ratio between transparent and total surface S [ 100
Ratio between transparent and total surface W [-] .230
Ratio between transparent and total surface roof 1 [- 0.02
Ground surface [m?] 535
Gross floor area [m?] 1610
Net floor area [m?] 1369
Gross volume [m? 4833
Net volume [m? 3697

Then, the main characteristics of the consideredpoments are listed, as the transmittance of
opaque and transparent external surfaces, windealts, basement and roof and the overall ther-
mal capacity. The shading factor can be indicatéd & single value through the solar gain factor
or with hourly coefficients that may vary for altlet hours of the year. To ease the simulation it is
initially introduced a solar gain factor equal t@® calculated starting from the geometric designs
of the building. The thermal capacity, finally, Hasen defined according to the values provided by

the UNI EN ISO 13790 [5] foneavyconstruction components.

Tab. 41 - Default values for dynamic parameters preided by UNI EN 1SO 13790 [5]

Class Monthly and seasonal method Simple hourlyhatet
Cm [J/K] An [mF Cm [J/K]
Very light 80 000 x A 25x A 80 000 x A
Light 110 000 x A 25 x A 110 000 x A
Medium 165 000 x A 25 x A 165 000 x A
Heavy 260 000 x Ay 3.0 x A¢ 260 000 x Ay
Very heavy 370 000 xA 35xA 370 000 x A

Tab. 42 - Physical characteristic of building compoent used for RC simulation

Building Component Item Unit Value
Exterior wall transmittance [W/m?K] 0.19
Roof transmittance [W/m?K] 0.17
Ground (ISO 13370 methodology for energy analyts&é)smittance [W/AK] 0.20
Transparent surfaces transmittance [W/m?K] 1.35
Frame fraction coefficient for transparent surfaces [] 0.2
Solar gain coefficients for transparent surfacet werpendicular radiation [] 0.3

pag. 103




ABCPhD
DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

Opague surfaces absorbance external walls

[] 0.3
Opague surfaces absorbance roof [-] 0.6
Opagque frame absorbance transparent surfaces [i1 6 0
Global thermal capacity per’of floor area [I/AK] 260000
Multiplier of surface for effective mass area [-] 3.00

The building operation data are the same as the osed by the detailed model, or rather for the
used apartments because no schedules are requireahfheated zones.

Tab. 43 - Building Operation Data used for RC simudtion

Heating set-point temperature zone Bint, H,set-point [°C] 22.0
Cooling set-point temperature zone Bint,C set-point [°C] 26.0
Heating set-back temperature zone Oint,H,set-back [°C] 19.0
Cooling set-back temperature zone Oint,C,set-back [°C] 30.0
Heating/Cooling schedule [] Variable™
Air change rate natural ventilation/infiltration [1/h] 0.3
Natural ventilation/infiltration schedule [ 00:00-23:00
Internal gains [W/m? 4.00
Internal gains schedule [ 00:00-23:00

The weather file is derived from Arpa hourly dated for the detailed simulation but, as explained
in section 4.2.7, the RC model uses daily averaga dnd hourly coefficients in order to recon-

struct the daily profiles.

Tab. 44 - Daily climate data used for RC simulation

External Temperature| Global Solar Radiation
[°C] [kd/nf]
January 4.1 5009
February 4.4 6577
March 10.0 12573
April 14.4 18023
May 19.2 19215
June 23.5 22549
July 28.1 23540
August 24.2 18028
September 19.0 13237
October 15.7 7840
November 10.6 3689
December 5.3 3076

Below, the figures are showing the profiles of eagpresentative day of the month reconstructed
from the RC model, concerning both the outdoor terafure that the horizontal solar radiation.

14 As reported in Tables 36 and 37
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Figure 21. Daily Profiles of External Temperature sed by the RC model.
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Figure 22. Daily Profiles of Horizontal Solar Radidion used by the RC model.

5.2.3. COMPARISONS

The results from RC model are presented and compgitt monthly energy needs obtained with
the detailed simulation (EP). Although the seasopallts are almost identical, considering the
monthly requirements you can make a distinctionjomdifferences are concerning the intermedi-
ate seasons.

Tab. 45 - Comparison between Monthly Energy Needsith Continuous and | ntermittent Operations calculated
with EnergyPlus and RC models

Continuous Intermittent
Operation Operation
Heating Energy Needs Cooling Energy Needdeating Energy Needs Cooling Energy Needs
EP RC EP RC EP RC EP RC
[kwh] [kWh] [kwh] [kwWh] [kWh] [kwh] [kWh] [kwh]
January 9673 9511 0 0 8577 8445 0 0
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February 8218 8128 0 0 7265 7216 0
March 3396 2496 0 0 2897 2107 0 0
April 193 0 222 0 144 0 151 0
May 0 0 3171 3547 0 0 2518 3100
June 0 0 7625 7615 0 0 6341 6778
July 0 0 12149 12305 0 0 10662 10951
August 0 0 7811 7428 0 0 6688 6602
Septembel 0 0 2694 2089 0 0 2370 1769
October 214 0 91 0 117 0 77 0
November 4186 4619 0 0 3290 4084 0 0
December 8989 9507 0 0 7782 8447 0 0
Year 34868 34260 33763 32985 30070 30299 28807 ®920

Firstly, the energy needs of October and April, lhoth the operation modes, are null for the RC
model but not for the EP one; the reason is comugrthe fact that, with the RC model they are
simulated using average monthly climate data, tjuss,‘half of the month” has to be taken into ac-
count. At the same time it should be noted tha toimparisons only aid to verify that the valida-
tion presented in Section 4.4. is correspondingbper for the case study; the model, in fact, is de
signed for a predictive control purpose and it glates the daily energy needs, therefore the report
ed monthly energy is a daily quantity multiplied thye number of monthly days. Further, for this
reason, the day is calculated on average climatiditions of each month. In conclusion, using the
correct hourly data, it will calculates the correnergy needs, as done for the other months.
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Figure 23. Comparison between Monthly Energy Needsith Continuous Operation calculated with EP and RC
models.
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Figure 24. Comparison between Monthly Energy Needsith I ntermittent Operation calculated with EP and RC
models.

In any case, it is possible note easily in the lgsaghat the differences, both monthly and yedaoly,

continuous and intermittent operation, are quite, lespecially taking into account the fact that the
shading factor has been used constant throughewteidr. The obtained results, in fact, can be con-
sidered sufficiently accurate since it is normalbceptable a £15% deviation while in this case is

around * 2%.

Tab. 46 - Comparison between Seasonal Energy Neeaxdculated with EP and RC models

Heating Energy Needs

Cooling Energy Neeq

Yearly Continuous| Intermittent| Continuous| Intermittent
Energy Needs Operation | Operation | Operation | Operation
[kwWh] [kwWh] [kwh] [kWh]
Energy Plus 34868 30070 33763 28807
RC Model 34260 30299 32958 29200
Difference (RC/EP - 2% +1% -2% +1%
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Figure 25. Comparison between Seasonal Energy Neeatfculated with EP and RC models.
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5.3. PERFORMANCE MONITORING, TRACKING AND DATA ANALYSIS

After showing that the RC model is able to simuthteenergy needs of a real building with enough
accuracy, it is possible to continue with the maimpose of the research: the monitoring and opti-
mal management of buildings energy needs in operatiphase. As explained in section 3.6.2.,
monitoring and data analysis, in fact, are esakfur appropriate commissioning in order to reduce
the performance gap between design and measursgiyaaansumptions. Only after the monitoring
phase, or rather the verification and calibratibithe model will be possible to start with the epti
mization phase.
Before to use the Model Predictive Control, in fastfundamental to be sure that the building
model used by the optimization algorithm is calibca or rather that the input data entered (from
the design phase) actually correspond to the mezd.olrhe calibration phase, therefore, starts by th
main data analysis (in this case the main inpu tadt has to be checked are resistance and capac-
ity of the building because the model used by ti®CMs a RC model) in order to verify that the ac-
tual consumptions coincide to the simulated onelss #us, verify that the model is calibrated.
In other words, considering that in this phaserntfan problem is concerning the performance gap,
the first step has to analyze the operation datarder to check if the design conditions are
changed.
This will be done through three main steps:

* Heat Transfer Coefficient investigation through thenthly energy needs analysis;

* On-site measurements and experimental analysis;

* Global Capacity investigation through the hourlgé-Floating Temperature analysis.

5.3.1. MONTHLY ENERGY NEEDS ANALYSIS — HEAT TRANSFER COEFFICIENT INVESTIGATION

Below are listed the energy consumptions for hgaseason 2014-2015 measured by heat meters
placed in the technical rooms of case study. Algfiotine heat meters measure the consumption of
each individual apartment, at first, the monthlypsemption for each building are shown. It has to
be noted, in fact, that the actual consumptionssarg far from those estimated in the previous par-
agraph.

Tab. 47 - Real Energy Needs during heating seaso@%-2015

Building 1 | Building 2| Building 3 Tot
[kwWh] [kwWh] [kwh] [kWh]
October 1730 227 2263 422(
November 6341 1814 11308 19463
December 12248 3438 21268 36954
January 15540 3659 25846 45045
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February 14024 3675 23501 41200
March 9387 2532 14294 26213
April 2730 881 3369 6980
HeatingSeason 62000 16226 101849 180075

Tab. 48 - Real Energy Needs during cooling seasoQ15

Building 1 | Building 2| Building 3] Tot
[kwh] [kwWh] [kWh] [kwh]
May 685 22 804 1511
June 4858 569 8298 13725
July 9094 1682 16174 26950
August 6096 1378 9172 16646
September 1417 360 2100 38717
Cooling Season 22150 4011 36548 62709

The next Figures are showing both the simulatedraedsured energy needs. As shown in the first
Figure, the actual energy needs for heating arestlsouble compared to the predicted values; this
can be considered an examplgefformance gap
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Figure 26. Comparison between Energy Needs Measurathd Estimated - Building 1 Heating Season.

Regarding the cooling season, instead, the enengguenptions are lower than the calculated ones,
but the differences are more slight, and abovatdilas to be underlined that generally the cooling
needs are more difficult to assess precisely becatithe more variation of the internal gains and
ventilation data respect to the winter season,iafhgfor residential uses.
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Figure 27. Comparison between Energy Needs Measuramd Estimated - Building 1 Cooling Season.

Consequently, the next step is to use the invers#els, already explained in Section 4.5., in order
to verify if the main coefficients used by the R@awl (the global heat loss coefficient H and the
thermal capacity C) are correct, otherwise the rhoéeds to be calibrated.

Initially, the global dispersion coefficient H did entirebuilding 1was analyzed, using the linear
regressiorModel 1(Paragraph 4.5.3., Table 21) with the total energgds transformed in the av-
erage specific daily power and the external tempegaAs explained in Paragraph 4.5.1, in fact,
the monthly energy needs [kWh] can be convertetthéndaily average power q [WHn(Eq.36) in
order to achieve the global coefficient of dispensH in a more convenient unit [Wi.

Tab. 49 - Daily Power and External Temperature meaged during heating season for Building 1

October | November| December January Februaryy March Apll
Daily Power | 2014-2015 0.63 2.38 4.45 5.65 5.65 3.41 1.03
[W/m? 2015-2016 0.56 2.46 4.66 5.69 4,72 3.24 0.38
External 2014-2015 15,65 10,57 5,25 4,14 4,42 9,97 14,39
Temp.[°C] | 2015-2016 13,21 8,44 4,71 3,61 6,59 9,47 15,03

Tab. 50 - Daily Power and External Temperature measged during cooling season for Building 11

May June July August | September
Daily Power [W/m?] 2015 0.25 1.83 3.31 2.22 0.53
External Temp. [°C] 2015 19.15 23.46 28.12 24.15 19.05

From the data above the linear regression linesralated coefficients have been obtained. As al-
ready explained, in fact, it is possible to detive global dispersion coefficient by the slopeld t
regression line, or rather the coefficien(for more details see Section 4.5).
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Figure 28. Regression Line of Measured Daily PowerBuilding 1.

o 2 = Heating 2015-2016

According to the chart in Figure 28, the slopesardimg the two heating season regression lines are
quite similar, and, thus, it is likely that thedbheat transfer coefficient is constant in timettker,
also the summer regression slope seems to be sifidlaa more detailed comparison the estimated

parameters are analyzed below.

Tab. 51 - Estimated Parameter with Linear regressin (Model 1) - Building 1.

Intercept Slope
0o oy
Heating 2014-2015 7.26 -0.43
Heating 2015-2016 7.27 -0.48
Cooling 2015 -5.88 0.33

Comparing the estimated parameteygH) with the heat transfer coefficient calculatgdthe de-
sign stage (0.25) is clear that the first one igmhigher. The next table, in fact, shows the datcu
tions according to which, assumed the transmittaradees of main components and Air Change
Rate of 0.3 volumes/hour as recommended by thelatdnwe get a global transmission coefficient

of 0.25 W/mK.

Tab. 52 - Heat transfer Coefficients from Design Pdise calculation - Building 1

Specific
. . Heat Transfer
Design | Transmittance Area - Global Heat Transfer
Coefficient .
Phase Coefficient
[W/m?K] [m? [W/K] [W/m K]

Hir wall 0.19 1557 296

Htr,roof 0.17 596 101

Htr,groun( 020 535 107

Htr,windows 1.35 227 307
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Hy - - 811 0.17
Hye - - 377° 0.08
H - - 1188’ 0.25

At this point, it can be separately analyzed thergy consumptions of each apartment and check
all the regression parameters obtained in ordeetidy that the global coefficient H is higher than
the predicted one. As before, the measured consomspdre converted into daily average power.

Tab. 53 - Daily Power measured during heating seas®?014-2015

October November December  Januaty February March  pril A
Apartment|  [W/m] [W/m?| [W/m?| [W/m?| [W/m?| [W/m?| [W/m?|
1 1.28 5.66 8.70 11.36 11.17 6.66 1.40
2 0.44 2.24 4.94 5.52 5.60 3.95 1.36
3 0.11 2.16 3.41 4.79 4.67 2,51 0.63
5 0.29 2.02 4.45 5.23 5.02 2.89 0.71
6 0.27 1.81 3.02 3.15 3.55 1.58 0.37
7 0.69 2.23 3.90 4.66 4.10 1.90 0.46
8 0.28 2.20 4.46 5.86 6.19 3.91 1.56
9 1.36 1.51 3.79 5.59 5.38 2.76 0.93
10 0.81 3.78 5.51 6.65 6.54 4.13 1.32
12 0.91 1.34 4.37 5.52 5.78 3.87 1.63
14 0.32 1.85 3.79 5.02 5.39 4.17 0.86
15 1.12 3.57 5.34 8.38 8.18 5.24 1.56
Tab. 54 - Daily Power measured during heating seas®?015-2016
October November December  Januaty February March  pril A
Apartment|  [W/n] [W/m?| [W/m?| [W/m?| [W/m?| [W/m?| [W/m?|
1 1.28 3.63 7.03 9.69 9.79 6.09 0.42
2 0.19 2.12 4.64 5.44 4.57 3.39 0.39
3 1.00 1.88 4.71 6.78 5.03 4.09 0.49
5 0.61 2.16 4.57 5.15 4.22 3.15 0.21
6 0.17 1.35 2.84 3.05 2.02 0.90 0.00
7 0.37 1.89 3.43 4.43 3.11 1.54 0.00
8 0.49 2.52 4.53 5.91 4.74 3.51 0.61
9 0.00 1.40 3.97 4.37 3.49 2.26 0.00
10 1.04 3.70 5.66 6.77 5.69 4.34 0.74
12 0.96 3.42 4.65 5.53 4.97 3.74 0.75
14 0.43 2.01 5.06 6.27 5.54 3.87 0.44
15 0.82 4.83 7.54 9.15 7.99 6.01 0.87

%The Gross Volume is 4833°*m

' The Heat Loss Coefficient for Ventilation is cdited as 0.34*0.3*3697 where 0.34 [W/K] is, ©.3 is the ACR
[1/h] and 3697 is the Net Volume fm
The Global Heat Loss Coefficient H is the sum gfafd He.
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Tab. 55 - Daily Power measured during cooling seas®015

May June July August| September
Apartment|  [W/ni] [W/m?| [W/m?| [W/m?| [W/m?|
1 0.52 2.85 4.13 2.00 0.00
2 0.47 1.89 3.42 1.23 0.25
3 0.10 0.33 2.72 2.52 0.72
5 0.27 2.61 4.29 2.98 0.95
6 0.47 2.76 3.62 2.19 0.73
7 0.26 2.70 4.09 1.95 0.65
8 0.03 1.09 2.89 2.35 0.47
9 0.23 1.90 3.23 2.64 0.45
10 0.29 1.86 3.59 1.73 0.36
12 0.00 1.59 2.48 1.68 0.17
14 0.30 1.20 1.28 2.46 0.67
15 0.00 0.00 3.94 3.14 0.74

With the same linear regressibtodel 1(Paragraph 4.5.3., Table 21) the following paransetee

estimated.
Tab. 56 - Estimated Parameters with Linear regressin (Model 1)
Heat Transfer Coefficient Balance Point Temperature
Heating Heating Cooling Heating Heating Cooling
2014-2015 2015-2016 2015 2014-2015 2015-2016 2015

Apartment -0y -0y -0y - oyl oy - 0o/ ay - 0o/ oy
1 0.86 0.81 0.40 16.8 15.4 17.7
2 0.43 0.47 0.32 17.2 15.0 18.3
3 0.38 0.50 0.26 16.1 155 17.9
5 0.43 0.45 0.42 16.1 15.2 175
6 0.28 0.32 0.34 16.3 13.1 17.0
7 0.35 0.41 0.40 16.5 13.6 17.9
8 0.45 0.47 0.30 16.9 15.5 18.3

9 0.38 0.46 0.34 17.2 13.4 17.8
10 0.49 0.54 0.35 17.6 16.1 18.3
12 0.40 0.43 0.26 17.6 16.6 17.9
14 0.40 0.53 0.13 16.9 15.1 135
15 0.58 0.76 0.36 17.4 15.7 16.5

Considering more seasons, it is also possible topape the global dispersion coefficient during
time. It has to be noted that the global dispersioefficient is a sum of the heat coefficient for
transmission plus the one for ventilation, therefot can change accordingly to different internal
uses of the spaces (e.g. Air Change Rate). For¢laabn, generally, the differences are higher be-
tween the heating and cooling seasons, as is silgesto see in the following graph. Further, in
case of large difference during the same seasoregample between heating season 2014-2015
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and 2015-2016), it may be due to a problem withinkalation layer, to a changing in the boundary
condition of the apartments or, as already said,ddferent uses of the space.
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Figure 29. Graphical view of Linear Regression foheating season 2014-2015.
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Figure 30. Graphical view of Linear Regression foheating season 2015-2016.
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Figure 31. Graphical view of Linear Regression focooling season 2015.
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Then, considering the results, easily observabliénchart, it is clear that the dispersion of two
flats (Apt.1 and 15), during both the winter seasas higher than the average. In detail, durireg th
2015-2016 winter season, the dispersion of Aptighsy falls while the one of Apt.15 increase.
Minimum dispersion instead regards the Apt.6 fathbweinter seasons, while in summer it is slight-
ly above average. Analyzing the position of thdatsfyou may notice that, accordingly to the re-
sults, the Apt. 6 is oriented to South-West andstheceives more solar gains, while the Apt. 1 and
15 are oriented to North-East. Further, both Apantl 15 border with a non-used apartment, thus,
have more dispersion. In addition the Apt.1 hasfferént function (nursery) and have a different
user profile (probably a higher ACR).

The following Figure shows a comparison betweene$tenated coefficient H for each apartment
and for every season in order to see the changediowe.
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Figure 32. Global Dispersion Coefficients comparisoduring time.

As can be seen from the graph, the maximum vandigiween the winter seasons are concerning
the Apt. 3, 14 and 15, while, between differentseea, the Apt. 1, 14 and 15. All theses analysis
can be useful to do Fault Detection, analyzing wlibe dispersion is higher and where the differ-
ences are constant in time or not.

In conclusion it is even more evident that the agerdispersion coefficient H in operation phase is
higher than the one predicted. In order to betteleustand the variation, the following graph shows
the distribution of the H coefficients estimatedsipossible to see that the most probable vahes (
peak in the graph) is in the range between 0.3&e(gline which corresponds to the cooling season)
to 0.40 (blue line which corresponds to the heatiegson 2015-2016). The different distribution
between the cooling and winter season estimatexhpaters is simply due to the fact that in the first
case the most likely value of H is also the higloest, while in winter cases the most probable val-
ue is the "average" coefficient; namely in thetfease the distribution is not Gaussian as in ghe s
cond one.
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Figure 33. Distribution of regression parameters Hobtained with the linear regression Model 1.

Calculating the simple average with all the estedgbarameters, instead, the result is 0.43 while
neglecting the three higher coefficients (Apartrsehaind 15) is 0.39.

Tab. 57-Statistic values of Global Dispersion Coeéfent estimated - Building 1

Average @) | Most Probable ()
Heating 2014-2014 0.45 0.37
Heating 2015-2016 0.51 0.40
Cooling 2015 0.32 0.35

Then, it is possible to calculate the daily powdthwhe regression parameters and appreciate the
difference between measured data and estimatedamuethe relative statistical indices (Tab. 58)
described in Paragraph 4.5.1.
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Figure 34. Comparison between Daily Powers Measureghd Estimated with Linear Regression Parameters —
Heating Season 2014-2015.
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Figure 35. Comparison between Daily Powers Measureghd Estimated with Linear Regression Parameters —
Heating Season 2015-2016.
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Figure 36. Comparison between Daily Powers Measureshd Estimated with Linear Regression Parameters —
Cooling Season 2015.

Concerning the statistical indices, it has to beéeantined that the Nominal Mean Base Error (NMBE)
results to be O for all the cases, thus, it isreported. The Standard Error (SE) of each coefiidites-
timated, instead, is listed in order to evaluageabcuracy of it. The Standard Error is directlguated

in Matlab as the squared root of the correspordigxgpnal element of the coefficient covariance ixatr

Tab. 58 - Statistical Indices of Linear regressiofiModel 1) - Building

Heating Season 2014-20115 Heating Season 2015-2016 oolidg Season 2015

R2 SE CV(wmse) R2 SE CV&wmse) R2 SE | CVgwse)

[-] [] [%] [-] [] [%6] [] [-] [%6]
1 0.97 | £0.07 11.11 0.82| *0.17 29.81 0.92 +0.09 124.
2 0.95 | £0.04 13.09 0.90| +0.07 22.07 091 +0.06 326.
3 0.97 | £0.03 12.71 0.83] +0.10 27.82 0.63 +0.11 059.
5 0.99 | £0.02 6.93 0.94| £0.06 16.44 0.97 +004 Q3.2
6 0.98 | £0.02 9.96 0.98| +0.08 10.30 093 +0/05 471
7 0.97 | £0.03 11.63 0.97| *0.04 10.36 0.94 +0.06 320.
8 0.92 | £0.06 17.57 0.91| +0.07 19.39 0.89 +0.06 080.
9 0.87 | £0.07 22.70 0.82| *0.13 17.08 095 +005 747.
10 | 0.98 | +0.03 8.03 0.95| £0.06 12.99 0.98 +0/03 Q1.9
12 | 0.86 | £0.07 23.06 0.94| £0.05 13.87 0.98 +0.03 732,
14 | 0.86 | £0.07 24.59 0.86| +0.10 26.72 035 +0.10 785.
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15| 0.90 | £0.08 18.90 0.92| +0.10 17.47 0.9
Tot | 0.97 | £0.03 10.54 0.94| =+0.06 16.88 0.9

~

+008 122.
+0.02 085

©

Finally the Balance Point Temperature is used @eoto calculate the Free Running Temperature
(6r) as described in Paragraph 4.5.3. (Eq.52). Ascpousee in Figure 37, three méjnare shown,
one for each season, corresponding t@thealculated for the whole building.

From the graphical view it is possible to see that:

the heating system can be turn OFF with an extéamperature that ranges between 16-
17°C;

ventilation can be used when the external temperatunges between 16-17 and 26°C;

free cooling can be used when the internal temperas higher than 26°C and the external
temperature ranges between 18°C and 26°C;

the cooling system has to be turn ON with an exielemperature higher than 26°C.

40 Free Running Temperature Cooling 2015
i » Free Running Temperature Heating 2015-2016
.7 Free Running Temperature Heating 2014-2015

External Temperature

Cooling Set-Point Temperature

Heating Set-Point Temperature

Internal Temperature
[°C]

2 6 10 14 18 22 26 28 30

External Temperature
[°C]

Figure 37. Graphical view of system operations reggt to internal and external temperature profiles.

In conclusion, it is shown that, analyzing the nibyenergy consumption, it is possible to monitor
the global dispersion coefficient H. In detailstpossible to say that, the greater consumptidheof
case study, with respect to what expected duriagdésign phase, are probably due to greater dis-
persions.
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5.3.2. ON SITE MEASUREMENTS - EXPERIMENTAL ANALYSIS

In order to understand if the greater dispersioduis to the transmission or ventilation factor, the
transmittance of the main components have beeryathwith a heat flow meter. The measure-
ment in situ has shown, in fact, that the extemal transmittance is much higher than expected;
using the thermal characteristics declared by toelyrers the transmittance was around 0,19
w/m’Kwhile the heat flow meter measures an averagestmdtance of 0,3&/m’K.The measure-

ment was conducted on two different wall portiomsth facing north and with a time-step greater
than 3 days (the minimum period generally requitadhe following tables are described the main
characteristics of the measurements done whilé, thié graphs, the trends of heat flux and external
and internal temperatures recorded by the heatri@ter during the two measurements are shown.

Tab. 59 - General data about External Wall Transmitance measurements

Units 29 February - 6 March 12-22 March
Measurements Hours [h] 144 240
Average Flux [W/m?| 5.21 3.96
Average External Temperature [°C] 7.06 9.73
Average Internal Temperature [°C] 20.35 20.48
Average A0 (0i-0e) K] 13.29 10.75
Final U value [W/m?K] 0.36 0.35
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Figure 38. Trend of Heat Flux, Internal and Externd Temperature during the two measurement sessions.

To analyze the stability of the measured conditibisadvisable to analyze the relative progressiv
average; the next figures show it and it can ba $leat they are stable enough during at least the
last three days of measurement.
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Figure 39. Progressive Trend of Heat Flux, Internabind External Temperature during the two measuremen
sessions

Finally, it has to be underlined that, the caldolatmethod used to evaluate the transmittanceeis th
average method, as recommended by the ISO 9868r{@],in detail:

1

U= W Eqg. (57)
A= ﬁ Eqg. (58)

Where:
« U is the final transmittance of the elemewtf’K] considering also the surface resistances;
* R;and R are the surface resistances considered as 0,13 @¢h§n*K/w];
» s the conductance of the elementr?K];
e s the flux through the elementfm;
* 0; andf. are the internal and external temperatures [°C].

The conductance and transmittance trends duringvliode period of the measurement sessions are
shown in the figures below. It is also possibleppreciate that, during the last three days the flu
tuation was slight, as recommended by the reguldép
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Figure 40. Trend of conductance. and transmittance U values during the two measureent sessions.

The same was done for the basement wall in contificthollow space. Analyzing the different lin-
ear regressions, in fact, it could be noted thatghartments with cellar had the higher losses.
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Tab. 60 - General data about Basement Wall Transniiince Measurement

Units 25-31 March
Measurements Hours [h] 144
Average Flux [W/m?] 3.13
Average External Temperature [°C] 16.81
Average Internal Temperature [°C] 21.34
Average A9 (0i-0e) K] 5.16
Final U value [W/m?K] 0.55

The measurements conditions were not optimal becthes hollow spaces remained always at a
temperature close to the internal conditions (tisualmost impossible to obtainA® of 10°C as
recommended by the regulation [6]). In any case ttansmittance value definitely indicates an ac-
tual U value higher than the design one (0.25 ¥)m
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Figure 41. Normal and Progressive Trend of Heat Fl, Internal and External Temperature during the third
measurement session
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Figure 42. Trend of conductance. and transmittance U values during the third measuement session.
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5.3.3. FREE FLOATING TEMPERATURE ANALYSIS — THERMAL CAPACITY INVESTIGATION

The next step was to analyze tirae constanbf the building in order to check the ratio betwee
the H coefficient and the global capacity C. THos the reasons expressed in Paragraph 4.5.3., the
free-floating temperature is measured considenmgresold apartment (Apt.13) in two sessions.

Tab. 61 - General data about Free-Floating Temperate measurements.

Units | 24-29 February| 9-17 March
Measurements Hours [h] 120 192
Average External Temperature [°C] 6.40 9.21
Average FF Temperature Measured| [°C] 13.90 14.14
Average FF Temperature Estimated| [°C] 13.90 14.13

As first, in the following figures it is possible see that, considering the external temperatuce fl
tuation (in red), the free-floating temperaturehighly constant; it means that the building has a
massive envelope.
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Figure 43. Free-Floating Temperatures measured in partment 13 during the two measurement sessions.
Then, with the ARXModel 2 Paragraph 4.5.3., Table 23) the following estimgiathmeters are

identified.

Tab. 62 - Estimated Parameter with ARX model (ModeR) and relative Statistical Indices.

Apt.13 Intercept | 0i coefficient | 0e coefficient R2 NMBE| CVgwmse)
pt.
Bo B1 B2 [l [%0] [%0]
24-29 February 1.55 0.88 0.01 0.98 0.02 0.16
9-17 March 2.08 0.85 0.01 0.98 0.16 0.26

pag. 122



ABCPhD

DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

Free-Floating Temperature

[*cl

146

142

138

i34

130

—Measured

—Estimated

14.6

— Measured

—Estimated

142

VVH\_—’

13.4

138 =

[*cl

13.0

126

37 2
43
a2
55

13
19 2
25 =
1

57 :

103 3

61 =
67 =
73
79 2
85 3
a1

Free-Floating Temperature

109 =
115 3

Figure 44. Comparison between measured and estimat&ree-Floating Temperatures with the ARX model 2.

As explained in Section 4.5., from the estimatedipeeters of ARX model it is possible to analyze
the Time Constanotf the building £). The following table shows the comparison betwiencalcu-
lated and the estimated Time Constant.

Tab. 63 - Comparison between Calculated and Estimas Parameters.

Unit Design Phase Data Estimated Data
(C/H) (1/82)
T [h] 481 140

Starting from the estimated time constant, alsogtbbal Capacityc,, is decreased (from 260000 to
165000 J/rifK) and the RC model is calibrated. In the followiRgragraph the model calibration
procedure is presented.

5.3.4. MoDEL CALIBRATION

In order to obtain the H coefficient equal to O\87m°K, and in line with the transmittance values
measured with the heat flow meters (see Tables03%@ transmittance of external walls and roof
components have been changed from 0.19 and 0.17K\MbM0.35 and 0.30 W/AK respectively,
while the Hr groungone from 0.20 to 0.55 W/AHK. The details are listed in the following table.

Tab. 64 - Heat transfer Coefficients during Operatbn Phase - Building 1.

Specific
. Heat Transfer
. Transmittance Area o Global Heat Transfer
Operation Phase Coefficient .
Coefficient

[W/m?K] [m? [W/K] [W/m3K]
Hir wall 0.35 1557 545 R
Htr,roof 0.30 596 179 -
Htr,groun( 055 535 294 -
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Concerning the natural ventilation and internahgadifferent schedules have been created, main-
taining the average values suggested by the regulf]. In fact, thanks to some interviews with
residents, it was possible to know that normally Windows are opened just two-three times at
days for about an hour. Correspondingly the integaéns are changed with the information ob-

Hir windows 1.35 227 307 -
Hy - - 1325 0.27
Hye - - 363° 0.10

H - - 1807 0.37

tained by the interviews. Thus, we supposed anadiparregime as explained in Table 65.

Tab. 65 - Hourly Schedules used for Model Calibratn.

Intermittent Operation

Actual Operation

Internal Alr . .| Internal Alr . .
Hours Gain Change| Heating| Cooling Gain Change | Heating| Cooling
Rate Rate

[W/m?] | [1/h] [°C] [°Cl | [wim? | [1/h] [°C] [°C]
1 4 0.3 19 30 1 0.01 19 30
2 4 0.3 19 30 1 0.01 19 30
3 4 0.3 19 30 1 0.01 19 30
4 4 0.3 19 30 1 0.01 19 30
5 4 0.3 19 30 1 0.01 19 30
6 4 0.3 19 30 1 0.01 19 30
7 4 0.3 22 26 6 0.01 22 26
8 4 0.3 22 26 8 0.01 22 26
9 4 0.3 22 26 8 2.3 22 26
10 4 0.3 19 30 1 0.01 19 30
11 4 0.3 22 26 1 0.01 22 26
12 4 0.3 22 26 1 0.01 22 26
13 4 0.3 22 26 8 0.01 22 26
14 4 0.3 22 26 10 2.3 22 26
15 4 0.3 19 30 1 0.01 19 30
16 4 0.3 22 26 8 0.01 22 26
17 4 0.3 22 26 8 0.01 22 26
18 4 0.3 19 30 1 0.01 19 30
19 4 0.3 19 30 1 0.01 19 30
20 4 0.3 19 30 8 0.01 19 30
21 4 0.3 22 26 10 2.3 22 26
22 4 0.3 19 30 8 0.01 19 30
23 4 0.3 19 30 1 0.01 19 30
24 4 0.3 19 30 1 0.01 19 30

Average 4 0.3 - - 4 0.3 - -

"4t is the daily average heat loss coefficient fentilation H.where 0,01 ACR is equal to 1,26 W/K and 2,3 ACR is

equal to 2891,05 W/K.
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Changing just these parameters, the energy nedddatad with the calibrated RC model result
very near to the real ones. In the following taduhel graph are listed both the results obtainedjusin
a continuous schedule for internal gains and nbharatilation (ntermittent Operatiohand theAc-

tual Operationachieved with the interviews.

Tab. 66 - Comparison between Energy Needs Measuradd Simulated with the Calibrated RC model — Heatig

Season.
Heating Season
Monthly Energy ) )
Calibrated RC Model Calibrated RC Model
Needs Measured . . .
( Intermittent Operation) (Actual Operation)
[kWh] [kWh] [kWh]
October 1730 1670 1577
November 6341 7866 8216
December 12248 14513 14967
January 15540 14904 15159
February 14024 12892 13216
March 9387 5957 6336
April 2730 871 892
Heating Season 62000 58673 60362

Tab. 67 - Comparison between Energy Needs Measuradd Simulated with the Calibrated RC model — Coolig

Season.
Cooling Season
Monthly Energy X X
Calibrated RC Model Calibrated RC Model
Needs Measured : . .
(Intermittent Operation) (Actual Operation)
[kwh] [kwh] [kwh]
May 685 1921 2241
June 4858 7160 7691
July 9094 13396 14305
August 6096 7087 7684
September 1417 488 1041
Cooling Season 22150 30052 32961
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Figure 45. Comparison between Energy Needs Measureaid Simulated with the Calibrated RC model —
Heating Season.
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Figure 46. Comparison between Energy Needs Measureaid Simulated with the Calibrated RC model —
Cooling Season.

The above results show that the monthly consumgtaoralysis have well-calibrated the model for

the heating season, while the summer consumptienstidl higher from measured value. Probably

the internal gains and the natural ventilation tzge to be reduced, but it should be also noted,
again, that the calibration of the model througmthty consumptions is just a first step, and, fur-

ther, a static evaluation is more problematic faoarect estimation of cooling needs because the
consumption is much more sensitive to hourly changeerefore it is necessary to analyze hourly
data.
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5.3.5. PARAMETER IDENTIFICATION WITH INVERSE MODELS

In order to test the Linear Time Invariant (LTI) dads presented in Section 4.3. different configu-
ration of the case study are used. The actual )oath needed to run the LTI models, for the case
study, are not available, and hence, the direchiR@el is used to simulate it. As explained in the
aforesaid section, the data needed are: (i) haméygy demand, (ii) hourly air temperature andl (iii
hourly surface temperature. The first two are ndeie both the LTI models while the surface
temperature just for thz Statesnodel.

In detail six different configurations of the cagady have been considered, the first three concern
ing the designed building envelope and the otheetfor the calibrated one:
» Designed Envelope
Configuration 1: Continuous Operation;
Configuration 2: Mixed Operation;
Configuration 3: Actual Operation;
» Calibrated Envelope
Configuration 4: Continuous Operation;
Configuration 5: Mixed Operation;
Configuration 6: Actual Operation.
All the specifications about th@onfigurationsare listed in Table 68. It is possible to note tha
table is referring just to the input data that\eadable between different configurations; all tib-
er inputs, for example the geometrical data, aeesdime as the listed in Paragraph 5.2.2. (Tables
40-44). The difference between designed and caééibranodel, therefore, depends just on the
transmittance values of exterior wall, roof andugrd floor and thermal capacity.
Table 69 is showing in detail the hourly schedubes anticipated, in fact, different types are used
and, in detail, three main combinations:
» Continuous Operation (Configuration 1 and 4);
Continuous (24 hr/day) Heating and Cooling Operatio
Continuous (24 hr/day) Ventilation
Continuous (24 hr/day) Internal Gains
* Mixed Operation (Configuration 2 and 5);
Actual (10 hr/day) or Intermittent (16 hr/day) Hegtand Cooling Operation
Continuous (24 hr/day) or Actual (3 hr/day) Vertida
Continuous (24 hr/day) or Actual (10 hr/day) Intr&@ains
* Actual Operation (Configuration 3 and 6);
Actual (10 hr/day) Heating and Cooling Operation
Actual (3 hr/day) Ventilation
Actual (10 hr/day) Internal Gains
Note that théActual schedules are referring to the real use of thielipgi as showed in the previous
Table 65, while théntermittentone is a new schedule where the Heating and Gp&8ystem is
turn ON 16 hours per day (from 6.00 to 22.00).
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Tab. 68 — Variable Input Data for different case sidy simulation configurations

) Designed Model Calibrated Model
Variable Input Data ]
Conf.1| Conf.2| Conf.3 Conf.4 Conf.5 Conf
Heating Set-Point Temperature [°C] 20 22 22 22 22 22
Heating and Cooling Schedules [-] Cont. Act. Act. Cont. Int. Act.
Air Change Rate [1/h] 0.3 0.3 2.3 0.3 2.3 2.3
Ventilation Schedule [-] Cont. Cont. Act. Cont. Act. Act.
Internal Gains [W/m?] 4 4 10 4 10 10
Internal Gains Schedule [-] Cont. Cont. Act. Cont. Act. | Act.
Exterior Wall [WinfK] | 0.19 0.19 0.19 0.35 0.35 0.35
Average Roof WinfK] | 017 | 017 | 017 | 030| 0.30] 0.30
Transmittance
Ground floor [W/MiK] | 0.20 0.20 0.20 0.55 0.55 0.55
Thermal Global Thermal Capacity  [kJ/Ai] 260 260 260 165 165 165
Capacity | Multiplier of surface for| 300 | 300 | 300 | 250 | 250 | 2.50
effective Mass Area

Tab. 69 - Hourly Schedules used fordentification Analysis

Internal Gain Ventilation Heating and Cooling Systen
[W/m? [1/h] [°C]

Hours Cont. Act. Cont. Act. Cont. Int. Act.
1 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
2 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
3 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
4 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
5 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
6 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
7 4 6 0.3 0.01 | 20/22/26| 22/26 22/26
8 4 8 0.3 0.01 | 20/22/26| 22/26 22/26
9 4 8 0.3 2.3 20/22/26| 22/26 22/26
10 4 1 0.3 0.01 | 20/22/26| 22/26 19/30
11 4 1 0.3 0.01 | 20/22/26| 22/26 22/26
12 4 1 0.3 0.01 | 20/22/26| 22/26 22/26
13 4 8 0.3 0.01 | 20/22/26| 22/26 22/26
14 4 10 0.3 2.3 20/22/26| 22/26 22/26
15 4 1 0.3 0.01 | 20/22/26| 22/26 19/30
16 4 8 0.3 0.01 | 20/22/26| 22/26 22/26
17 4 8 0.3 0.01 | 20/22/26| 22/26 22/26
18 4 1 0.3 0.01 | 20/22/26| 22/26 19/30
19 4 1 0.3 0.01 | 20/22/26| 22/26 19/30
20 4 8 0.3 0.01 | 20/22/26| 22/26 19/30
21 4 10 0.3 2.3 20/22/26| 22/26 22/26
22 4 8 0.3 0.01 | 20/22/26| 22/26 19/30
23 4 1 0.3 0.01 | 20/22/26| 19/30 19/30
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| 24 | 4 [ 1 | 03 | 001 [20/22/26] 19/30 | 19/30 |

The schedules variability is needed to check ifrttoelels are able to identify exactly a variableadat
in time. The inverse models, in fact, are builbnder to find the corresponding values that recon-
struct the required hourly internal air (and sugelatemperature and energy demand following an
indicated schedule. Thus, in case of unknown sdeétlis possible to obtain an average value, but,
using the actual schedule it is possible to idgitkie real hourly values.

In Table 70 are listed the estimated parametens thi2 Stateinverse model (Paragraph 4.3.3),
starting from the hourly data simulated with the R@del. It should be stressed that the following
parameters are identified with no more than twouations; the optimization method used to run
the LTI models, in fact, is iterative and, thuse bptimal value can be obtained with more than one
simulation. For this reason, the tests are usdatldtmore to check how many simulations are need-
ed in order to obtain an almost “perfect” value eneh"perfect” stands for the same value put as an
input in the direct simulation.

Tab. 70-Identified Parameters with the ARX model 2 States.

. Designed Model Calibrated Model
Identified Parameters R
Conf.1| Conf.2| Conf.3 Conf.4 Conf.5 Conf.6
Air Change Rate [1/h] 0.300 0.300 2.300 0.300 2.299 2.30(
Internal Gains [W/m?] 3.999 4.000 10.000 4.000Q 9.985 9.985%
Exterior wall [W/an] 0.188 0.190 0.190 0.350 0.336 0.337
Average Transparent component®V/m?K] | 1.350 1.349 1.348 1.349 1.36( 1.360
Transmittance Roof [W/nPK] | 0.171 | 0.170 | 0.170| 0.300  0.309 0.304
Ground floor [W/niK] | 0.204 0.200 0.201 0.550 0.57% 0.575
Global
_ [kJ/PK] | 259.970| 260.001 260.001 164.998 164.926 164.919
Thermal Capacity
Thermal il
. Multiplier of surface for| . , 3.000 | 3.000| 3.000] 2500 2500  2.50d
Capacity effective mass area
Multiplier of internal [ 4501 | 4500 | 4500 4500 4499  4.500

surface area

Table 71, instead, is showing the estimated paemmetith thel Stateinverse model (Paragraph
4.3.4). Similarly in this case no more than two @istions have been run in order to get the listed
values.

Tab. 71 — Identified Parameters with the ARX model 1 State.

. Designed Model Calibrated Model
Identified Parameters

Conf.1| Conf.2| Conf.3§ Conf.4 Conf.5 Conf|6

Air Change Rate [1/h] 0.301 0.301 2.303 0.299 2.300 2.370
Internal Gains [W/m?| 4.000 4.000 10.000 3.999 10.000 10.0p0

Exterior wall [W/nfK] | 0.191 0.191 0.190 0.349 0.35( 0.350

Average Transparent components  [WA) | 1.339 1.339 1.329 1.371 1.333 1.333
Transmittance Roof [W/nfK] | 0.170 0.170 0. 170 0.300 0.301 0.301
Ground floor [W/MK] | 0.201 0.201 0.205 0.549 0.556 0.556

pag. 129



ABCPhD
DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

Global
| xamiK] | 260.000| 260.000 260.000 164.990 164.987 164/991
Thermal Capacity
Thermal ;
. Multiplier of surface for| ., 3000 | 3.000| 2997| 2500 2500  2.500
Capacity effective mass area
Multiplier of internal [ 4499 | 4499 | 4507| 4504 4500 4500
surface area

From the results presented it is possible to vehi&/correct operation of both LTI models. The val-
ues, in fact, are specially reported with an accypeqqual to the third digit after the decimal point
normally the values to which refer, instead, amdusith an accuracy not exceeding the second dig-
it after the decimal point. This means that, at teeel of accuracy the value is perfectly idewetfi
Concerning th@ Stated TI model the only exceptions are about the trattsmée values for the's
and 8" configuration where, the external wall transmitmesults to be 0.34 W7 (instead of
0.35 W/nfK), the transparent components transmittance mesnilbe 1.36 W/AK (instead of 1.35
W/m?K), the roof transmittance 0.31W7Ka (instead of 0.30W/AK) and the ground floor transmit-
tance 0.58W/iK (instead of 0.55W/AK). Concerning thd StateL TI model, instead, the only ex-
ceptions are about the transparent componentsnigasces that result to be between 1.34 ¥m
and 1.37 W/fK (while the input value is 1.35 W/i), the ground floor transmittance which re-
sults, in one out of three cases 0.21 Wrtinstead of 0.20 W/AK) and in two out of three cases
0.56 W/niK (instead of 0.55 W/AK).

It is almost clear that, in any case, these diffees are very slight and, in conclusion, the estima
tion is more than acceptable.

5.4. LoAD MANAGEMENT AND PERFORMANCE OPTIMIZATION

As previously mentioned, once verified that thelding model used by the Model Predictive Con-
trol is calibrated, the optimization phase cantstaonsidering what has been said in chapter 3.6.1.
in fact, a predictive control allows, in general (i) estimate the energy consumptions and (ii)4man
age them optimally with respect to an objectivection previously chosen. This objective function
can be designed to minimize the energy requirethbysystem but also the costs. As explained in
Section 4.6., the optimization algorithm in thisearch is formulated in order to finds the minimum
energy needs that satisfies the constraints witkreain flexibility on the set-point temperatures.
Further, the comfort analysis is achievable throtigh Fanger model. This can be considered the
most simple objective function because the cosishat considered and therefore it is possible to
have a minimum savings related only to an inteteaiperature reduction that allows at the same
time to have a suitable internal comfort leveimiist be stressed, therefore, that the savings poten
tial of the predictive control could be higher ugialso the costs variation and, thus, applying the
load management as explained in section 3.6.1.
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5.4.1. GENERAL STATEMENTS

In this section, therefore, as the previous modets) the optimization algorithm (MPC) is tested
with the case study. According to the optimizatabgorithm described in Paragraph 4.6.1. (Eq.53),
six differentoptimization caseare been simulated for each building configuratipresented for
the identification analysis (Tables 68-69). Thdad#nt optimization cases (Table 72) are related to
the violation limits used by the MPC in order tes@&nergy.

Tab. 72 - Optimization Cases.

L Maximum Maximum
Optimization . S
Hourly Violation | Daily Violation
Cases S o
[°C] [C]
A 0 0
B 0.5 5
C 0.5 10
D 5
E 10
F 1 15

Before showing the results it should be noted thatrelationship between the maximum hourly
and daily violation also depend on the number dfting/cooling hours per day provided by its
schedule. It has to be noted, in fact, that, f@megle, as regards tiectual schedule, which sets 10
hours of heating/cooling per day, the cases C aacefequivalent to the cases B and D, respective-
ly. This is because, counting a maximum of 0.5°@rhfor 10 hours per day, the daily violation
cannot exceed 5°C/day and similarly considering/i8Gr for 10 hours per day, the daily violation
cannot exceed 10°C/day; therefore cases C anduf tede “null”.

Further, it must be underlined that the case Athe one which considers a maximum of O degrees
both for the hourly and daily violations, will bleet case of comparison for all the respective diher
cases, for each configuration. In conclusion, it be said that the case A is "not optimized" be-
cause does not violate the set-point temperatulnde ihe case F will be the one that requires a
greater violation.

The following tables, instead, are referring to thain conditions set for the calculation of PMV
and comfort category. The input data required fer PMV calculation (Section 4.6.2, EQ.56), in
fact, are related to the clothes resistance andhitabolic rate. The first is set according todke
ternal temperature as shown in Figure 48, whilentle¢abolic rate is fixed as 1.2 met that corre-
spond to a sedentary activity which is desirabla nesidential building. Further, the air velodgy
set according to the Balance Point Temperaiyealculated (Paragraph 5.3.1. Table 56),or rather,
it is set at 0.1 m/s during the cold months whsl@assumed a possible increase to 0.2 m/s during the
warmer period, which is determined with a monthigrage outdoor temperature higher than 16-17
°C.
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Tab. 73—Comfort input data used for Optimization.

External Air Clothes | Metabolic
Temperature | Velocity | Resistancg Rate
[°C] [m/s] [CLO] [met]
Jan 4.1 0,1 11 1,2
Feb 4.4 0,1 11 1,2
Mar 10,0 0,1 0,9 1,2
Apr 14,4 0,1 0,8 1,2
May 19,2 0,2 0,6 1,2
Jun 23,5 0,2 0,5 1,2
Jul 28,1 0,2 0,4 1,2
Ago 24,2 0,2 0,5 1,2
Sep 19,0 0,2 0,6 1,2
Oct 15,7 0,1 0,7 1,2
Nov 10,6 0,1 0,9 1,2
Dec 5,3 0,1 1,1 1,2
1,20
S
1,00
ba] &5
E 0,80 %
s &
gg 0,60 ®
i P s
L &
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Figure 47. Monthly Clothes Resistance values accdrdy to External Temperature.

As already said, the previous figure shows thealimelationship between the external temperature
and the value of clothes resistance. This is ingmbiibecause the resistance values are usually given
according to a generic season (Section 4.6.2, T20tdn this way, instead, it is possible to idignt

a suitable resistance for each defined temperature.

5.4.2. SEASONAL ENERGY SAVING

Considering the previous notes, below are showrs#vengs percentages calculated for each com-
bination of different case study configurations aptimization cases.
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Tab. 74— Possible Energy Savings during Heating ar@dooling Seasons with different optimization case

Heating Season Cooling Season
L Designed Model Calibrated Model Designed Model Cdirated Model
Optimization

Cases Conf. | Conf. | Conf. | Conf. | Conf. | Conf. | Conf. | Conf. | Conf. | Conf. | Conf. | Conf.

1 2 3 4 5 6 1 2 3 4 5 6

A - - - - - - - - - - - -
B 4% 6% 6% 3% 5% 5% 5% 7% 6% 7% 8% 9%
C 6% 6% 6% 5% 6% 5% 7% 7% 6% 9% 9% 9%
D 4% 7% 10% | 4% 7% 8% 5% 11% | 10% | 8% 13% | 15%
E 7% 11% | 12% | 6% 10% | 11% | 8% 14% | 13% | 12% | 16% | 17%
F 10% | 11% | 12% | 9% 11% | 11% | 11% | 14% | 13% | 15% | 17% | 17%

B0000
70000
650000
50000

40000

Energy Needs
[kWh]

30000
20000
10000

a

Considering the variation between optimization sgse rather vertically with respect to the values
in the Tables 74-75), the energy saving is greatarectly, as the degree of freedom of the interna
temperature rises (optimization case F). Furtlidg possible to see that the optimization case D
(that consider a violation of 1°C/hour for a maximof 5°C/day), in case of a configurations 1 and
4 (where the heating/cooling scheduleantinuou$, bring to a lower energy saving respect to the
cases C (that consider a violation of 0,5°C/houafonaximum of 10°C/day). It shows that, as pre-
viously said, it must be calculated the daily maximviolable temperature considering the heat-

Conf. 1

i

Conf. 2

Conf.3

Conf.4  Conf.5

Conf. 6

B Case A

BCaseF

BO0OO
70000
650000
50000

40000
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Figure 48. Comparison — Possible Energy Savings dag Heating and Cooling Season.

ing/cooling hours of operation in order to get thaximum energy savings.

Tab. 75— Possible Yearly Energy Savings with diffemt optimization case.

Optimization Designed Model Calibrated Model
Cases Conf.1| Conf.2| Conf.3 Conf.4 Conf.[5 Conf|6
A - - - - - -
B 4% 6% 6% 4% 6% 7%
C 7% 6% 6% 6% 7% 7%
D 4% 9% 10% 5% 9% 10%
E 8% 13% 12% 8% 12% 13%
F 11% 13% 12% 10% 13% 13%

W Case A

BERREE
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Considering the variation between configurationesar rather horizontally with respect to the
values in the Tables 74-75), it is possible to rtbtd both the partial and total savings rates are
quite similar despite different conditions chosen the different configurations, but the lower the
required heating/cooling energy, i.e. the lower dperation hours per day, the greater the possible
savings, especially for optimization cases D anwere the degrees of freedom are equal to
1°C/hour with a maximum of 5 and 10 °C/day respetyi As for the cases C and F, the difference
is minimal. As a consequence, in fact, even ifraaicorrelation between maximum savings and a
kind of configuration is not achievable, the highgsrcentages refer to configurations characterized
by "Actual” operation schedules (Configurationsd &).

In conclusion, the yearly energy savings, consigtihe assumptions about building configurations
and optimization cases, can range from a minimuraboiut 6% (Case B - maximum violation of
0.5 °C/hour) to a maximum of about 12% (Case Fximam violation of 1 °C/hour).

5.4.3. SEASONAL COMFORT ANALYSIS

The next step, therefore, is to verify the comtmmditions for each case and understand if the vio-
lated temperature is acceptable or not. As foctleulations in detail, see Section 4.6.2.

It should also be considered that the PMV is calewd according to the internal temperature and,
hence, in the next tables and graphs a comparistwebn the daily average air temperatijand

the relative PMV is provided.

Tab. 76—Comparison between daily average internaétnperature and PMV for different Optimization Cases—
Heating Season.

Heating Season
Optimization Conf.1 Conf.2 Conf.3 Conf.4 Conf.5 Conf.6
Cases Bi |PMV | 6i |[PMV | 6 [PMV | 6i |PMV | 6i |PMV | 6i |PMV
4 0 N A N N A v A o O 5 o O I 8
A 205| -03 ] 216 0.0 | 22.2| 0.1 | 22.1] 0.1 | 21.6] 0.0 | 21.4| -0.1
B 20.3| -0.3 | 21.2| -0.1 | 21.8| 0.0 | 21.8] 0.0 | 21.3| -0.1 | 21.0| -0.2
C 20.1| -03 | 21.2| -0.1 | 21.8| 0.0 | 21.6|{ 0.0 | 21.2| -0.1 | 21.0] -0.2
D 20.3| -0.3 | 21.1] -0.1 | 21.6| 0.0 | 21.8] 0.0 | 21.2] -0.1 | 20.9| -0.2
E 20.1| -0.3 | 20.8] -0.2 | 21.4| -0.1 | 21.6] -0.1 | 20.9| -0.2 | 20.6| -0.3
F 199| -04 | 20.8| -0.2 | 21.4| -0.1 | 21.4| -0.1 | 20.8| -0.2 | 20.6| -0.3

Tab. 77—Comparison between daily average internaétperature and PMV for different Optimization Cases—

Cooling Season.

Cooling Season
Optimization Conf.1 Conf.2 Conf.3 Conf.4 Conf.5 Conf.6
Cases Bi |PMV | 6i |[PMV | 6 [PMV | 6i |PMV | 6i |PMV | 6i |PMV
4 0 N N A N A s ¥ N 5 o O I 0
A 259| 0.3 | 26.1] 0.4 | 26.0 0.3 | 25.6] 0.2 | 25.5] 0.2 | 25.8 0.3
B 26.2| 04 | 26.5] 0.5 | 26,5 05 | 25.8/ 0.3 | 25.9| 0.3 | 26.2| 0.4
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26.3| 04 | 265/ 05 | 26,5/ 0.5 | 25.9] 0.3 | 25.9] 0.3 | 26.2] 04
26.2| 0.4 | 26.8| 0.6 | 26.7| 0.6 | 25.9] 0.3 | 26.1] 0.4 | 26.4] 0.5
26.4| 05 | 270 0.6 | 26.9] 0.6 | 26.1] 04 | 26.2] 0.4 | 26.6] 0.5
26.6| 05 | 27.0] 0.6 | 26.9] 0.6 | 26.2] 0.4 | 26.3] 0.4 | 26.6] 0.5

m|m|oO|0

Firstly, it is interesting to look at the internemperature obtained in Case A with an heat-
ing/cooling continuous schedule (Configurationsntl 4); here, in fact, compared with a fixed set-
point temperature at 20/22 and 26°C there is ahdnin winter) or lower (in summer) average in-
ternal temperature. This means that, at certaiegiof the day, there will be a waste of energy.
Looking at the Configurations 1 and 4, for exampihes optimization case B brings at an average
internal temperature very close to the set-poiguired ensuring an annual energy saving of 4%
and a PMV equal to the value obtained without epsayings (Case A).Then, considering the Con-
figuration 3, it has an "actual" schedule for in@rgains (which has a high peak of gains during
specific hours) and a very low transmittance valtiass, also in this configuration a waste of ener-
gy is ascribed the base case (optimization cas€@)figurations 5 and 6, in fact, having a higher
transmittance values, have higher losses and, goasdy, the internal air doesn't exceed the set-
point.

Concerning the PMV is evident that, during the efrgeason it ranges between 0 and -0.3 while in
summer between 0.2 and 0.6.The configurations antlaverage PMV nearest to zero are, in win-
ter, the & and 4" and, for summer, the™and %.In any case, it should be emphasized that the
scale defined for the PMV considers around zerewral feeling, starting from £1 a sensation of
cool/warm, up to £2 hot/cold and =3 too hot/colctcArdingly, every configuration allow to stay
within the ideal comfort range.
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Figure 49. Comparison between daily average interndemperature and PMV for different Optimization Cases —
Heating Season.
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Figure 50. Comparison between daily average interndemperature and PMV for different Optimization Cases —
Cooling Season.

The graphs show how the temperature differencesdeet the base case (A) and the optimization
case with more degrees of freedom (F) is slightigent between winter and summer seasons (not
counting the Config.1 with a different set-pointigerature). During the winter, in fact, the average
difference considered in all the configurationslightly less than -0.75°C, while during the sum-
mer season it slightly exceeds +0.80°C. The prediatean vote (PMV), similarly, has an average
variation of about -0.15 during the winter and #0u2 summer.

In general, therefore, considering furthermore ¢hergy savings, the summer season is slightly
more favorable to a changing of the internal anehfoot conditions, leading to a greater savings
compared to winter.

Once you verified the average PMV it is also pdssib calculate the achieved comfort category.

This is defined according to the PMV boundariescdbed in Table 78.

It should be remembered that the values reportedeatefer to a seasonal average calculated from
hourly values, thus, you can analyze the dailyig@nd the hourly peaks, both of the temperature
and the PMV.

Tab. 78—Comfort Category Limits.

PMV PMV
Comfort category | Lower Bound | Upper Bound

[] []

1 -0.2 +0.2
2 -0.5 +0.5
3 -0.7 +0.7
4 <0.7 >0.7
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Hence, on the basis of the described limits, it p@ssible to calculate, for each configuration, the
average comfort category and the number of houmgmng to each category in order compare the
different optimization cases.
The next graphs show, for each configuration, therlly trend of the PMV calculated; it is worthy
to remember that, for each month, an average repi@s/e day is considered. Thus, the total
amount of hours, is 288, or rather 24h per 12 days.
In addition to the hourly PMV profiles, the bouni@arof the comfort categories are marked:

» the yellow lines mark the limits of Category 1;

» the orange lines mark the limits of Category 2;

e inthe red lines mark the limits of Category 3.
Finally, it has to be remembered that, for configians 2, 3 and 6 that are usiAgtual schedule
for heating and cooling operation, the PMV profiéd®ut optimization cases 3 and 6 are “null”, as
previously explained.

From the graphs it is immediately evident theeatd#ht trend of the optimization cases and then as-
sess their suitability, in terms of comfort. Theséaase (A), in fact, is generally the lower limel a

it is almost always included between the first #mel second category, while the maximum viola-
tion case (E/F) is the higher and external lin¢him graph and for some hours it goes beyond the
third category limits. Concerning the middle mon{Agril and October), instead, the curves are
generally the same for each optimization case lsecao energy is needed, thus, the internal air
temperature and the relative PMV are the sameditin simulation.

The analysis goes further calculating the amouritoefrs belonging to each category and the per-
centage variation of these from the base caseo(#)e maximum violation case (E/F).
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Figure 51. Hourly PMV trend for different Designed Model Configurations (1-3).
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Figure 52. Hourly PMV trend for different Calibrate d Model Configuration (4-6).

Looking at the graphs, it is possible to see théhin the same configuration, the PMV trend of
different optimization cases follows the trendlod base case, widening it, while, comparing differ-
ent configurations it is possible to note a mar#tgfitrence in the overall trend. For example, look-
ing at the configurations 1 and 4, with the conbunsl heating/cooling schedule, the PMV trend is,
of course, more constant while, with the internmittechedule (for all the other configurations), the
hourly PMV varies between day and night in accocganith the changes defined by the schedule;
as a consequence, the PMV is nearest to the cafntine graph, or rather the "neutral” feeling dur-
ing the day and farther during the night. Additibyathe trend concerning the winter months is
more regular than in summer.

Finally, some considerations about the monthlydseoan be added; the profiles achieved in the
colder months (January, February and Decembegearerally very similar whereas during the hot-
test months different trends occur. Moreover, theimmum and maximum peaks are concerning the
middle season months: March, April, October and éxoler for the minimum and May and Sep-
tember for the maximum.

Below, a graph for each configuration show therthgtion of hours per year belonging to each

comfort category, for each optimization case .Traphs are the results of a data post-processing of
presented in the previous charts. In this way jtassible to directly see the time amount belonging
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to each comfort category and its variation for eaptimization case. For example, by placing an
hour/year limit for the category 4, it is immedigtpossible to decide which case of optimization it
is feasible or not.

Hour [h]

Hour [h]

200

200 200

150
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Figure 53. Comparison between Comfort Category Hows obtained with the optimization cases for differen
Designed Model Configuration (1-3).
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Figure 54. Comparison between Comfort Category Hows obtained with the optimization cases for differen
Calibrated Model Configuration (4-6).
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Below the percentages of hours/year relative td eamnfort category of base case (A) and the
maximum violation case (F) are listed.

Tab. 79— Yearly Comfort Categories Percentages vaiion from Optimization Case 1 and 6.

Comfort Config.1 Config.2 Config.3 Config.4 Config.5 Configp
Category Case | Case| Case | Case| Case | Case| Case | Case| Case | Case| Case | Case
A F A F A F A F A F A F
1 38% 14% | 38% 25%| 41%  42% @ 449% = 39 5000  32%  46% 28%
2 62% | 44% | 57% 36%| 50%  20% 56% 421 49%  48%  49%  42%
3 1% 36% 5% 27% 8% 27% 0% 179 19 18% 5% 24%
4 0% 6% 0% 12% 1% 11% 0% 2% 0% 2% 0% 6%

From the results it is evident that most of theredaelongs to the categories 1 and 2, especially as
regards the calibrated model configurations. Inegai in fact, the average of hours ascribable to
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these two comfort categories are respectively aldbtt for the configurations of designed model
and 86% for the calibrated model. Then, concertinegdesigned model configurations, the 21% of
hours fits into the "8 comfort category and the 4% to tHB ghile for the calibrated model config-
urations the percentages are, respectively, thedit¥the 2%.

The objective of these graphs, however, is theuatimin of the comfort variations between the base
case of optimization (A) and the others; the reiducdf the internal temperature, case by case, can
bring to a substantial comfort variation and conmgathe variation of the hour for each comfort
category permits to understand, case by case, thieathegree of freedom provided by the optimiza-
tion algorithm is too high. From the graphs, fomewple, it is evident that thé"4ategory is in-
creasing slightly (less than 4%, apart from thefigomations 2 and 3 that reach 12 and 10%) while
the 3% category it grows on average, between the casedAhe case F of the 26% for the designed
configurations, and 18% for the calibrated ones.

In conclusion, using the comfort categories analysis possible to evaluate the maximum limit of
degrees/hour or degrees/day of violation usedearofitimization algorithm.

5.4.4. DAILY AND HOURLY ANALYSIS

After the investigation about different buildingrdmurations, theActual configuration (6) will be
analyzed in deep in this section. As already gaiel,optimization cases C and F are “null”, due to
the number of hours of heating/cooling system dpmra

The next graphs and tables show the relationshiywdas the internal temperature variation (the
lines) and the daily specific energy reduction (tiaes). As is seen, to a maximum variation of 1
°C/hour corresponds a reduction of about 10 Wh@onsidering the representative days, a month-
ly and seasonal comparison is also possible: dah@gummer season in fact, with a major temper-
ature variation there is an increased energy demaghgction, on the contrary, the minor saving
characterizes the intermediate months, i.e. April 8eptember, where also the temperature varia-

tion is lower.
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Figure 55. Comparison between Daily Temperature vaation and Specific Energy reduction in Configuraton 6.
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Next Table 80 shows the daily average variatiomt#rnal temperature and energy needs for each
representative day of the month. Note that eacitatuam is calculated with respect to the base case
A. Further the seasonal variation is added.

Tab. 80 —Daily Temperature variation and Specific Bergy reduction in Configuration 6.

Internal Air Temperature Specific Energy
variation reduction
[°C] [Wh/m?]
CaseB| CaseD CasefE CaselB CasgD CasgE
Jan -0.4 -0.4 -0.7 4.4 6.2 8.7
Feb -0.4 -0.5 -0.7 4.5 6.3 8.8
Mar -0.4 -0.7 -0.9 5.0 8.3 9.9
Apr -0.3 -0.5 -0.5 3.0 5.4 5.4
May +0.3 +0.7 +0.7 3.7 7.3 7.3
Jun +0.5 +0.7 +0.9 5.3 8.7 10.6
Jul +0.5 +0.7 +1.0 5.6 8.7 11.1
Ago +0.5 +0.7 +0.9 5.2 8.7 10.5
Sep +0.3 +0.5 +0.5 3.3 4.9 4.9
Oct -0.4 -0.6 -0.7 4.0 7.0 7.9
Nov -0.4 -0.6 -0.9 5.0 7.3 10.0
Dec -0.4 -0.5 -0.8 4.6 6.4 9.0
Average Heating Season -0.4 -0.5 -0.7 4.4 6.7 8.5
Average Cooling Season +0.4 +0.7 +0.8 4.6 7.7 8.9

Finally, it is possible to see the hourly variasand in the graph below, to ease the understanding
only the January and July representative daysteers here it is even more evident the tempera-
ture variation of 0.5 or 1°C/hour set as a limitthg optimization cases (the lines) and, at theesam
time, the reduction of the hourly energy calculatedrder to obtain the required temperature (the
points). The hourly energy visualization (on thems®ary axis) makes it clear that, predicted the
internal and solar gains, the indoor temperatuneashed in order to fully exploit the gains and,
thus, minimize the energy needed. As a consequéme@nter, the energy is concentrated during
the early morning because of the solar radiatiohigher during the afternoon. It should also be
noted that the peak of temperature in July is ahlisethe internal gains value of the relative as-
sumed schedule: at 20 pm, in fact, are provided®Ataused by cooking (see Table 69). It can be
considered reasonable in winter season but petioapsigh in summer. As previously mentioned,
in fact, the ventilation and internal gains howblues should be provided through the parameter
identification technique starting from actual data.

Then, the temperature profiles show that the sek-bemperature is not violated in any case, be-
cause the temperature variation is imposed onlherset-point temperature.

pag. 142



ABCPhD
DOCTORAL PROGRAM IN ARCHITECTURE,
BUILT ENVIRONMENT AND CONSTRUCTION ENGINEERING

Figure 56. Hourly Air Temperature and Specific Enegy Demand trends for the representative days of Jarary.
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Figure 57. Hourly Air Temperature and Specific Enegy Demand trends for the representative days of Jul

Further, it is evident that the trend of the opsation case D (orange) differs from the cases B and
E; in both months the temperature trend has ardifteprofile however, above all, as regards the
energy in the month of July, the hourly distribatis completely different. This demonstrates that
the optimization algorithm, case by case, findsdp#mal solution with respect to the various lim-
its imposed.

Then, a daily comparison of saved energy (the lzard)obtained PMV (the lines) is proposed.

The graph aims to show the relationship betweerthtbemal energy reduction with respect to the
variation of the PMV. As for the graph in the Fig5, to a greater variation corresponds a greater
reduction and vice versa but, the ultimate go#d isee and evaluate the amount of the variations.
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Figure 58. Comparison between Daily Average PMV vaation and Thermal Energy reduction in Configuration
6 compared to Case A.

Firstly, it should be noted that, concerning theoselary axe indicating the energy saved compared
to the base case (A), the latter is void. Secoritllg, possible to see that, in contrast with thera
age seasonal PMV showed in Figures 49-50, the ga#ks are slightly higher; the maximum vari-
ation is concerning the July representative day32@n Case E) for summer and both November
and March representative days (-0,19 in Case BEyioter. Therefore, comparing the optimization
cases B and E, for example, to a PMV variation lotkan 0.2 it is possible to double the energy
saved. In any case, to deeply evaluate the peadhdurly trend must be checked. This graph is
helpful to compare the PMV variation to the enesgyings in order to be able to ensure that the
comfort "reduction” has a real benefit during theole year.

Like above, the next Table 81 shows the daily ayerariation of PMV and energy saved for each
representative day of the month and each variaiaralculated with respect to the base case A.
Further the seasonal variation is added.

Tab. 81 — Daily PMV variation and Thermal Energy reduction in Configuration 6 compared to Case A.

Daily PMV Daily Thermal
Variation Energy Saved
[-] [kwh]
CaseB| Case CaselE Case|B CasgD CaseE

Jan -0.02 -0.04 -0.09 16.4 22.8 32.2
Feb -0.01 -0.02 -0.08 16.7 23.2 32.6
Mar -0.10 -0.15 -0.19 18.4 30.6 36.7
Apr -0.03 -0.08 -0.08 11.1 20.0 20.¢
May +0.09 +0.19 +0.19 13.6 27.1 27.1
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Jun +0.14 | +0.22| +0.28 19.8 32.2 39.2
Jul +0.16 | +0.23| +0.32 20.6 32.3 41.2
Ago +0.14 | +0.22| +0.28 194 32.2 38.7
Sep +0.08 | +0.12| +0.12 12.2 18.0 18.(
Oct -0.09 -0.16 -0.18 14.8 26.0 29.2
Nov -0.10 -0.13 -0.19 18.6 26.9 36.9
Dec -0.03 -0.05 -0.11 17.1 23.7 33.4
Average Heating Season -0.05 -0.09 -0.13 17.1 28.4 32.8
Average Cooling Season +0.12 +0.20| +0.24 16.2 24.8 31.6

After that, as previously done, two days profiles presented, in this case November for the winter
season and July for the summer one. These dagbasen to show the maximum variations.

The points correspond to the PMV while the lineshi® energy saved comparing to the base opti-
mization case (A). When the latter is positive gans that it is actually energy saved, where it is
negative, instead, corresponds to an energy ine@aspared to the base optimization case (A).
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Figure 59. Hourly Air Temperature and Specific Powe trends for the representative days of November.
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Figure 60. Hourly Air Temperature and Specific Powe trends for the representative days of July.

Concerning the PMV trend in November, is evideut tfollowing the heating schedules, it is low-

er during the night but during the day is abou2 {0y all the hours. Regarding July average day, in
stead, the night and day variation is lower, desfiie same schedules are used; in general can be
said that the worst PMV is obtained during the @awghours (18-22 pm).Furthermore, it is possible
to argue again that, in the summer months the PldNation is greater while in winter is lower
and, in detail, for both the months, the variati@ween the base case (A) and the cases B and E is
quite constant while the variation with the casis hore variable.

As for the energy saved it is mainly concentratethree hours (9 am, 14 and 21 pm), i.e. during
the ventilation peaks where, therefore, being ableeduce/increase the internal temperature re-
quired, it is possible to save more energy. Furtakso here it is evident the different balance be-
tween actually energy saved and wasted betweerad®eD and cases B and E.

Comparing the saved energy and the PMV variatios iossible to conclude that, also during the
savings peaks, the PMV variation is sufficientlwlbecause of the low air temperature variation; in
conclusion, thus, the energy savings is highly piatge by the comfort variation point of view.

Finally, in order to have a broad idea to the ho&V peaks during the whole winter and summer
seasons in Configuration 6, the graphs below ave/sty the peaks for each optimization case.
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Figure 61. PMV peaks for winter and summer seasoria Configuration 6.
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Concerning Figure 61, the winter minimum peak \&afiem -0.60 to -0.73A = 0.13) while during

the summer the maximum PMV rise from 0.65 to 02%(0.31). It has to be underlined that the
inner values, or rather the upper limit in wintedahe lower limit in summer, are used for the sea-
sonal PMV average calculation nevertheless areodidered as a "real" peak because are nearest
to the O (neutral feeling) compared to the othettémal” limits. Further, as already assumed, the
peak are generally obtained during the middle geasonths; the winter minimum peaks, in fact,
are obtained during October (at 6 am) while thersemmaximum peak are, for optimization case 1
in May (at 20 pm) and for the other cases in Jah@@ pm).

Moreover, it has to be remembered that these ardadiarly peaks and, for an overall evaluation,
the amount of hours for each comfort category baset considered. Figure 62, splits the previous
graph about Configuration 6 (Figure 54) in winteidasummer amount of hours belong to each
comfort category.
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Figure 62. PMV peaks for winter and summer seasoria Configuration 6.

It is evident that, in winter, the higher amounthafurs with high comfort level (Comfort Category

1 and 2) regards all cases of optimization; the@aa number of hours belonging to the comfort
category 3 rises from 5 to 18 (3% and 11%) whike hburs in comfort category 4 go from O to 2

(0% and 1%).In summer, instead, the Comfort Cate8dras a substantial hourly increase that ris-
es from 8% to 43%with a decrease of the Comfore@aies 1 and 2 from 93% to 45%. Regarding
comfort category 4, it goes from 0% to 12%.

To conclude the comfort evaluation, an explanasibaut the different calculated internal tempera-
tures is required. As described in Paragraph 4Th&,PMV is directly correlated with the operative
temperature which is calculated starting from tingeanperature and the surface temperatures (Eq.
54). Anyway, the simplified equation for the cakltibn of the PMV (Eq. 56) that is used here re-
quires the indoor and the surface temperatures.

In order to see the hourly correlation betweenitibernal temperatures, below are highlighted the

hourly profiles of air, surface and operative terapgres calculated for the base case A, divided in-
to winter and summer months.
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Figure 63. Internal Air, Surface and Operative Temperature in Configuration 6 (Case A) — Heating Seaso
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Figure 64. Internal Air, Surface and Operative Temperature in Configuration 6 (Case A) — Cooling Seaso

Concerning Figures 63-64, it can be seen that thatgst variation between the temperatures re-
gards certain peaks in summer while in winter, myidaylight hours, the air temperature is almost
always about 0.5 °C higher than the surface tentyeraTlhis means that, in summer, the variation
between air and surface temperature is low whileyinter, the surface temperature deviates the
most from the air temperature, reducing signifibatite operative temperature. For example, look-
ing at the temperature trend in the early hourthefwinter morning, where the set-point is changed
from 19 to 22 °C it is possible to see that thdam@ temperature cannot reach the air temperature
immediately, but will need some time. Consequetitéyoperative temperature, that is a dependent
on the air and the surface temperature, will beelothian the set-point required. For that reasen it
fundamental to not evaluate just the air tempeeabwt also the surface temperature, in order to
calculate the comfort level and, although it is uséd in order to calculate the PMV, it can be used
to better understand the perceived temperaturen, Tt clear that the operative temperature is al-

ways between the air and surface temperaturesvatid,respect to the air temperature, it has a
slight variation.
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5.4.5. SENSITIVITY ANALYSIS

As already stated above, the goal of the wholege®described in the thesis is to improve building
energy efficiency in the operational phase throddgferent models and techniques and to use ap-
propriately measured data. In order to verify thes#tivity of some inputs required by the model,
here, we will present a generalization of the dgdy, simulating the possible energy saving indi-
cated by the MPC in different climates and varyliogh the ventilation rate and the internal gains;
therefore it's important to see how the model tesigpend on these factors.

First, it should be emphasized the fact that th@atic analysis is used in order to generalize the
sensitivity analysis of the case study and to sh®® energy saving ranges achievable in the main
national climatic zones for a residential use.

After that, the variation of ventilation rate anfliaternal gains from a baseline case, instead, wil
indicate the sensitivity of the model to these ingud, thus, how they could impact the final out-
puts. The sensitivity analysis method used is the ® Time (OAT) one, as one single parameter is
varied for each calculation. It is one of the siegbimethods for test the most important parameters
in a model [7], and, for the reasons already erpl@dj or rather that the MPC is applies to a real
building with a certain geometry and envelope cttaréstics, the main parameters that is important
to analyze are the ventilation and internal gains.

Concerning the Italian cities analyzed, the maitadesed by the MPC are listed in Table 82 and
shown in Figure 65. Please note that the datasédethe daily average for each month and that the
hourly values are derived by them (see sectior4.2.

Tab. 82 — Main daily climate data used for climatenalysis

External Temperature Global Solar Radiation
Milan Rome Palermo Milan Rome Palermo
[°C] [°C] [°C] [kd/n] [kd/m?] [kd/m?]

January 0.6 12.1 7.6 2959 5701 4423

February 2.9 13.0 8.0 4679 8306 6515
March 8.5 134 10.2 8605 12626 10722
April 12.8 15.8 13.0 13415 17341 15504
May 16.8 19.2 17.2 17476 21829 19881
June 19.9 21.9 21.0 19447 23594 22029
July 23.1 24.8 24.2 19941 24170 22036
August 22.0 25.8 24.0 16121 21506 18564

September 19.0 23.7 21.1 11558 1571(Q 136438

October 13.0 19.9 16.0 6695 10098 8684

November 7.5 17.4 12.4 3088 6510 5166
December 2.4 134 8.4 2327 4811 3770
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Figure 65. External Temperature and Global Solar Rdiation distributions for different climates used.

In order to generalize the case study, the Bas€ame is run with the Configuration 1 previously
used (Tables 68-69), where the building operat®rantinuous and the internal temperature re-
quired is 20 degree, the air change rate is 0.3ad¢hthe internal gains are 4 Wirithe building
geometry considered is the same for each climatethle U values of the components are corrected
in line with the limits required by the nationahstard [8], which depends on the climate zone.

Tab. 83— Average Transmittance limits for differentclimate zones as required by [8]

Average .
_ Milan | Rome| Palermg
Transmittance
Exterior Wall [WinfK] | 0.27 | 0.29 0.41
Transparent components  [WA) | 1.80 | 2.00 2.40
Roof [W/nfK] | 0.24 | 0.26 0.32
Ground floor [W/MiK] | 0.30 | 0.34 0.46

Then, both the optimization cases B and F (as bleT@2) are simulated in order to show a sort of
energy savings range between a maximum and minicamditions; the hourly limit violations
chosen are, respectively, 0.5 and 1 degree andbiheones 5 and 15.

According with the previous hypothesis, the follogitable is showing the possible energy savings
obtained with the MPC for the three climate zomeslyzed.

Tab. 84— Possible Energy Savings with different Ophization Cases during Heating and Cooling Seasorisr
different climate - Baseline Case

Heating Season Cooling Season
Optimization , )
Milan Rome Palermo Milan Rome Palermo
Cases
B 3% 5% 9% 12% 9% 8%
F 8% 13% 24% 25% 19% 18%
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Figure 66. Possible Energy Savings with different @timization Cases during Heating and Cooling Seasairfor
different climate - Baseline Case

Here, two types of assessments can be done; fickthng the winter season the higher savings are
achieved by the warmer weather (Palermo) whileuimraer the greater savings are in the colder
climate (Milan). This seems to suggest that theelothe energy needs, the higher is the potential
savings. However, it should also assessed the glpebn minimum and maximum savings, i.e.,
the relationship between savings and the violdimits of temperature applied. The greater the vi-
olation, the greater the savings gap across thereift climatic zones. This is because the smaller
the number of hours per day of energy demand, tbatey the possibility of exploiting the maxi-
mum violation per day applied. Please, remembértkiamaximum daily violation here is set as 15
degree day and the Conf.1 used has a plant opesatieedule of 24 hour per day. In an actual use
of the MPC, the maximum violations will be probalijferent in the three climate zones but in this
case they are considered to be equal, in orderable a meaningful comparison.

After considering the sensitivity with respect tomate, we perform the analysis by changing venti-
lation rate and the internal gains. In details, dlvechange rate will be ranging from a minimum of
0.3 and a maximum of 0.5 1/h while the internahgaanging from a minimum of 2 to a maximum
of 6 W/nt. It has to underlined that the case study is ideasial building, so, the sensitivity analy-
sis here is done just for this building usage. dical change of its usage would lead to a change
about both geometry and envelope compositionsishdifficult to achieve starting from the case
study building presented in this thesis. Furthieshould be stressed that the sense of this chepter
to show the application of the workflow presentecthapter 4, working with a real building and
real data, and evaluate the outcomes from a marergestandpoint, employing sensitivity analy-
sis.

In the charts below it is possible to see the tesalbtained by varying the internal gains from the
baseline case, both in winter and summer seasepetvely blue and red lines) and for each cli-
mate. In detail, the symbol "+" is representing $basonal energy savings achieved with the higher
internal gains level ("IG_max" is equal to 6 W}nand the symbol "-" the lower one ("IG_min" is
equal to 2 W/rf). The ventilation rate is fixed at 0.3 1/h.
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Figure 67. Possible Energy Savings with different fitimization Cases during Heating and Cooling Seasann

different climate with fixed Ventilation Rate (0.31/h) and variable Internal Gains.

In general, from the obtained results is deduced tthe outputs are more sensitive to the internal
gains variation in summer and, again, when theggnéemand is lower. Both the savings potential

that the "uncertainty” of it, therefore, increasghwdecreasing of the amount of energy needs. This
is very important because it supports the imposarfcusing real data in order to calibrate and to

use the MPC especially in efficient buildings, ather where the energy needs are lower.

The following charts, instead, are showing the ysislof the ventilation parameter; starting from
the baseline case with a ventilation rate of 0.8 tmaximum of 0.5 1/h (Vent_max) is possible to
see also the sensitivity of this input data. THerimal gains, here, are fixed at 4 \§/m
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Figure 68. Possible Energy Savings with different fitimization Cases during Heating and Cooling Seasann

different climate with fixed Internal Gains and variable Ventilation Rate.

In this case the variations are lower than the @h@svn in Figure 76, therefore, it means that the
internal gains have a bigger weight than the vainih rate on the model outputs. The correlation
with the amount of energy needs, anyway, is theesasrthe previous situations and the variation is
higher when the energy needs are lower.

Finally, also the case with the maximum ventilatiate (0.5 1/h) and the internal gains variation is
run and the results are shown in the following gg@s a results of the two previous simulations

(Fig.67 ad 68) the sensitivity is lower than thestficase (Fig. 67) but higher than the second one
(Fig. 68).
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Figure 69. Possible Energy Savings with different fitimization Cases during Heating and Cooling Seasann
different climate with fixed Ventilation Rate (0.51/h) and variable Internal Gains.

In general it can be said that the amount of ensaygd may vary up to 50% with a variation of the
same percentage of internal gains; the maximunatian of the simulated cases, in fact, relates to
the first analysis presented, namely the wintee dasPalermo where the internal gains were in-
creased from 4 to 6 W/nincreasing the minimum energy savings (Optimizatase B) from 9%

to 19% and the maximum ones (Optimization casedf f24% to 42%. With respect to the other
cities, the most significant value relates to arease of approximately 35% of the possible energy
savings in the summer cases decreasing the intgaiva from 4 to 2 W/f In detail, in Milan the
minimum energy savings (Optimization case B) rieenf 12% to 19% and the maximum one (Op-
timization case F) from 25% to 38% while in Romespectively, from 9% to 14% and from 19%
to 29%. Concerning the ventilation analysis thénbrgvariation is about 20% in the same cases said
above; increasing ventilation from 0.3 to 0.5 1#® winter savings in Palermo decreases from 9%
to 7% (Optimization case B) and from 24% to 20%t{@jzation case F), in Milan the summer
savings increase, respectively, from 12 to 15% famth 25 to 31%, and in Rome from 9 to 11%
and from 19 to 25%. Finally, with a fixed ventilati rate of 0.5 1/h and variable internal gains, the
maximum variation is about 40%, still in the wintase of Palermo with higher level of internal
gains where the energy savings rise up from 7 8 48d from 20 to 31%. The maximum varia-
tions in Milan and Rome are approximately the 28 80% still in the same cases, or rather, the
summer situation with the lower internal gains lewbere the energy savings rise up from 15 to
21% and from 31 to 40% in Milan and from 11 to 186l from 25 to 32% in Rome.

As a conclusion, it can be said that the variatamlthough not excessive, stresses again the im-
portance of having measured data to enable motibtatson, because the optimization process of
MPC, and the related outcomes, is highly dependeiihese parameters.

5.5. DISCUSSION

In conclusion, this chapter shows the entire preadsdata analysis in order to both monitor and
manage optimally building energy demand.

Firstly, the lumped parameter model was calibrabtedugh the analysis of measured data, i.e. the
monthly energy demand and the internal free-flgatemperature. In detail, transmittances and ca-
pacity of the building have been changed, afteth&iron-site measurement sessions. Then, the in-
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verse models and the optimization algorithm wesgetd through different configurations of the
case study, created by varying both the thermoipllysharacteristics of the building and the
schedules for ventilation, internal gains and mmegtiooling operation (i.e. building operation
modes).

The results obtained indicate that, through invenseels, the main parameters (internal gains, ven-
tilation and envelope transmittances and capacéy)be identified starting from hourly data of air
temperature and energy needs. Further, considdrengptimization cases tested, it has been shown
that is possible to obtain a 10% energy saving vatpect to the present state-of-the-art of control
considering a temperature violation limit of 1°Qridg the heating/cooling operation hours.

The comfort analysis revealed that the average Pafivains almost stable, i.e. energy savings can
be obtained without compromising significantly timeit comfort. Furthermore, it should be recalled
the fact that it is possible, by formulating thgeative function in an appropriate way, to minimize
also the running costs and CO2 emissions, evegtuadighting multiple objectives, in a multi-
criteria fashion.

In this way, in case of variable electric energyffiafor example, the optimization algorithm will
search the optimal operating trajectories, considethe relevant operation constraints which are
present, not only at the building level.

Finally, it can be pointed out that the added valtithe approach presented resides not only in the
possibility to save energy and to increase oparalifiexibility, but more in general in the possibi

ity to construct in an incremental way a simplifiedergy model. This energy model can give a
feed-back on the real performance of physical efgsn@nd on building operation modes, thus help-
ing to reduce the “performance gap” between sinedlaind measured performance.

In conclusion, a generalization of the results vletd with the case study is presented using differ-
ent climate conditions and a sensitivity analysisrdgernal gains and ventilation rate. Of course, b
performing a generalization through simulation @sanot possible to calibrate on other real case
studies, but the sensitivity analysis enabled uwsehow much the output results may vary accord-
ing to a variation of the relevant input parameters

By analyzing the whole process applied to the ctisdy, we can concluded that while modelling
approached can be verified and validated numeyicle calibration phase is the most delicate and
important. In fact, the selection of parameterbdéocalibrated is not immediate but must be inter-
preted starting from actual data, that unforturyateimost of the cases are not easily accessilidle an
sufficient to obtain an effective model. Furthesearch work should be necessarily oriented in this
sense.
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6. CONCLUSION

EU environmental and energy policy in the buildsegtor has evolved over time embodying pro-
gressively concepts such as sustainability andurescefficiency and European Commission estab-
lished the long-term objective of decreasing the, €Qission levels for the building sector by 88-
91% in 2050, compared to 1990 levels. In orderctuexve this target, which is also a prerequisite
for meeting other EU economic and climate goalsg@ive 2009/87/EC), the EU especially needs
to tackle the existing building stock and reducastically its energy use in the long term.

The “decarbonization” of built environment has t trough increased penetration of renewable
energy sources and increased efficiency in end-lSesrgy efficiency practices, in fact, are rele-
vant today for economic development at the EU lewel can determine several additional benefits.
Building renovation strategies, so, are an esdeglganent in sustainability transition path plargqin
which have to match short-term goals (i.e. econagnoevth and job creation) and long-term goals
(i.e. sustainability). In a general sustainabipgrspective, environmental and economic impacts re-
lated to building energy use, are strictly cormtiatvith the social (and also behavioural) dimension
of the problem (environment, economy and societytiae three pillars of sustainability). The social
dimension is connected to both the type of acésitihat are present within the built environment
and the internal environmental quality (e.g. aialgy, thermal comfort, visual comfort, etc.) per-
ceived by occupants, which has to be controllettiénoperation phase.

In the last few decades, control systems in bugislihave received much less attention than other
areas, but their role is becoming crucial becafisleeopossibility to manage technical functions and
to acquire data on real building performance. Tlevant gap often present between simulated and
measured energy performance is caused by errormitted during the whole building life cycle,
i.e. in design phase, construction phase, comnmsgiand operational phase. In order to be able to
bridge this gap, it is necessary first to identifg key factors influencing both predicted and meas
ured energy performance, like design assumptiosletting tools characteristics, as-built quality
and occupants’ behaviour, etc.

In the design phase, on the modelling side, erioesmostly connected to generally optimistic as-
sumptions on building components and technicakesystperformance, together with an inadequate
understanding of occupants’ behaviour. Furtherpiteshe large effort in disciplines such as build-
ing physics, building science and energy managenaenoverall coherent, reliable, robust and in-
teroperable model-based approach for performandeniggtion across all building life cycle
phases, is still currently missing. The evolutidrboilding performance simulation as a discipline
is certainly giving a contribution in this sensdtbon the theoretical and on the applied side, but
there exist still relevant issues to be addressed.

In the analysis of thetate of the arit has been shown that two fundamental elementsra@al:

the ability to predict the energy demand so thaait be optimally handled (by means of an appro-
priate optimization algorithms) and the abilitydnalyze and use measured data both to diagnose
any malfunctioning and to calibrate the predictivedels.

Concerning Model Predictive Control (MPC) the magsue is related to the building simulation
model: although many detailed dynamic models ferghergy assessment are now available, mod-
els applicable to control systems are few and hays usable across building life cycle phases.
Actually, it is shown that in order to be easilydagfficiently implemented in a control system, the
model must be simplified and linear. Furthermohe mmodel could contain both quantities with
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physical meaning and quantities that are purely erigal; grey-box models can be used in this
sense, but more work is required to develop themeahintegration between physical energy mod-
eling and automation is necessary, in order toiolsiafficiently robust and accurate models to cor-
rectly predict the building behavior, but which ghlibbe also simple enough to be used for MPC.
Concerning the use of data, today it is technigadigsible to acquire and process large scale data t
reconstruct the energy behavior of the buildinglstat multiple scales but, in practice, this does n
happen very often and, when it happens, it isaliffito obtain good data to work on. Despite that,
within an appropriate uncertainty analysis framduwadata analysis can be done with different lev-
els of detail and can provide several advantaggsesenting a fundamental tool for the future of
energy management practices in buildings. The tigeey-box and black-box models renders pos-
sible (computationally cheap and efficient) workfothat can support the sustainability transition
of the built environment.

Considering these general issues, the originalgfdtie research presented is given by the overall
methodology that aims to address some of the fued&ah problems present in monitoring and
control systems.

Starting from a linearized lumped parameters maaielpptimization algorithm is used to find the
optimal operation trajectory that satisfies thestaaints while minimizing energy demand.

With a Linear Programming (LP), in fact, it is pis to find the best possible solution given the
specific conditions (i.e. find a solution that extainly a global optimum). Further, the optimipati
model, working on set-point violations, can bepimciple, simply added an additional layer on ex-
isting automation systems, without having to replaompletely the technology, but simply work-
ing on the top of conventional PI/PID controllers.

In the data analysis workflow presented, two mairels of model calibration are done; firstly with
monthly data the main lumped parameters are ardlym®ugh regression models and secondly,
using hourly data, an identification technique (ARXdel) is used to directly calibrate/built the
whole model (suitable for multiple temporal scal@alysis) with the estimated parameters.

In this sense, we can think about a workflow inahhihere is an overlay of long-term performance
monitoring, with low-frequency data (i.e. monthdigily), and short-term model recalibration based
on detailed high-frequency data (i.e. hourly, sobity). An important feature of regression models
is that they can work online, and, thus, they canoglically self-calibrate and give a feed-back on
performance while the ARX model is helpful to dyneatly reconstruct the energy model suitable
for optimization starting from actual hourly daiy analyzing the data, it is possible to perform
Fault Detection and Diagnosis (FDD) assuring botfoad performance of the control system and a
prompt corrections in case of energy performancgatien during the operation phase. Parameter
identification allows also to analyze the evolutminparameters over time, and, thus, lay the foun-
dations for a machine learning system applicatibicivmay constantly improve the control system
knowledge adapting and learning to building and-esers characteristics.

In summary, the whole analysis workflow proposedhigontinuity with present energy manage-
ment and FDD practices. On the other hand it is @mgportant to unveil the fundamental behavioral
dimension of the problem, to promote a behavidnahge.

The energy demand reduction, however, is not th alnjective to be pursued. Internal environ-
mental quality and energy savings can be conflicthjectives and comfort expectation can cause
an “economic rebound effect”, limiting the energywing potential of efficiency practices and,
therefore, compromising the return of investmerite Tobustness of building performance models
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can become an issue, in terms of risk, especiallgchno-economic evaluations employing cost-
optimal analysis and life cycle cost (LCC) accongtmethodologies.

The internal comfort evaluation, thus, is fundamakin order to ensure feasible energy savings,
keeping end-user behaviour under control. As shiowhapter 5, the Predicted Mean Vote (PMV)
evaluation acquires a crucial role in the choic¢heflimits to be set in the optimization algorithm
The latter in fact, needs a limit in terms of degdays and degree/hours of comfort violation that
can be chosen starting from a comfort assessmemg, tthrough the PMV evaluation.

Further, a possible evolution of the control schesnelated to the consideration of different com-
fort models, including adaptive one when HVAC systeare turned-off, leading to a “hybrid” con-
trol scheme with two operating models which competde optimization.

Through an adaptive control, in fact, the comfextel can be calculated even in case of intermittent
“active” (i.e. HVAC on) and “passive” operationgi.HVAC off), or rather with a "passive" control
scheme.

The advantages provided by a Model Predictive @bPC) system such as the one presented in
this research are also dependent of the type @fctbg function adopted. Starting from the mini-
mal energy demand, in fact, it is also possiblentnimize costs (using dynamic tariffs) and emis-
sions (using hourly COemission time-series and emission factors) oridenisg a combination of
both, using weighting factors. Further, it permdsncrease the overall energy efficiency, consider
ing both the load matching and the dispatch fldxygproblem. The first concerns the possibility to
optimize the matching among energy produced omsiteload. Dispatch flexibility, instead, indi-
cates a virtual storage capability able to imprthe energy dispatching according to comfort and
demand requirements.

As a conclusion, the research aims to give a daurttan in the building energy efficiency field, but
considering a wider perspective on the use of dathe building scale. Automated data acquisition
and processing could, in principles, be used fydacale performance benchmarking in the build-
ing stock. This fact represents a big opporturdtythe evolution of the building sector, as pointed
out in an ongoing EU Joint Research Centre (JRGepr on “Resource Efficient Building". The
project by the JRC follows European Commission Camication on Resource Efficiency Oppor-
tunities in the Building Sector - COM(2014)445, walhiinsist on the use of data to improve the
whole life cycle environmental performance, thelduand the value in buildings.

However, while policy initiatives can translate m@objectives into performance indicators and
clarify the general framework, fundamental issugsain that of real environmental performance
measurement and benchmarking.

In the past, the limited collection of detailed aetiable building data, as well as the underestima
tion of the importance of access to high qualittadsas determined an over-reliance on normative
models. Today the possibility of incorporating migdier control and diagnostic already from the
design phase, as well as the possibility to usenaated meter reading system, makes it possible to
think about a major breakthrough in the construciector, by bridging the knowledge from differ-
ent fields, in particular automatic control, perfance diagnostic, energy efficiency and construc-
tion technology.
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