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SUMMARY

The built environment requiregnergyflexible buildings toreduce energy peak load and to maximize the use

of (decentralized) renewable energy sources. The challenge is to arrive at smart control strategies that respond
to the increasing variations in both the energy demand as well as the variable energy supply. This enables grid
integration in existing energy networks with limited capacignd maximisesuse of decentralized sustainable
generation. Buildings can play a key role in the optimization of the grid capacity by applying derrsidd
management control. To adjust the grid energyemand profile of a building without compromising the user
requirements, the building should acquire some energy flexibility capacity.

The main ambition of the Braia for Buildings Work Package 2 is to develop smart control strategies that use
the operational flexibility of norresidential buildings to minimize energy costs, reduce emissions and avoid
spikes in power network load, without compromising comfort levels Tealise this ambition the following key
components will be developed within the B4B WP2: (A) Development of ogearce HVAC and electric services
models, (B) development of energy demand prediction models and (C) developt# flexibility management
control models. This report describes the developed first two key components, (A) and (B).

This report presents different prediction models covering various building componerithie models are from
three different types white box models greybox models and black-box models. Each model developed is
presented in a different chapter. The chapterstart with the goal of the prediction model, followed by the
description of the model and the results obtained when applied to a case study. The models developed are
two approaches based on white box modelél) White box models based orModelica libraries for energy
prediction of a building and its componentsind (2) Hybrid predictive digital twirbased on white box building
modelsto predict the dynamic energy response of the building and its components. (3) Using=@0nitoring
data to derive either ventilation flow rate or occupancy. (4) Prediction of the heating demand of a building. (5)
Feedforward neural network model to predict the building energy usage and its uncertainty.R&diction of
PVsolar production.

The first model aims to predict the energy use and energy production pattern of different building
configurations with opersource software, OpenModelica, and opesource libraries, IBPSA libraries. The
white-box model simulation results are used to produce design and contaudvice for increasing the building
energy flexibility. The use of the libraries for making a model has first been testedisimple residential unit,
and now is being tested in a nomesidential unit, the Haagse Hogeschool buildingh€ lessons learned show
that it is possible to model a buildindy making use of a combination of libraries, however the development
of the model isverytime consuming. The test also highlighted the need for defining standard scenarios to test
the energy flexibility and the need for a practical visualization if the simulation results are to be used to give
advice about potential increase of the energy fibility.

The goal of thehybrid model, which is based on a white based model fdhe building and systems and a data
drivenmodel for user behaviouris to predict the energy demand and energy supply of a building. The model's
application focuses on the use case of the TNO building at Stieltjesweg in Delft during a summer period, with
a specific emphasis on cooling demand. Preliminary analysis showattthe monitoring results of thebuilding
behaviour is in line with the simulation results. Currentlglevelopment is in progress to improve the model
predictions by including the solar shading from surrounding buildings, modelsautomatic shading devices
and model calibrationincluding the energy use of the chiller

The goal of the third model is to derive recent and current ventilation flow rate over time based on monitoring
data on C@concentration and occupancy, as well as deriving recent and current occupancy over time, based
on monitoring data on CBconcentration and ventilation flow rate. The grdyox model used is based on the
GEKKO python tool. The model was tested with the data diendesheim University of Applied Sciences office
rooms. The model had low precision deriving the ventilation flow ratespecially at low C@ concentration
rates. The model had a good precision deriving occupancy fromR&Oncentration and ventilatio flow rate.
Further research is needed to determine if these findinggply in different situations, such asneeting spaces
and classrooms.

The goal of the fourth chapter is to compare the working of a simplified white box model and biaok model

to predict the heating energy use of a building. The aim is to integrate these prediction models in the energy
management system of SME buildingsthe two models have been tested with data from a residential unit
since at the time of the analysis the data of a SME building was not available. The prediction models developed
have a low accuracy and irtheir current form cannot be integrated in an enenrg management system. In
general black-box model prediction obtained a higher accuracy than the white box model.
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The goal of the fifth model is to predict the energy use in a buildinging a black-box model and measure the
uncertainty in the prediction. The blackox model is based on a feefiorward neural network. The model has
been tested with the data of two buildingseducational and commercial buildingsThe strength of the model

is in the ensemble prediction and the realization that uncertainty is intrinsically present in the data as an
absolute deviation. Using a rolling window technique, the model can predarergy use and uncertainty,
incorporating possible buildinguse changes The testingin two different casesdemonstratesthe applicability

of the modelfor different types of buildings.

The goal of the sixth and last model developed is to predict tieaergy production of PV panels in a building
with the use of a blackbox model. The choice for developing the model of the PV panels is based on the
analysis of the main contributors of the peak energy demand and peak energy delivery in the case of the DWA
office building. On a fault free test set, the model meets the requirements for a calibrated model according to
the FEMP and ASHRAE criteria for the error metrics. According to the IPMVP criteria the model should be
improved further. The results of the pgormance metrics agree in range with values as found in literature. For
accurate peak prediction a year of training data is recommended in the given approach without lagged
variables.

This report presents the results and lessons learnefdlom implementing whitebox, greybox and blackbox
models to predict energy use and energy production of buildings or of variables directly related to them. Each
of the models has its advantages and disadvantage&urther research in this line is needed to develop the
potential of this approach.
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1 INTRODUCTION

1.1 Background and objectives

The built environment requires energy flexible buildings in order to prevent energy peak load and to maximize
the use of(decentralized) renewable energy sources. The challenge is to arrive at smart control strigtethat
respond to the increasingvariations in both the energy demand as well as the variab&mergysupply. This
enables grid integration irexisting energy networks with limitedapacityand maximisesuse of decentralized
sustainable generation.

The mainambition of the B4B project isto developsmart control stratedes that use the operational flexibility
of nonresidential buildings to minimize energy costs, reduce emissions and avoid spikes power network
load, without compromising comfort levels Furthermore the goal isto show that flexibility of energy
production/demand of smart buildings can reduce operational constraints in the currepower network.

To realise this ambitiorthe following key components will be developedithin the B4B project

A. Development ofopen-source HVAC anelectrical servicesmodels
To lay the foundation for our research, we embark on the creation of opsaurce models forheating,
ventilation, and air conditioning (HVAC) systems and electrical services within residential buildings.
These models will serve as the building blocKer the development of the energy prediction models

B. Development ofenergyprediction models
Building upon the HVAC and electrical services models, we will proceed to construct advanced energy
prediction models. These predictive models are essential florecasting energy consumption patterns,
enabling proactive and efficient energy management.

C. Developmentof flexibility managementcontrol methods
To harness the inherent flexibility within noresidential buildings (due to thermal mass or local
storage/generation options) we will pioneer innovative control methods. These methods will facilitate the
dynamic allocation of energy resources, ensuring optinidxible energy utilizationwhile minimizing
wastage and ensuring indoor comfort The most promising control methods will be tested in living labs
first in a digital environment and later on in real buildings.

This reportdescribes the developed HVAC and electrical services modelad the energy prediction models
within components(A) and (B) listed above

1.2 Approach

A structured and collaborative approach has been defined to achieve the objectives of the B4B project. Before
starting, the consortium partners discussed and decided about the distributiaf tasks. This ensured that a
wide variety of models have been developed in the B4B project and it has also allowed partners to exchange
feedback about the different models, gaining a common insight on the pros and cons of each approach. The
developed models havébeen tested using real data from living labs and use cases order to validate their
results and to demonstratetheir possible implementationfor the control of building®energy flexibility.

The work on the development of the three key components (A), &BYl (C) has been carried out simultaneously
As the learning outcomes of each key component can have a positive impact on the development of the other
key components, regular outcome sharing meetings have been organized and collaboration between
consortium partners have been established. As a consegpce of the continuous feedback rounds the
development of the models is still ongoing. This reparbvers thecurrent results of key components (A) and
(B) andwill be updated with the last version of the modeldeveloped towards the end of the project.

1.3 Structure of the report

In Chapter2, background information is given about energy flexibility in buildingse different building energy
models and building characteristics to be includeé the building energydemand models. Furthermore an
overview is given ofill models that are developed and described in this reporn the subsequentchapters
the different modelling approaches are describeih detail, where each chapter starts with a description of the
model, followed by theresults of their application in practice:

- Chapter 3 describes a white box modelling approach using Modelica libraries for energy prediction of the
building and its components.

- Chapter 4describes a hybrid modelling approachased on white box building modelsusing a predictive
twin for energy prediction of the building and its components.
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Chapter 5 describesan inverse greybox modelling approacto use CQ monitoring data to deriveeither
ventilation flow rate or occupancy.

Chapter 6 describes a simple white box and a simple black box mottebredict the heating demand of a
building

Chapter 7describes a black box modelling approach using a feedforward neural network to predict the
building energy usage and its uncertainty

Chapter 8 describes a black-box modeling approach using neural network to predict thé?V solar
production.

www.brainsforbuildings.org 7/120
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2 BACKGROUND
2.1 Energy flexibilityn buildings

The production Gap Report (SEIl et al., 2021) proposes an average yearly reduction of 6% on the use of fossil
fuels to achieve the CO2 reduction targets of the Paris Agreement (United Nations, 2015). As a consequence
of the needed energy system changéhere has been in recent years an increase on electricity demand, due

to higher use of heat pumps and electric cars, as well as an important grovatrenewable energy production,
particularly solar and wind energy (OECD, 202T)herefore, the electricity grid is working at a higher capacity
rate causing grid congestion problemd\ot only because of the increase of the total amount of electricity being
transported but also becausethe increase in renewable energy productionreates an imbalance in the
electricity grid between energy production and consumption due to its dependence on natural elements
(Zsiborécs et al., 2021).

One way to rebalance the grid is to adjust consumption in relation to productithat in the literature is referred

to as demandside managementcontrol. Buildings account for 40% of the total energy consumption in the EU
(IEA, 2019). They can therefore play a key role in the balarafethe grid and optimizationof the grid capacity.

To be able to adjust the grid energy demand profile of a building without compromising the user requirements,
the building should acquire some energy flexibility (Reynders ¢t, 2018; MarszatPomianowska, 2019). The
concept of building energy flexibility was addressed early on in (Six et al., 2011; Nuytten et al., 2013), among
others and numerous definitions have been proposed since then. In this project building energy fliéikhis

definedas:0 The capacity of a building to deviate its gri
reference profile, reacting to a specific control re
The definition used is based on the definition out|
Flexibility in Buildingsd (EBC Annex 67, 2018). The

and energy demand patterns that are aled to be modified are the grid energy demand and the grid energy
supply. This allows to clearly identify that the exchange of energy is between the grid and the building. The
other change is to make iexplicit that the deviation is activated by a controequest. A conceptual visualization

of the definition is presented in Figure.1.

Building

Solar PV Solar Thermal
Panels Panels

Air Handling
Unit

Heat Pump Radiant Floor
Electric Thermal
Battery Storage

Appliances

Grid

| Building
/\ —\ | /\ Management
\/ - \V4 = Energy Flexibility e

Control

Reference Profile Deviated Profile request
Comfort Functionality

Figure2.1. B4B conceptual visualization of building energy flexibility.

Numerous scientific publications have proposed KPIs to characterise energy flexibility. A complete list of energy
flexibility KPIs that can be found in the literature are presented i\ppendixA of the Annex 67 report on
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6Characterization of E n e r gjomignbweska 2019). Intthg same repBrtai | di n

flexibility functionis proposedto assess the energy flexibility. The function is described in Fig@.
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Figure 22. Energy Flexibility function. (Marszétomianowska, 2019).
DZ (Ti me): The del ay of seeing an effect on the ener
¥ (Power): The maxi mum change in demand foll owing
A (Time): The time it takes from the start in chang
a (Time): The total time of decreased energy demand.

A (Energy): The totaimount of decreased energy demand.
B (Energy): The totamount of increased energy demand.

The flexibility function allows tonumerically determine the characteristics of the difference between the
reference energy profile and the deviated energy profile. To do, $ois only necessary to give as input the
reference profile and the deviated profile. As it is difficult to measure in real life a reference and deviated
energy building profile under similar circumstanceshe energy flexibility is mostikely to be assessedby
making use ofbuilding simulation models. Therefore, the primary goal of this report is tievelop models tha
allow tosimulate the energy profile of a building when reacting to a specific control request.

This document describes the building models and the HVAC and electrical services models developed to
generate a reliable building energy supply andemand prediction for norresidential buildings. The models
could be used as a tool to assist in the building systems design process or as a digital twin to assist in flexibility
control actions.

2.2 Building energy models

The techniques currently used to model energglated systems in buildings, which include predicting,
managing, and optimizing energy systems design and control, can be classified into three groups: physics
based modelling (also known as whitbox models)including hybrid building modelshased on white box
building models and data driven user mode]data-driven modelling (also known as blackox models), and
greybox models (Yu et al., 2022; Habash,2022).

White-box models

White box models are based on the principles of physics. It is a mditej approachthat explicitly represents

the internal workings, physical properties, and energy flows within a building. The advantage of white box
models isthat they make use ofknown physica properties such as heat transfer and therefore need less
informative data to calibrate the model. The downside is thatetailed physical parameters of the building
dimensions and material propertiesnust be available anddepending on the complexity of the white box model
can take considerable time and effort to initiate the model(Chen et al. 2022) TNO uses a white box model to
describe the building model and uses data driven models for user behaviour (thermostat setpoint, shading
etc)

Black-box models

Black-box models are datadriven models, as they are created by quantifying parameters from historical data
and establishing correlations between building performance and data. The parameters of bHack models
are typically adjusted automatically, whicbffers a notable advantage over whitbox models.For a data driven
model to be accurate it need training data that has sufficient information. In contrast, white box models
contain physical relationships that are already known.In many cases the information and the quality of
building data is low, which makes it difficult to train black box modelblevertheless, the inner workings of
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these models are mostly unknowras the parameters do not have a physical meaninghich limits thecontrol
flexibility of the overall process. (Wilde, 2023)

Greybox models

Greybox models are a combination of white and bladkox models. Greypox models define a physical model
to depict the building's physical layout and/or of the HVAC equipment. Subsequerttigy employ statistical
analysis to determine significant parameters that represent crucial aggregated physical characteristcsl
they may useblack box models to estimate partshat are not described by physical models for instance user
behaviour. Accomplishing this necessitates advanced user knowledge in formulatiagpropriate modelling
equations and estimating these parameters. This approach has great potential, particularly in the domains of
fault detection and diagnosis (FDD) as well as retitne control Since the model contains known physical
relations, it can be trained withbuilding datathat contains less information.(Harish & Kumar, 2016; Li,2021)

2.3 Building characteristics to be included imuilding energy models

Togiveinsightsinto the most commonnon-esidential building characteristics a preliminaryanalysishas been
carried outabout the building characteristics of office buildings ofhe Central Government Real Estate Agency
(CGREA)Rijksvastgoedbedrijf The analysis is based on the availablEGREA building information database
data and the available building energyperformance certificate reports. The results of this analysis are
presented inappendixA of this report.

This analysis's initial goal was to identitye highestpriority buildingcomponentconfigurations to be modelled.
However,in the course of ths research project, it appearedthat this information would notinterfere with the
decision of whatbuilding componentconfigurationsneed to be modelledbecausethe current most common
building configurations offer reducedbuilding energy flexibility capabilities (limited energy storage capacity,
reduced energy production capacitand limited predictive energy control capaci)y However, the analysis
offers an overview of what are the averageurrent office building characteristics and building component
configurations. This is still a valuable piece of information when making building energynodels of office
buildings.

2.4 Building energy models developed

The partners involved inmaking this report have developed models using all of the three techniques described
above to facilitate design decisions or the implementation of control algorithms that enhance the energy
flexibility of buildings. The list of modeldhe usecase on which the model has beebuilt, and the aim of the
model are presented in Table2.1. The table also refers to the reporthapter in which the model is presented.

Table 2.1. Building and building system models developed

Model type Living Lab/Use
Case

Prediction goal Comments

‘ Chapter

White box HHS Delft Using openssource software and| The higher education HHS Delf 3
model libraries to simulate different| Building has 3 levels, it is well insulatec
building configurations to produce| and it is equipped with an aquifer
design and control advice for | thermal storage system and floor
increased energy flexibility. heating.
White box TNO Stieltiesweg | Coolingdemand of the building for| The TNO Stieltiesweg building is a
model, hybrid | Delft use in predictive control level office building with optical labs on
model the ground floor.
Inverse grey | Building Derive current ventilation flow| Collected data from 6 office rooms at
box Windesheim rates from recent CQ@ | Windesheim for 3 weeks in the autumn
concentration and occupancy of 2022, but had to reject the data of 3
data and derive  current| office rooms due to data quality issues
occupancy data from recent CO| Dataset of the 3 office rooms, 8
concentration and ventilation flow| properties from 4 sourcestotalling 0.4
rate data. million datapoints published as open
dataset. Firmware for C© and
occupancy detection measurement
device (085 per
Python based model and analysis
software published as open source
software.
White+ Black | Onexus White Box: Modelling heat The dataset comes from the existing-C
box model demand with a physical equation.| Nexus database and is based on

www.brainsforbuildings.org
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Model type

Living Lab/Use
Case

Black box: Predict heating

Prediction goal

demand so that power steering
control algorithms can be
optimized.

Comments Chapter

different types of residential housinglt
is a private dataset.

Black box Peutz Indication of expected building| Tested with two datasets for an 7
energy usage and associated educational facility and a commercia
uncertainty in the expectation facility.

Black box DWA Gouda Peak prediction of PV solal Tested with fault free and faulty data. | 8

systems

www.brainsforbuildings.org
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3 WHITE BOX MODEL MODELICALIBRARIES FOR
ENERGY PREDICTIONOF A BUILDING ANDITS
COMPONENTS

Authors Isa Dols, Gide de RuijteBaldiri Salcedo (HHS)

3.1 Goal of the prediction moded

The main goal of this model is to predict the energy use and energy production pattern of different building
configurationswith opensource software and opersource libraries. The aim is to use this modéb produce
design and control advice for increasing the building enerdexibility. This chapterpresents the discussion
about the modelling software and libraries choice, the characteristics of the available libraridse simulated
case study to test the software and librariesand the lessons learnedThis chapterwill be updated beforethe
end of the B4B project to include the results of the HB building case study.

3.2 Choice for Modelicaand OpenModelica

The use of computer building energy simulations (BES) started in the 1960s and 1970s with the development
of digital computers and the increasing demand for energgfficient buildings. Since the first building energy
simulation tool called BRIS was compite by the Royal Institute of Technology, Stockholm in 1963, BES
techniques have significantly advance@rown, 1990).In the following decade, powerful simulation engines
such as BLAST, DGE and ESPr were developed. Later, with the advancement of compuianal techniques,
more sophisticated BES programs such as DeST and EnergyPlus were developed in the 1990s, laying the
foundation for current BES technologfSingh & Sharston, 2022)Thanks to continued development, BES tools
can now accurately predict thermal loads and buildnergy performance based on fundamental heat balance
equations. Today, BES isssential for architects, engineers, and building owners to optimize building energy
use and reduce energy costs. A comprehensive list of BES tools is predich Crawley et al(2008) and IBPSA
(n.d.).

The goal for the HHS case study is to develop a computer model based on epenrce and fredy available
software to simulate the energy use of a building and the behaviour of the components of the energy systems
of this building. The needo dynamically simulate the building components (such as the HVAC and renewable
energy production systems) and define the control settingsthiese components reduce the amount o$uitable
BES tools. Atam (2017) compared the characteristics of the currehy available software with these
capabilities, see Table 3.1.

Table 3.1. Comparison of discussed maj@oftware/tools in terms of controtoriented and other closelyelated aspects. The
scales 035 indicate a property strength from lowest to the highest level. (Atam, 2017).

‘Matlab Dymola/ModeIica*Trnsys EnergyPIu‘ Revit Hot2000 ‘Espr ‘|DA.|CE ’
Opensource Yes Yes/Yes Yes Yes No No Yes Yes
Fredy available No No/Yes No Yes No Yes Yes No
Userfriendliness 5 3/2 1 1 3 3 1 3
Level of detail in building 0 1/1 4 4 5 2 4 3
geometrymodelling
Rich libraries forbuilding and 1 4/5 5 4 3 2 3 4
HVAC thermal models
Libraries for  renewabl 0 3/4 5 3 1 0 2 4
energy systems
Advanced control design 5 2/1 0 0 0 0 0 0
capability (builtin)
Allowing cesimulation Yes Yes Yes Yes No No No No
FMI  support (builtin  orf  Yes Yes Yes Yes No No No No
through third-party tools)
Post processing capability 5 2/1 1 1 1 1 1 1

The goal of the case study is to develop a computer model balsan opensource and fredy available software
that allows implementing advanced control design capability.Therefore,the choice has been made to use
Modelica with OpenModelica software to develop the computer model for this case stagyit is the only option
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on the list that complies with the defined requirements. Moreover, Modeli¢es a rich library for building and
HVAC components models.

3.3 Modelica libraries

The IBPSA project 1 executed between August 2017 and August 2022 created the IBPSA library composed of
four Modelica libraries for building and district energy systems (IBPSA project 1,n.d.):

AixLib, from RWTH Aachen University, Germahgitps://github.com/RWTHEBC/AixLib)
Buildings, from LBNL, Berkeley, CA, USHti://simulationresearch.Ibl.gov/modelica)
BuildingSystems, from UdK Berlin, Germanatip://www.modelica-buildingsystems.de)
IDEAS, from KU Leuven, Belgiunmtips://github.com/open -ideas/IDEAS

IBPSA has recently created the IBPSA Modelica Worlgngup to maintain and further develop the libraries.
The library is being tested with three Modelica tool®penModelica, OPTIMCA/IMPACT and Dymola (Wetter,
2023).

From the four libraries the libraries dBuildingsd and dDEAS® are selected to be used in the making of the
model for the HHSbecause of their more advanced stage of development. The Buildings library developed by
the Lawrence Berkeley National Laboratory has the suppattthe Department of Energy of the United State

and is currently also developing a link to EnergyPlus called the Spawn of EnergyPlus (Spawn of EnergyPlus,
n.d.). The IDEAS library is developed by KU Leuven. The IDEAS development group lLeéukEn has been
contacted during the making of the modeio get some support on using their library.

The Buildings and the IDEAS library can directly be activated in OpenModelica via the Manage Libraries menu.
The Building library is fully compatible with OpenModelica while the current version of the IDEAS library is only
partially compatible with OpenModelica. However, the developers of the IDEAS library that were contacted
during this research expressed their aim to makieir library fully compatible with OpenModelica in the close
future.

3.4 Modelica library components
In this section there is an overview of the available model blocks in the Buildings 9.1.0 and IDEAS 3.0.0 library.

3.4.1 Thermal zones

The libraries offer 3 methods to define the thermal zones of a building, reduced order, detailed &mergyPlus
model. The reduced order are model blocks with different RC configurations, the detailed blocks are blocks
implementing heat transfer equations for walls and windows. The IDEAS library are a bit more user friendly
than the Building library blocksas it allows to define directly a thermal zone including the whole envelope of
that thermal zone in one modelling block. délvever, the IDEAS library blockfor the thermal zones are not yet
fully compatible with OpenModelica. The Enegus model block is only available on the Buildings library and

it is still in early phase of development within the project the Spawn of EnergyPlus (U.S. department of Energy,
n.d.). However, it is promising as it could really increase the speed of definthermal zones.

Table 3.2 Thermal zones model blocks IDEAS and Buildings libraries.

Model Blocks ‘ IDEAS ‘ Buildings ‘ Comments ‘
Reduced order X X Similar in both libraries
Detailed X X IDEAS more user friendly but not fully compatible with Opdadelica
EnergyPlus X In development in project the Spawn of EnergyPlus.
3.4.2 Heating and cooling gneration

Both libraries have some thermal generation model blockSee Table 3.3 The Buildings library has a few more
blocks than the IDEAS libraryljke for examplea boiler, or solara collector block. For the heat pumps, there
are different types of blocks, simplified versions with a COP depending on the temperature difference, Carnot
heat pump, and more complex heat pump blocks that include the simulation of the compressor, condenser
and evaporator. The IDEAS library has a few more heat pump types than Baédings library. Both libraries
include geothermal boreholes, however in both caseBese are closed systems.

The availability of electrity generation blocks is limited. The Buildings library has solar panels and wind
turbines blocks that model the generated power with a direct relationship with the solar irradiance for the solar
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panel and witha direct relationship withthe wind speed for the wind turbine. The solar panels block in the
IDEAS library is still under validation.

Table 3.3 Generation model block@é the IDEAS and Buildings libraries.

Model Blocks ‘ IDEAS  Buildings ‘ Comments ‘
Boiler X Simple block model
Heat pump X X Numerous model blocks with varying levels of complexity
Solar collector X Simple block model
Geothermal system X X Only closed system.
PV panel X X Simple block model
Wind turbine X Simple block model
3.4.3 Distribution

For the distribution of water and air both libraries have blocks to simulate pipasad mixing volumes taking
into account moisture as well as heaexchange.See Table 3.4.There are also blocks of stratified storage
tanks. There is not a block or example yet available of an Airrfdéing Unit. However, with the available blocks

it is possible to configure one. For the distribution of electricity only the Buildings library has model blocks for
AC and DC distribution. The default values of the blocks are according to the US electdtesy. The Building
library includes an electric battery moel block, but it isan extremely simplified model block.

Table 3.4 Distribution model blocksn the IDEAS and Buildings libraries.

Model Blocks IDEAS ‘ Buildings Comments ‘

Pipes X X Simple block model

Heat exchangers X X Numerous model blocks witlvarying levels of complexity

Mixing volumes X X Including moisture
AHU Could be modelled with the available blocks.

Storage tank X X Stratified storage tank

AC/DC X Default values US electrical system

Electrical Battery X Extremelysimple model

3.4.4 Delivery

For the delivery of heatand cold both libraries include several heat exchanger model blocks with different
levels of complexity, the blocks include radiators, convectors and radiant floSBee Table 3.5.

Table 3.5 Delivery model blocks IDEAS and Buildings libraries.

Model Blocks IDEAS ‘ Buildings Comments ‘
Radiators X X Numerous model blocks with varying levels of complexity
Convectors X X Numerous model blocks with varying levels of complexity
Radiant floor X X Numerous model blocks with varying levels of complexity
3.4.5 Boundaryconditions

Both libraries have blocks related to climate boundary conditions and occupant boundary conditioBse
Table 3.6. For the weather data both libraries have a block that loads information from TMY3 (Typical
Meteorological Year) weather files. The files with this format can be downloaded at the EnergyPlus website.
The block from the IDEAS library has also included thenqouting ofthe solar irradiance on the zone surfaces.

The occupant behaviour is also modelled for some blaln both libraries. However, the Buildirglibrary has
numerous options to define the occupant behaviour in relation to presence, lighting, blinds use and settings
in heating and coolingmaking use of adaptable scheduleg§wWang et al., 2019).
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Table 3.6 Boundary conditions model blocks IDEAS and Buildings libraries.
Model Blocks IDEAS  Buildings ‘ Comments ‘

Weather data X X Load TMY3 files. IDEAS also computes irradiance in surfaces.
Occupants'behaviour X X Buildings has more options to defin@ccupants'behaviour.
3.4.6 Control

Both libraries have control model blocksSee library 3.7 IDEAShas a few basic control optionsPID, oftimer
and heating curvebased control. Buildings ha plenty more control options, it also includes some energy
demand prediction blocks and demand control blocks. The development of the control blocks is part of the
Open Building Control project (U.S. department of Energy, n.d.).

Table 3.7 Control model blocks IDEAS and Buildings libraries.

Model Blocks IDEAS Buildings Comments

Basic control X X PID, Off timer, heating curves.
Demand response control X Developed in Open Building Control project.
3.4.7 Overall evaluation

The Buildings library is further developed and has more model blocks ththe IDEAS library, howevdor some
topics libraries can complement each other. It is also expected that the Build&igrary will bequickly further
developed because of the support of the Department of Energythe United States and the spinoff projects
to develop specific library components like the Spawn of EnergyPlus or the Open Building Control.

3.5 Case Study 1. Residential NZEB row house

The objective of the first case study is to evaluate how feasibieis to make a simple building model in
Openhbdelica making use of the existing model blocks to evaluate the energy flexibility of different building
configurations and control strategiesThe requirement of being a simple building for the first case study
determined the choice for a residential building, in place of a neasidential building,even thoughthe focus

of the B4B project is noAresidential buildings.The results presented in tfs report have been also published
in a paper (Dols & Salcedo Rahola, 2023).

3.5.1 Buildingscharacteristics

The case study building is a Net Zero Energy Building (NZEB) row house located in the seoegh of the
Netherlands. See Figure 3.1. The house is equipped with an-aimter heat pump used only for heating
purposes withunderfloor heating and a ventilation system. The house was chosen because of the availability
of the house characteristics as well as the energy use of the heat pump in 120 similar houses. There was no
information available about the occupants of the house.

Figure 3.1 Case study NZEB roouse.
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3.5.2 Computer model

The computer model created is based on the simple house example created by Michael Wetter from the IBPSA
library, see Fgure 3.2. This model is adapted to the envelope and installations of the case study. The building
envelope is simulated with simple RC model blocks. At the start of thhesearch,we made use of the IDEAS
library,which has reduced order model blocks and detailed model blocks to define building thermal zones, but
the detailed model blocks arenow not compatible with OpenModelica. The choice for the IDEAS library was
because we had the opportunity to have direct contact with the developers of the library what was of special
interest given the lack of information and tutorialfor making mode$ with OpenModelica and specific with the
IBPSA libraries.

Themain components of theheating and ventilation system have been taken into account in the model. The
heating system is controlled by a thermostat that is implementday making use of OpenModelica standard
library model blocks.

Cooling and ventilation serg...

- K
5 ir hexReqiE‘;:—-'!f
dF

Weather Wall NN

Figure 3.2 Reference model adjusted version from IBPSA example Simple model Michael Wetter

The performance of this model has been verified by comparing its outputs with the data available from the
case study. As there was no data available about the occupants and the occupant's behaviour, only the energy
use trends and total energy use valighave been used for the verification of the model. The model gave a
total energy use for the heat pump 38% higher than the average measured heat pump energy use of the
reference houses. A possible explanation for the difference in values is the fact that internal heat gains
were accounted in the model and that the simplicity of the RC model did not represent the haziaecurately.
However, the average actual energy use and the simulated energy use followed the same pattern, see Figure
3.3. The model result was close enough for the purpose of testing the feasibility of using OpenModelica to
measure the energy flexibility
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Heat pump measured power vs simulated power
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Figure 3.3 Measured versus simulated heat pump power and energy comparison.

3.5.3 Energy flexibility test measurement

To assess the energy flexibility of the building, tkemputer model of the case study was used to generate the
load curve of different building configurations. These building configurations were created by adjusting a
parameter within the reference model to create a flexible model. The parameters considebgdAnnex 67 are:
(IEA EBC Annex 67, 2017)

- Insulation level

- Thermal inertia

- Heating/cooling system

- Control strategy/penalty signal

- Building type

- Outdoor temperature

- Solar radiation

Flexible models were developed to assess the impact of the parameters on energy flexibility. Warelyzing
the sensitivity diagram of (Junker et al., 2018), three parameters were derived as the most applicable for this
case study insulation, thermal inertia and contral Therefore, these three parameters weranalyzedwithin
the case study. This resulted in three variant 'flexible’ models, each with one adjustment.

Table 3.8 Flexible model parameters

Parameter ‘ Adjustment Reference model Flexible model
Insulation Rc_value 5 [m#*K/W] 7 [m2*K/W]
Thermal Inertia Wallthickness (brick) 50 mm 100 mm
Control Preheating 20-21°C 21-22°C
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3.5.4 Setup
In the current literature there is no standard procedurefor choosingunder which €enario to measure the

energy flexibility. Therefore, the penalty signhhs been simulatedon the momentis more likely to occur an

energy shortage on the electricity gridcthese models have been simulated in a worsise scenario a day with

no sunshine and anoutside temperature of-10°C.

In the current literature there is neither a stadard control respamse to the penalty signal In the simulated
casestudy the only control component is the thermostatTherefore,it was chosen that thecontrol response

of the model to the penalty signal wuld be to reduce the user requirement temperature to 19.8C from the
initial 20°C. As this research focuses on the response of the models, the initiation of this response was taken
as a binary signal and wasictivated in the simulations at 8:00 am. Furthermore, the simulation was run for
14 hours to simulate a hypothetical time frame from 08:00 to 22:00, this was done to properly measure the

rebound effect. The effect on the room temperature of the simulaticof the three models compared to the

reference model is shown in Figure 3.4.
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Figure 3.4 Indoor temperature for the insulation (top graph), thermal inertia (middle graph) and control (bottom graph) Hiexi
model in comparison to the reference model.
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3.5.5 Data Analysis

The energy load produced with the different computer models has been exported to Excel to produce the
comparison graphs see Figure 3.5. From these comparison graphs the value of the energy flexibility KPIs as
defined by annex 67 could be extracted (MarszBlomianowska, 2019), for the KPIs list and definition see
Figure 1.2.

Reference model Flexible model(s)
simulation simulation
Reference energy load Flexible energy load
A 4 y
Energy load

comparison

Flexibility display

Figure 3.5 Data processing for the generation of the flexibility display

The energy flexibility KPIs are measured in the period between the first initaion and the end of the rebound
effect.

3.5.6 Results

The flexibility function and the values of the KPIs for the comparison of the three flexible models with the
reference model can be seen in the Figures 8, 3.7 and 3.8. The green area is theshifted energyand the
black area the energy of the rebound effect. In ¢hcasestudy the heat pumpis the only appliance consuming
energy, thereforehere are some periods in which the difference between the reference modeld the flexible
modelis equal to zero, when heat pump is offi both models.Even though the simplicity of the model and of
the control request there are clear differences on the energy flexibility function pattern. Specially in the case
of the preheatingtest, Figure 3.8,in comparisonthe other two test Figure 3.6 and 3.7 In the test of the pre
heating not onlythe energy shifted is higher but also the maximum power difference is higher.

Power[W]

Flexibility measurment Insulation
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g g 888838 ¢8¢8¢g¢g g s Maximum power shift  |A 1488 |W
% g 4 333 53353838387
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Figure 3.6 Insulation flexibility graph
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Figure 3.7 Thermal inertia fexibility graph
Power[W]
A 3200
2400 KPI Ab. \Value |Unit
1800 . .
1200 Duration time B 6300 &
502 Duration peak time o 3600 s
-600 A
1200 Shifted energy load  |A -1.8  kWh
;222 Rebound effect B 6.5 kWh
B0 L 4 6 e 6 o AC e 6 o 6 o o Maximum power shift (A -2420 W
Time -

== Energy demand
== Penalty signal inniation

Figure 3.8 Pre-heating flexibility graph

3.5.7 Discussion

3

The graphs have been pogrocessed to facilitate their interpretatiorloweverwhen they were shown to a small
group of engineers and architects to request for feedptneky expressed that it was difficult for them to interpret
the graphs and to take design decisiambased on the analysis of these graphs. From these conversations it
appeared that a dashboard in which the values of certain building parametsuch asfor example the concrete
floor thicknessor the building fagade Rc valuecould be modified with a slider could facilitate the interaction
with the model and its undersanding. A visualization of a future possible dashboard is presented in Figure
3.9.
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Figure 3.9 Possible future model interaction and visualization.

3.5.8 Conclusions

The developed case study has shown that it is possible to model a rowhouse WitenModelica making use

of the IDEAS library with the aim to analyse the energy flexibility of different house configurations. The energy
use patterns of the reference house and the different alternative configurations can be compared to create a
flexibility energy pattern. OpenModelica and the use of the IBPSA libraries has a steep learning curve. There is
really limited documentation and tutorial@vailable and currently the IDEAS library is not fully compatible with
OpenModelica.

It is necessary to define a standard situation in which the flexibility amalyzedto facilitate a fair comparison.

In this case study it is proposed to compare the action of the penalty signal at an expected high grid energy
demand moment like on a cold day-10 degrees Celsius) at a peak hour time (8:00 in the morning). However,
other standard situations could be definedsuch asa peak summer demand, or a solar power production
peak.

The comparison between energy patterns can be plotted on a graph and KPIs could be calculated to compare
them. The graph generation and calculation of KPIs is easier to be implementadsoftware different than
OpenModelica. In this case study Excleés been used with quite some post processing. ik necessary to limit

the flexibility pattern analysis to the end of the rebound effect and to add a colour and labelling to facilitate
the readability of the graphsin the future it could be useful to automatie this process.

Moreover, to facilitate design choices regarding flexibility it is necessary to define a way to interact with specific
building parameters, like for example thethickness of the floor concrete or the Rc value of the facadgnd
visualizehow these building parameter changesfluence the energy flexibilitykPls.

3.6 Case Study?2. Nonresidential building The Hague University of Applied
Sciences Building.
The objective of the second case study is to evaluate how feasilitlées to make a building model of a complex
non-residential building in OpenModelica making use of the existing model blocks in order to evaluate the
energy flexibility of different building configurations and control strategies. Unfortunately, at the timetha#
publication of this report the case study is not yet finished. In this chapter the work that has been done to
create the modelis presented, includinghe obstacles encounteredduring the process. It is expected that the
model will be published in an updated version of this report.

3.6.1 Building characteristics

The case study building is the Delft building of the Hague University of Applied Sciences. The building designed
by architecture office Syb van Breda was built in 2009, has a surface of 1627Crand it was designed to host
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2000 students. The building has an energy label A with an EPC value of 0,32%isualization of the building
characteristics is presented in Figure 3.10.

Heating and cooling roof collector

Cooling ceiling panels

Ultra compact building envelope
Low emissions glass
I, T Gas boiler for peak demand
I Concrete core activation for heating

Heat pump with aquifer thermal energy
storage system

Figure 3.10 Delft THUAS building characteristics. (Syb van Breda, 2009)

The buildings HVAC and energy generation system consists of a warm and cold well, heat pump, boiler, roof
heat exchanger, PV solar cells and solar heat collectors. The roof heat exchanger is used-{oaithe roof and
provide heat to the warm source for balance asiis required by law. A detailed visualization of the buildiags
HVAC system is presented in Figure 3.11.
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Component . Component . Component

3 Valves 17 Heat regeneration unit 31 Cold well
4 Main cold water header 18 Heat regeneration 32 Warm well
5 Cold water header 19 Heat regeneration 33 Boiler
6 Buffer 20 - 34 Hot water group North
7 Valves/Pumps 21 Boiler Header 35 Hot water group South
8 Heat exchanger ground 22 Valves/Pumps 36 Cold water group North

storage installation
9 Distribution system roof 23 - 37 Cold water group South
10 Buffer 24 Heating group header 38 | Cold water group server room
11 Evaporator heat pump 25 Return water collector 39 Roof

(cooling)

12 Heat pump 26 Pump (heating South) 40 Heat pump motor
13 Valves/Pumps 27 Pump (heating North)
14 Main hot water header 28 Pump (coolingSouth)

Figure 3.11 Delft THUAS HVAC system (Taal, 2021)

3.6.2 Building energy flows

Energy data is gathered from the Priva Building Management System (BMS) and the energy provider
dashboard. The Priva BMS gives in depth information of building subsystems and the energy provider
dashboard gives information about the total electricity andag use. Making use of both data sources it was
possible to makea yeatly energy flow diagramsee Figure 3.12. The difficulty on making the diagram was that
there are several gaps on the data collected. The data used is from the pericd1-2020 to 1-11-2021, that

is the period with the best available datguality. The dataset was complemented with information about the
average electricity production with PV panels of previous years because this information was not registered in
the chosen period.

El. from PV: 12 -
El. main use: 786
El. form net: 901 El. total use: 913
Cold use north: 89 §}
Cold source: 226 I Cold total: 231 I Cold use south: 120 [
Cold use MER: 21 =
Cold use roof: 1
Heat pump heat: 127 | 7
Heat use north: 211 1
Solar thermal collector: 10 — E 4
B | =
Heat source: 289 Heat total: 598 | Heat use south: 229 []
i ,
Heat use roof: 150
Gas: 225 I Boiler: 225 I ]

Boiler losses: 53 m

Figure 3.12. Energy flows in Delft THUAS building [MWh]

3.6.3 Corceptual description of the model

The model being developed contagtwo different building zones, the north and south siddhe block used is
the Rectangular Zone Template of the IDEAS librafis block allows to define théhermal physical properties
of the building space as well as thénternal heat gains caused by appliances and by occupaneynd the
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weather boundary conditionsEach of the zones ha heating and cooling delivery via thBoor heating system
The block used is the Singleircuit Slab of the Buildings library. Tére is also cooling delivered via the
ventilation system. The ventilation system consisbf twoidentical air handling units.Each of theair handling
units has a heat recovery system ana heating and cooling heat exchagers, butit has no humidification
capabilities. The air handling unit block used is th&enericAHU from the AixLib librarfhe heating and cooling
that is provided to the radiant floors and the air handlings uniis generated by a waterwater scroll heat pump
the used block is the SeollWatertoWater from the IDEAS librarf¥here is no block that models the Aquifer
Thermal storage among the reviewed libraries. Therefothe model being developed takes into accourd
predefined water temperature for the underground hot water source and anotherrfthe underground cold
water source.A conceptual schematic from the developed model is presentedfigure 3.13.

RELIET Radiant
Floor Floor
South North

Medium water Gronnd Ground

cold Heat Pump hot
water water

source source

Medium air

Figure 3.13.Canceptual schematic from the developed model

This model structure simplifies the building installation configuration described in secti8r6.1. However it
will allow to simulatethe three most common working modes of the building HVAC systd#eating, heating
and coolingsimultaneously(heating one thermal zone and cooling the othgrand free cooling (withouthe
use of the heat pump).

3.6.4 Conclusions
The conclusions of the second case studyave yet to bedefinitive as there is no computer model working.

However, a couple of lessons have been learned on the process of making the model and validating its results

with the measuredenergy flows:

- None of the IBPSA libraries contains all the needed model blocks to simulate a complex utility building.
However, there is an active community of developers that continuously make new libraries and the model

blocks of these libraries can be integrated in odels developed with the IBPSA libraries.

- The possibilities of OpenModelica making use of existing libraries are endless, however when simulating

complex systems, the models quickly becomeomputationally demanding It is necessary to decide in

some case what components should be modelled in detail and which can be modelled by other software

(like EnergyPlus) or as a blackbox model.
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3.7 Conclusions

The possibilities of OpenModelica to model energy systems are endless. However, it has a steep learning curve.
There are currently several libraries offering model blocks to simulate the building construction and the
building energy systems elements. Nonaf these libraries contains by itself all the model blocks to simulate a
complex nonresidential building, but with the combination of several libraries is it possible to do so.
Creatingbuilding modeb with OpenModelica to evaluate the energy flexibility of a building has been tested
with the case study of a residential house but has not been testgetwith the case study of a nosresidential
building within this research. The development of the namsidential building modeis still under development.

In the current research the analysis of the flexibility function and the calculation of the energy flexibility KPIs
have been done in Excel, what was laborious and time consuming.

Engineers and designers that evaluated the proposed energy flexibility visualization have addressed the issue
that nextgeneration visualizations should include interaction with specific model parameters. This option will
allow to use the tool for design ecision makingregardingenergy flexibility.

Therefore, thenext stepsin this research are:

1. Finish and validate the model of the second case study.

2. Propose a method to visualize the energy flexibility that allows the interaction with specific building
parameters. The initial plan is to use the python library OMpython to run the model with different parameter
values and to also process the output in plyon to produce the visualizations.

The results of the next steps carried out within the Brains for Buildings projects will be publisiedn updated
version of this report.
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4 WHITE BOX MODELA: HYBRID PREDICTIVE DIGITAL
TWINTO PREDICT THE DYNAMNERGYRESPONSDBF
ABUILDING AND ITS COMPONENTS

Authors:Wouter Borsboom, Behrouz Eslami Mossain, Wim Kornaat,Ruud van der Linder{TNO)

4.1 Goal of thehybrid digital twin model

In the built environment,an imbalance existsbetween the sustainable energy production from solar and wind
sources and the energy demand of building systems. Additionally, both the expansion of energy demand and
supply are constrained by network congestion. To alleviate congestion and enhance endé@gncing, it is
crucial to shift energy demand, a concept referred to as "energy flexibility." Achieving energy flexibility requires
forecasts for both energy demand and supply.

Theresearch goalin this chapter is to employ a hybrighodellingapproach for forecasting the energy demand
and supply of buildings, thereby enabling energy flexibility to address balancing and congestion issues. The
hybrid predictive digital twin model comprises a whitgox model for analyzing heat gains and losses the
building and a blackbox occupant model that simulates occupants' interactions with building components.
This chapter outlines the whitdox building equipment and blackbox occupant nodels, all of which are
integrated into a simulation and prediction model.

The model's application focuses on the use case of the TNO building at Stieltjiesweg in Delft during a summer
period, with a specific emphasis on cooling demand.

4.2 Introductiont

The hybrid predictive digital twin model consists ofwhite boxbuilding modelbased on phics which solves
the heat flow balance equations, and a datdriven occupant model which models the interaction of the
occupants with the building components (thermostats, electric appliances, etc.) and includes the effect of
occupants actions in the heat flovbalance equations.

The building model consists of a heat balance network that is automatically derived from the Building
Information Model (BIM) that describes the geometraonfiguration and construction properties of the building
(consisting of all spaces, walls, windows, doors, roofs, etc.) and the Building Energy Model (BEM) describing
the building heating, cooling and ventilation equipment and its controllers. With thetamatic generation of

the heat network, the simulation model can be easily adapted to different building types, such as apartment
buildings, row houses and office buildings. Furthermarthe data used to calibrate the model makes use of

the standardized onology of Haystack. The simulation model is therefore easily scalable for different building
typologies and the initialization time is short.

A generic occupant module (framework) has been created which is responsible for reproducing the interaction
of the occupants with the building. The occupant module contains distinct submodules, each associated with
a certain occupantbehaviorsuch as occupancy or interaction with a thermostat setpoint. The implementation
is quite flexible, inthat each submodule could be connected to a set of various predictive models, ranging
from simplistic approaches (e.g.fixed hourly profiles) to complex Al algorithm®eceiving the state of the
building at each timestep from the building simulator, along with weather informatiofidure 4.1), the
occupant module predicts the occupanbehavior for the next time step and sends it back to the building
simulator. Thedata drivenoccupant module, in combination with the physiesased building simulator, makes

it a hybrid digital twin.

1 The text of this paragraph is taken from W A Borsboom et al. 2022 IOP Conf. Ser.: Earth Environ. Sci. 1085 012007
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(Hybrid Digital Twin)
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Figure4.1: Interaction between the occupant model and the building simulation model.

4.3 Building mode?

The building model is anultizone model. Each zoné is represented by a temperature nod&Y in the heat
network. Each physical layer of boundary surfaces (i.e. walls, floor, ceiling and roofs) constitutes a temperature
node in the heat network. Foi®h layer of the'@h boundary surface’Y; (Q p corresponds to the innermost
layer,"Q ¢ to the outermost one), a temperature nod&Y j is added to the heat network. In additionall
boundaries (outdoor environment, ground etc.) are represented by a temperature node. The heat flow balance
equations can be summarized as follows:

For the zoned :
0 T_c‘)Y 0Q Yh Y

@)

CR
=«
(=]
=
CA
=
([ef]
=
~

For the innermost surface layety; of the boundary surfac€’Y which is in direct contact with the zone
a:

6*"TT_8Y"‘ 8°Q Y Yy 87Qx Yi Y @)

For the internal layers of the surfacéy:
0 n 'I'T_OY f 0 "Qﬁ “Yh Y 0Q 3 “Yi “Yi @)
For the outermost surface layety; in contact with the outside environment:
(0] hT Yh OQh Yh Yh 0Q Y Yh 0Q Y Yh
80 1Q YooY 0

2 The text of this paragraph is taken from W A Borsboom et al. 2022 IOP Conf. Ser.: Earth Environ. Sci. 1085 012007
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The parameters in the above equations are defined as:

6 :thermal mass of zonei .
0 j:thermal mass of surface layetY; of the boundary surface'.

0 : the area of the boundary surfacéy.
"Q : the internal surface heattransmission coefficient, including both the convective and radiative
transmissions.
Q : the external convective surface heat transmission coefficient.
Q : the external radiative surface heat transmission coefficient.
"Q : conductive heat transmission coefficient between th&@h and Q p th layers of the boundary
surface™Y.
“Y : outdoor temperature.
“Y : apparent sky temperature.
"O :view factor to the sky for théboundary surface™Y.
: ventilation heat flow forthe zoned .
. internal heat flowfor the zoned due to occupants and household appliances.
: solar heat flow for the zoné via the windows.
n : absorbed solar power by the external boundary surfaté
i ¢ : heating or cooling flow delivered to zoné via the floor heating system.

C1 Cr C1 Cr C
¢ D¢ %

In addition to the building model, equipment models are developed fwedict the ventilation, heating and
cooling(e.g U  andu y  inequation(1)). These models are described iGection4.5.

4.4 Occupant module

The user behaviormodels that will be used in the occupant module are described in D3.8 of the B4B project
(Eslami Mossalam et al., 2023)

4.5 Equipmentmodels

In this paragraph a description is givemf the equipment models that are developed by TNOhe modelled
equipment componens, in order as described in this pargraph, concern

an air handling unit;

a chiller (only electricity use)
induction units,

solar panels énergy yield ofPV);
a buffer tank.

4.5.1 Air Handling Unit

The followinggenericmodels forcomponents of anair handling unit aredeveloped

a fan model
a heat/cold recovery modeffor a heat recovery wheel
a heating and cooling coimodel

For theheating and cooling coit two types of models are developed

Type AType Ais a more simplified model compared to type Bvith less input needed In case only the
design heating or cooling power is knawit is sufficientto usetype A This modeldetermines if the heating
or cooling setpoint can be reacheglus the needed heating or cooling powarsing a Mollier-diagram (hx
diagram) O better using the formulas from a Molliediagram to describeamongstothers the dewpoint
temperature, the wet bulb temperature, the enthalpy and the absolute moisture conterthe valve
position is simpy calculated assuming a linear relation with the heating or cooling loaEurthermore it is
possible to determine the valve position based upon given relation between valve position and the
heating or cooling load.

Type B In this model theheating and cooling coil are modelled in detail. Besides the air temperature
(after the coil) also the in/outgoing fluid temperatures of the coil are simulated plus the position of the
control valve and the fluid flow. During the simulationreiterative process is performed to determine the
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situation in whichthe heat transfer via the coil, based upon the logarithmi@mperature difference over
the coil and the transmission value of the coil (conductivity times surface), is in balance with heat flow
to or from the air andthe heat flow to or from the fluid.

4.5.2 Fan model
A straightforward andsimple modeldescribes the air flow as a fraction ofhe design flowwith the following
formula:
flow[ms/h] = ctrl[9q * design_flow[m3/h]
with:
- ctrl[%] = actual rotations per minute(rpm)/ maximum rotations per minute (maxrpm)
- design_flow= flow at maximum ptations per minute
In combination with the fan characteristicsthe fan modelcan more precisely deterrme the actual flow and
the actual electricity demand depending on the contralf the fan. An example osuch afan characteristicis
given in the figure below. This concerns the fans used in th& handling unit (AHU) of th& NO office building
at the Stieltiesweg.For different fanspeeds (1,11,111,1V,espectively 950,1200,1450,1600 and 1750 rpm) the

pressure delivered by the far(purple lines) and the electric power (blue lines) aregiven depending on the
airflow. In the fan model this information idigitized. The fan modeldoes the following

1) Depending on the actual controbf the fan (rpm/max rpm), the actual pressure curve andactual electric
power curve is determinedsia interpolationof the given fan characteristics

2) Based upon the desigrmresistance of theair handling unitand the ductingof the air distibution system
within the office building the resistance characteristicof the total systemis made. Or in other wordsthe
resistance of the total system as function of the airflow is determined.

3) The intersection of the resistance characteristi¢point 2) and the actual pressure curve of the fan (see
point 1) is determined which gives the actual airflothat the fan will provide

4) Based upon the actual airflowirom the actual electric power curve (see point 1), the electric power of the
fan is determined.

1.600 8.000

93054

1.400 - 7.000

1.200 6.000
1.000 5.000
- —
£ 800 4,000 E;
o’ o’
600 3.000
400 2.000
200 1.000
v
G5 &= ) [{5}] (63
0 o > w2 o = 0
0 5.000 10.000 15.000 20.000
q, [m*/n]

Figure4.2: Fan characteristics,delivered pressure and edctrical power consumptiondepending on the rotation speed of the
fan as function of the airflow
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Specifications

- Fan characteristics the pressure delivered by the fan and the electric powesed by the fandepending
on the airflowfor different fan speeds (rpm)

- Design resistance of the air handling unit and the ductingf the air distributionwith the related design
airflow.

Input
- Fan speed, or betterratio rpm/max rpm

Output
- Airflow delivered by the fan

- Electric power of the fan

4.5.3 Heat/cold recoverymodelfor a heat recovery wheel

The heatcold recovery model can be used faseveral heatcold recovery unis, e.g.:a counterflow, crossflow
or heat wheel. The output temperature for the model (Thru) is based upon the following formula:
ThrdC]= efficiency * (Texhaust Tambient)+Tambient
with:
- Efficiency = heat/cold reovery efficiency
- Texhaust = exhaustemperature from the building
- Tambient = outside air temperature
Besides the outgoing temperatureThru), the model calculates the sensible heating or cooling loadhe
efficiency of the sensible hedtold exchange is corrected in case the supply and exhaust flows are not in
balance. For an enthalpy or heat wheel at this moment thexchangeof moisture is notyet considered.
The model uses the maximum efficiency for a narontrolled heat/cold recovery unifor each moment In case

of a bypassthe heat/cold recovery can be switched ¢éf The model can work in two modes for a controlled heat
recovery unit, e.g., a heat wheel with controllable speed

Mode 1:

In this mode the model determines the speed of the heat recovery wheel ifirin a way inwhich the
temperature after the hivapproaches the desired setpoint of the supply temperature to the building as much
as possible. This can be regarded dsdeal control of the hw. For now, a linear relation is assumed between
the speed of the heat recovery wheel and the efficiency. This should be adjusted based upon actual figures.
Comparing the calculated temperature after the karwith the measuredvalue gives insight in how good the
actual control is. For testing the performance of the it mode 2 can beused.

Mode 2:

In this mode the efficiency of the heat recovery wheel is calculated depending on the actual speed of the heat
recovery wheel at that time in combination with the design efficiency of the heat recovery and corresponding
design speed. Based upon this effiehcy the temperature after the hw is simulated. Comparing this
temperature with the measured value gives insiglnto the performance of the hw. It is noted thatthe model

can also be used in this wayn case of a notcontrolled heat/cold recovery unit.

Formulas

- Efficiency hru [%] = design efficiency hru [%] * rotation hru [%]/100 * (exhaust flow [m3/h] / supply flow
[m3/h]) , limited at 100%, in case of no heat wheelrotation hru[%]=100

- Rotation hru [%] = (current efficiency hru [%] / maximum efficiency hru [%]) * 100

- Temperature after hru {C] = efficiency hru[%]/100 * (exhaust temperature [°C] 8 ambient temperature
[°C]) + ambient temperature [C]

Specificationsheat recovery unit
- Thermal design efficiency of the hedtold recovery[%]

In case of heat wheelefficiency[%)] with correspondingrotation speed [%0]
- Latent design efficiency ofan enthalpy unit[%]

In case ofheat wheel efficiency[%)]with corresponding rotatiorspeed [%0]
Input

- Ambient temperature fC]
- Measured exhaust temperature fronthe building [°C]
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- Setpoint supply temperature to building°C]
- Measured speed heat recovery wheepgrcentage of max rpno]
- Mode HRUO/1 which corresponds tamode 2/mode 1 respectively

Output
- Temperature after heat/cold recovery unit[° C]
- Cooling/heating power heat recoverynit [KW]

4.5.4 Heating and cooling coil modetype A

This modeldetermines to what extend theheating or cooling setpoint can be reacheplus the needed heating
or cooling powelusing a Mollierdiagram (hxdiagram) Or better using the formulas from a Mollietiagram to
describe amongsithers the dewpoint temperature, the wet bulb temperature, the enthalpy and the absolute
moisture content. This model can work ir2 modes.

Mode 1:

In this mode the model determines the heating/cooling power in such a way that the supply temperature to
the building reaches the desired setpoint or approaches it as good as possible. This can be regarded as an
ideal control. Depending on the setpoint anthe air temperature before the coil dmbient temperature o
temperature after a heat recovery unit)t is determined whether heating of cooling is needed. Taking into
account the maximum available heating/cooling power, the model determines if the setpbaan be reached

or not and when the setpoint can be reached how much heating/cooling power actually is needed. In case of
cooling it is also considered whether or not dehumidification will occur. The end outcome is the sensible
heating/cooling power, latent cooling power, the supply temperature to the building, the absolute moisture
content of the supply air and theposition of the valve of the coilThe valve position is calculated assuming a
linear relation with the heating or cooling load. Furthermoyé is possible to determine the valve position
based upon a given relation between valve position and the heating or cooling Iqady. determined upon
measured vdve position and simulatedoad over a period in the past

In case the measured supply temperature/moisture content deviates from the simulated value this can
indicate that the control is not workingproperly or that the actual heating/cooling power deviates from the
design.

Mode 2:

In this mode the measured position of the valve of the coil is used to determine the heating/cooling power.
For now, a linear relation between valve position and powerassumed Besides that it is also possibleo use

a given relation between valve position and the heating or cooling logelg. determined upon measured valve
position and simulated loadover a period in the past Depending on the air temperature before the coil
(ambient temperature a temperature after the feat recovery unif and the setpointit is determined whether
heating or cooling is needed. Based upon the current heating/cooling power (depending on the valve position),
the supply temperature to the building and the absolute moisture content of the supply are calculatedcdse

of cooling possible condensation is considered. Deviation between the measured and simulated supply air
temperature and the moisture content gives insight to the performance of the coil (due to pollution) or the
available heating/cooling power compared to the design.

Formulas

Heating power [kW] = design heating power [kW] * heating valve position [%]/100
Cooling power [kW] = design cooling power [KW] * cooling valve position [%]/100

Latent cooling power [kW] = airmass flow [kg/s] * (enthalpy out[kJ/kd] enthalpy in[kJ/kg])
Sensible cooling power [kW] = cooling power[k\WW]atent cooling power [kW]

Heating capacity sufficient to reach Tset:
Supply air temperature {C] = Tset PC]
Moisture content supply air [kg/kg] = ingoing moisture content [kg/kg]

Heating capacity insufficient to reach Tset:

Supply air temperature {C] = air enthalpyin case of maximum heating capacity[kJ/kg] / (specific heat
air[kJ/kg.K] + specific heat damp[kJ/kg.K] * moisture content supply air[kg/kg])

Moisture content supply air [kg/kg] = ingoing moisture content [kg/kg]
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Cooling capacity sufficient to reach Tset and no condensation occurs:
Supply air temperature {C] = Tset FC]
Moisture content supply air [kg/kg] = ingoing moisture content [kg/kg]

Cooling capacity insufficient to reach Tset and no condensation occurs:

Supply air temperature {C] = air enthalpyin case of maximum cooling capacity[kJ/kg] / (specific heat
air[kJ/kg.K] + specific heat damp[kJ/kg.K] * absolute moisture content supply air[kg/kg])

Moisture content supply air [kg/kg] = ingoing moisture content [kg/kg]

Cooling capacity sufficient to reach Tset and condensation occurs:

Supply air temperature {C] = Tset FC]

Relative humidy supply air [%] =100 [%)]

Moisture content supply air [kg/kg] =
6.112*2.71828"((17.67*Tset)/(Tset+243.5))*RH*18.02/((273.15+Tset)*100*0.08314)/1.2/1000

Cooling capacitynsufficient to reach Tset and condensation occurs:

Supply air temperature {C] = wetbulb temperature based upon air enthalpin case of maximum cooling
capacity PC]

Moisture content supply air [kg/kg] = moisture enthalpyn case of maximum cooling capacity [kJ/kg] /
(evaporation heat water [kJ/kg] + specific heat damp [kJ/kg.K] * supply air temperature)

Specificationsheating/cooling coil

- Maximum heating power generation [KW]
- Maximum cooling power generation [KW]
- Maximum supply flow [m3/h]

- Maximumexhaust flow [m3/h]

Input
- Ambient temperature {C]/ temperature after heat recovery unit{C]

- Ambient absolute moisture content [kg/kg]

- Measured status Air Handling Unit [0/1, off/on]
- Measured supply fan speed [%]

- Measured exhaust fan speed [%)]

- Setpoint supply temperature to building°C]

- Measured position valve coil [%)]

- Calc_LBK [0/1, mode 2/mode 1]

Output
- Simulated supply temperature to building®[C]

- Simulated absolute moisture content supply flow [kg/kg]
- Simulated sensiblecooling/heating power coil [kW]
- Simulated latent cooling power coil [kW]

455 Heating and cooling coil model type B

In model type B he heating and cooling coil are modelled in detail. Besides the air temperature (after the coil)
also the in/outgoing fluidtemperatures of the coil are simulated plus the position of the control valve and the

fluid flow. For that purpose, detailed information about the design is needed. Such as the design in/outgoing

air temperatures, the design airflow, the design in/outgoinfjuid temperatures and the design fluid flow. For
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the air handling unit in the Stieltjesweg this information was easily obtained from the supplier of this unit based
upon the name shield on the unit.

During the simulation a iterative process is performed to determine the situation in which:

- the heat transfer via the coil, based upon the logarithmic temperature difference over the coil and the
transmission value of the coil (conductivity times surface), is in balance with

- the heat flow to or from the air and

- the heat flow to or from the fluid.

For the heating coll, in this way the air temperature (after the coil) and the in/outgoing fluid temperatures are
determined. The heating fluid circuit imormallya mixing system. Thus, the fluid flow is neidjusted.

For the cooling coil, in this way the air temperature (after the coil), outgoing fluid temperature and the fluid
flow are determined. The ingoing fluid temperature isormally constant while the capacity of the cooling
system is controlled by the flow over the coil.

Based upon thesimulated air temperatures afterthe coil (see above), the deliveretieating/cooling power is
known and from that the valve positionsare determined. The valve positios are calculated assuming a linear
relation with mixing percentage (heating) or splitting percentage (dimg). Based upon measured data of the
valve positions and simulated heating/cooling loally the mode] it should be checked to what extena linear
relation is correct Otherwise a fit between themeasured valve position and simulated heating/cooling load
should be made and usedFor the cooling coil also situatioswith dehumidificationare considered in the heat
balance and the latent cooling power is calculated.

In case of deviatios with the measured fluid and air temperatures and valve positionthese can be used to
gain insight in the performance of the air handling unit.

Notice that the results of this model will depend on theaccuracy ofthe information about the design and
whether or notthese designvalues are inline with the actualpractice. Furthermore assumptions need to be
made about theheat transfer through the coil depending on the air and water flowsRight assumptionscan

be hard to m&e but are crucial for correct results.

Formulas
Heating/cooling power coil [kW] = conductivity fluid/air [kW/m2.K] * surface coil [m2] * logarithmic
temperature difference [K]

DT1 = fluid ingoing temperature®C] & air outgoing temperature {C]
DT2 = fluidoutgoing temperature {C] & air ingoing temperature {C]
Logarithmic temperature difference [K] = (DTa@ DT2) / log(DT1/DT2)

Heating/sensible cooling power air[kW] = capacity airflow [ kW/K] * (air outgoing temperatureC|] & air
ingoing temperature fCJ)

Heating/sensible cooling power fluid[kW] = capacity fluitbw [ kW/K] * (fluid ingoing temperature {C] 0 fluid
outgoing temperature {C])

Heating valve position [%]= (fluid ingoing temperaturé(] - fluid outgoing temperature {C]) / (heating system
temperature [C] - fluid outgoing temperature {C]) * 100

Heating valve position [%]= (fluid ingoing temperaturé(] - fluid outgoing temperature {C]) / (heating system
temperature [C] - fluid outgoing temperature {C]) * 100

Specificationsheating/cooling coil

- Maximum supply flow [m3/h]

- Maximum exhaust flow [m3/h]

- Temperature incoming air heater coil according design specificatiorf]]

- Temperature outgoing air heater coil according design specificatiorf<]]

- Temperature incoming air cooler coil according design specificatiorf<]]

- Temperature outgoing air cooler coil according design specificatiorf<]]

- Maximum heating power delivered by heater coil according design specifications [kW]
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Liquid flow heater coil according design specifications [m3/h]

Temperature of fluid to heater coil according design specification3{]

Temperature of fluid from heater coil according design specification¥J]

Volume percentage glycol in heating system according design specifications [%]
Maximum cooling power delivered by cooler coil according design specifications [kW]
Liquid flow cooler coil according design specifications [m3/h]

Temperature of fluid to cooler coil according design specificationd]]

Temperature of fluid from cooler coibccording to design specifications°C]

Volume percentage glycol in cooling system according design specifications [%0]
Relative humidity after cooler coil in case of condensation [%]

Input

Ambient temperature fC] / temperature after heat recovery unit{C]
Ambient absolute moisture content [kg/kg]

Measured status Air Handling Unit [0/1, off/on]

Measured supply fan speed [%0]

Measured exhaust fan speed [%)]

Setpoint supply temperature to building’[C]

Measured positionvalve heating/cooling coil [%]

Output

Simulated supply temperature tduilding [°C]

Simulated absolute moisture content supply flow [kg/kg]
Simulated sensible cooling/heating power coil [kKW]
Simulated latent cooling power coil [kW]

Simulatedtemperature of fluid to heatercoil [°C]
Simulatedtemperature of fluid from heatercoil [°C]
Simulated flow heater coil [m3/h]

Simulated valve position heater coil [%)]
Simulatedtemperature of fluid to coolercoil [°C]
Simulatedtemperature of fluidfrom coolercoil [°C]
Simulated flow cooler coil [m3/h]

Simulated valve position cooler coil [%)]

4.5.6 Chiller model

The model consists of a chiller plus dry cooler The dry coolerremovesthe heat, subtracted from the building
bythe chiller, to the outside. The drycooler is a big heat exchangigom which the heat is removed with forced
air. The aimof the modelis to predict the electrigty use of the compressor of the chiller and the fans of the
drycoolerbased upon the actual cooling demand of the buildinghe electricity use of the circulation pumps
on evaporator and condenser side of the chillere not considered andare expected to be neglectable

The efficiency of the chiller depends othe temperature lift between evaporator and conderes side. If the
evaporator temperature drops or the condenser temperature increases the efficiendgcreases In generd
the model works as follows:

assumptions are madeabout the expectedtemperature lift (which can vary in time depending on the
actual situation),

the efficiency for this temperature lift is determinedbased upon thespecification of the chiller

the electricity use of the chillemow can besimulated based upon the effieency and the actual cooling
load of the building(load on evaporator side),

the load on condenser side is simulated baskupon the efficiency and the actual cooling loador

evaporator load)

the airflow for the drycooler is simulated based upon # quotient of nhominalairflow and nominal heat
removaltimes the conden®r load,

the electricity use of the fans of the drycooler is simulateoiased upon the noninal electricity use times
the quotient of the actual airflow and nominal airflow to the power 2.&ee explaation below)
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In the TNO Stieltjesweg building the chilled water circuit is controlled at 12/6C. The temperatures on
condenser side are for a large part controlled by the drycooleFhe drycooler has 10 fansThe control of he
glycol systemof the drycooleris done with a bypass andpeedcontrolled pump. If this control isclear, it can
be used in the modelHowever,in this case the control of thedrycooler, as well as thehiller, is autonomously
controlled by CarrierTherefore basedupon historical BMSdata, the condenser ingoing temperature (outgoing
temperature of drycooler)s described depending on the ambient temperaturélhis relation is shown in the
figure below.This relation seemgeasonable because the outside air temperature in relatio the control of
the drycooler will determine thecondensersingoing temperature.
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Figure4.3: Condenser ingoing temperature depending on outside air temperatufer the TNO Stieltjesweg building

The chilleris a Carrier chiller type 30XW402, equipped with one compressorThe compressorcan be
controlled from 100-15%. Based upondocuments of the chiller the energy efficiencyatio (EER=Energy
Efficiency Ratio) isknown for wo situations (see table below) Those two situationsmainly differ concerning
the in- and outgoing temperature at condenar side gemperature from and to thedrycooler respectively)On
evaporator side the temperature are controlledat 12/6 °C (see before)

Table4.1: Specifications Carrier chiller type 30XW402.

Situation 1 | 2 |
Tevamrator{°C], ingoing 12 12
Tevaprator{°C], outgoing 7 6
Tcondenser[°C], ingoing 30 41
Tcondenser[°C], outgoing 35 47
Pevaporator[kW] 461 380
Pcondenser[kW] 546 496
Pcompessor[kWe] 85 116
EER{ 5.42 3.27
ESEER] 6.28 5.77
COP{ 6.42 4.24
Flow evamrator[dm3/s] - 151
Flowcondenser[d$/s] - 20.99

Themake of the drycooler is Guntetype GFHV FD 090.2NF.CARhe known specifications are shown below.

Table4.2: Specifications Gunter drycooler.

Nominalheat removal[kW] 494
Nominalelectric fan power [kWe] 4.7
Nominalairflow [m3/h] 121325

To determine the electric use of the compressor and théans of the drycooler the following steps are
incorporated in the model:
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1) Calculate the expectedngoing condenser temperature depending on the actual outside air temperature
according to thefunction given inFigure4.3.

2) Calculate the EER for il actual situation via linearinterpolation between situation 1 and 2 based upon
the actual ingoing condengr temperature

EER= EER1 0 { (EERZIEER3J/(Tcondensrl,ingoing-Tcondengr2,ingoing*(Tcondenserl,ingoing
Tcondengr,actual) }

EER=5.42 8 { (5.42-3.27)/(30 -41)*(30-Tcondensr,actual) }

3) Calculate theelectricity power of the compressousing the simulated cooling demandand the EER
accordingto point 2.

Ecompressor simulated cooling demand / EER [kWe]

4) Calculate the heating power that needs to be removeda the condenser ¢r in other wordsvia the
drycoole)

Heat removalcondenser/drycooler =(EER+1)*Ecompressor [kW]
5) Calculate the airflow of the drycooleassuming a linear relation with the heatemoval.
Airflow_drycooler= Nominal airflowrycooler* (heat removal condenser/ nominal heat removal drycooler)

6) Calculate the electric power of the fans of the drycooler assumitigs is relative to the airflow to the power
2.5. In theory the transport energy is hear with the airflow and the resistance iselative to the second
power of the airflow, tlus in total relative to the third power of the airflow. But due to changes in efficiency
this is assumed to belimited to 2.5.

Edrycooler= nominaklectric fan powerdrycooler* (airflow_drycoolef nominal airflow drycoolep25

45.7 Induction units

The model for induction units requires two inputs:the room temperature ("Y ) and the local setpoint
temperature ('Y . The generated ooling is then calculated based onthe position of the coolhg valvein
percentage('Q 5 ; @rd the maximumcooling powerof the equipment(ﬁ;l-l-Ar—?m A 660 a§ diven below

-

U mip "Q 0 R (5)

The valveposition depends on the difference between the roomnd the sepoint temperatures. Inspection of
the measured datafrom the TNO Stieltjeswedpuilding revealedthat, irrespective of the type othe induction
unit, the coolingvalve positionfollows a welldefined curve (Figure4.4):
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Figure4.4: The postion of the cooling valve as a function of theifference between the room temprature and setpoint
temperature forthe induction units of the TNO Stieltjesweg building.

Themaximum powerdepends on the design specification of thequipment For the unitsinstalled at the TNO
Stieltjeswegbuilding, the value is extracted fronthe table shownin Figure4.5. These tables are valid for the
case where the temperature of primary air i46°C and the inlet water temperature is15°C. Based on the
measured data during summer 2022, both conditions are met fahe Stieltjesweg building. In the digital twin

of the TNO Stieltjesweg building, all individual units are modelled separately, assuming the water flow of 100
L/h. A datadriven method is used to predict the local temperature setpointin each room, as describad>3.8

of the B4B project(Eslami Mossallam, Spiekman, and Hoes 2023The room temperature for each induction
unit is assumed to be equal to the temperature of the zone which the room belongs to, and is predicted by the
building model in each simulation timestep. The position of the cooling valve for all the units in easbm is
then calculated from equation(6). The maximum cooling power of each uniis extracted from the table in
Figure 4.5, based on the difference between the instantaneous room temperature and the inlet water
temperature. Finallyequation (5) is used to calculate the generated cooling power of each unit and the output
of all units in each zone is summed to obtain the total cooling per zone.

LUCHT WATER
Koelvermogen Koelvermogen water
Lucht

trulmle 'twater in ‘C

Primair truimte -tpri °C |.9 |.9
8 9 10 6 7 8 9 10 11 SN

Vprim  Ps w Q@ Q Q@ V AP, Qu Aty Qui Aty Qux Aty Quik Aty Qe Aty Que Aty

NozzleAl

I/s m3/h | Pa dB(A) Wy Wy Wy, I/h kPa |W, | 'C W; [ C [Wy C W, € W, T W, T [IFusn
50 1,0 (132 23 (154 27 176 3,0 198 34 [ 220 38 242 42
70 1,9 143 1,7 167 2,0 190 23 214 26 238 29 262 32
100 3,6 152 1,3 178 15 203 1,8 (229 20 254 22 279 24
140 68 160 1,0 /186 1,1 (213 13 239 14 266 16 293 18
50 1,0 (149 26 (174 3,0 198 34 223 39 |[248 43 273 47
70 19 163 2,0 190 23 (217 26 244 30 271 33 298 36
83 30 94 - 81 91 101

100 3,6 175 15 204 1,8 234 20 263 22 292 25 321 23 EEAEEH

140 68 185 11 (216 1,3 (246 15 277 1,7 (308 19 (339 21 EFAEEER

50 1,0 '163 2,8 (190 3,3 (217 3,8 (244 42 271 47 1298 52 ESIEI

70 19 180 2,2 210 26 240 3,0 270 33 300 3,7 330 41
R 122 16 e B 100 36 (196 1,7 (228 20 (261 22 (293 25 326 28 (359 31 EERDEEA
140 68 208 13 (243 15 (278 17 312 19 347 21 382 23
50 1,0 175 3,0 (204 35 234 40 263 45 [ 292 50 321 55 ERAESEL
70 19 196 2,4 (228 28 261 32 293 36 326 40 359 44
100 3,6 215 19 251 22 286 25 322 28 358 31 394 34
140 68 229 14 (267 16 306 18 344 21 (382 23 420 25
50 1,0 186 3,2 (217 37 248 42 279 48 (310 53 341 58
70 19 (209 26 244 30 279 34 314 39 349 43 384 47 EIEA
100 3,6 232 2,0 (270 23 309 26 347 30 (38 33 425 36
140 68 250 16 (291 18 333 21 374 23 416 26 458 29

69 25 66 = 67 76 84

11,1 40 168 20 107 121 134

125 45 212 23 121 136 151

Figure4.5: Design specificatios of induction units installed atthe TNO Stieltjesweg buildingthe table shows the
specifications for units with nozzle type AlSimilar tables are provided foother nozzle types).

4.5.8 Dynamic prediction PV supply

A photovoltaic array performance model, developed &andia National LaboratoriegD L King, Boyson, and
Kratochvil 2004) and implemented in PVLib library in MATLABtein et al. 2016), is used to predict the power
output of PV panels In this modd the IV curve ofa PVmodule is determined byfive characteristic points
(Figure4.6) which are calculated vighe equations (7) - (16).
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Figure4.6: A schematicof the IV curve ofa PV module determined by five characteristic points in the Sandia model.
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The ddinition of the model variables and parameters are givan Table4.3. The malel has been parametrized
for a wide range of PVystems, and the resultant parametersre stored inSandia Modules Databasé.

Table4.3: Definition of variables and parameters in the Sandia PV performance model.

Variable / Parameter | Definition ‘

1Y 0Ther mal voltaged per celll at temper at
temperature of 25°C, the thermal voltage is about 26 mV per cell.

3 Empirically determined 6diode factoro a

value typically near unity, (dimensionless). It is determined using measurementsopen
circuitvoltage {/oc seeFigure4.6) translated to a common temperature and plotted versus
the natural logarithm of effective irradiance. This relationship is typically linear over a wi
range of irradiance

Bol t zmann 6Ed Ycroprnpstt a.nt

3 https://github.com/NREL/SAM/blob/develop/deploy/libraries/Sandia%20Modules.csv
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Variable / Parameter | Definition

Y Cell temperature inside module (°C). Calculated from equatiorf$1) and (12)in (D L King,
Boyson, and Kratochvil 2004)

0 Thebef fectived solar irradiance as previ
the fraction of the total solar irradiance incident on the module to which the cells insic
actually respond.

00 Absolute air mass, (dimensionless). This value is calculated from sun elevation angle i
site altitude, and it provides a relative measure of the path length the sun must trav
through the atmosphere, AMa=1 at sea level when the sun is directly overhead.

Qo0 Empirically determined polynomial relating the solar spectral influence on Isc to air me
variation over the day

6060 Solar angleof-incidence, (degrees). AOI is the angle between a line perpendicular (norn
to the module surface and the beam component of sunlight.

Q600 Empirically determined polynomial relating optical influences on Isc to solar angfe
incidence (AOI)

Q Fraction of diffuse irradiance used by module, typically assumed to be 1 for fidate
modules. For poirfocus concentrator modules, avalue of zero is typically assumed, ani
for lowrconcentration modules a value between zero and 1 can be determined.

O beam component of solar irradiance incident on the module surface, (W/m2)

0 Diffuse component of solar irradiance incident on the module surface, (W/m2)

0 Reference solar irradiance, typically 1000 W/m2, with ASTM standard spectrum.

© Shortcircuit current (A).

© Short-circuit current at the standard reference condition (A).

\ Normalizedt e mper ature coefficient for Il sc,
dividing the temperature dependence (A/°C) measured for a particular standard sol
spectrum and irradiance level by the module shacircuit current at the standard reference
condition, Isco.

Y Reference cell temperature, typically 25°C.

© Current at the maximursower point (A)

© Current at the maximurpower pointat the standard reference conditior(A).

6 1o Empirically determined coefficientselating Imp to effective irradiance, Ee. CO+C1 =
(dimensionless)

| Normalized temperature coefficient for Imp, (1/°C). Normalized in the same manner :
Al sc.

® Opencircuit voltage (V)

o Opencircuit voltageat the standard reference conditior(V).

0 Number of cells in-stsilmgries in a modul eds

I © Temperature coefficient for module opewircuit-voltage as a function of the effective
irradiance, Ee. Usually,the r r adi ance dependence can b
to be a constant value.

® Voltage at maximurpower point (V)

@ Voltage at maximurmpower pointat the standard reference condition(V).

6 ho Empirically determined coefficients relating Vmp to effective irradiance (C2 i
dimensionless, and C3 has units of 1/V)

I O Temperature coefficient for module maximumowervoltage as a function of effective

irradiance, E. Usually, the irradiance vehiegssumeat &

_ be a constant value.

v Power at maximurpower point (W)

00 Fill Factor (dimensionless)

o Current at module V = 0.Bvc, defines 4h point on FV curve for modeling curve shape

© "Oat the standardreference condition(A).

8 1 Empirically determined coefficients relating the current]] to effective irradiance, & G+Gs

= 1, (dimensionless)
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Variable / Parameter b

o Current at module V = 0.§Voc +Vmp), defines 5th point on\¥ curve for modeling curve
shape (A).
0 "0 at the standard reference conditior(A).
6 ho Empirically determined coefficients relating the current (Ixx) to effective irradiance, ¢
C6+C7 =1, (dimensionless).

To calculatethe resulting AC poweinoutput from the DGpower produced by the PV it is assumed that the Iees
between the PV array and the max power poitracker are negligible and theinverter (with MPPT capability)
is able to perfectly track the max power point (MPPRJo the nodule operates at the max power point at all
times. Thenthe Sandiaperformance model for inverters is used for the calculatiofDavid L. King et al. 2007)
The schematic charaterization ofthe model is shownin Figure4.7. The AC power dependsoth on DC power
and DC voltageand is calculated viaequations (17) - (20).

Definition of Parameters for Inverter Perforamnce Model

\

3000
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2000 c \
4 o
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z
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500 1 — High dc Voltage
—— Low dc Voltage
N

T I B e p e |

0 500 1000 1500 2000 2500 3000
dc Power (W) or Array P, (W)

Figure4.7: lllustration of the inverter performance model and the factors describing the relationship of-power output to
both depower and devoltage input.

y 66 s 600 6 00 8 600 & (7)
6 0 Op 620 (18)
6 0 J2p 620 ® (19)
6 60p 600 (20)

The definition of variables and parameterfor the inverter performance model are given inTable4.4. The
specifications of inverter systems is takn from the inverter database, maintained by NREL System Advisor
Modek.

Table4.4: Definition of variables and parameters in the Sandia inverter performance model.

Variable / Parameter | Definition

0 ac-power output from inverter based on input power and voltage, (W)

C

maximum acpoweror at i ngdé for inverter at reference or
assumed to be an upper limit value, (W)

C

dcpower input to inverter, typically assumed to be equal to the PV array maximum
power, (W)

4 https://sam.nrel.gov/
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Variable / Parameter | Definition

(W) dc-voltage input, typically assumed to be equal to the PV array maximum power
voltage, (V)
@ dc-voltage level at which the agower rating is achieved at the reference operating

condition, (V)

0 dc-power level at which the a@ower rating is achieved at the referenceperating
condition, (W)
0 dc-power required to start the inversion process, or setbnsumption by inverter,

strongly influences inverter efficiency at low power levels, (W)

V] ac-power consumed by inverter at night (night tare) tmaintain circuitry required to
sense PV array voltage, (W)

0 parameter defining the curvature (parabolic) of the relationship between-aower and
dcpower at the reference operating condition, default value of zero gives a linear
relationship, (1/W)

o] empirical coefficient allowing Pdco to vary linearly with -goltage input, default value
is zero, (1/V).

o empirical coefficient allowing Pso to vary linearly with goltage input, default value
is zero, (1/V).

o empirical coefficient allowing Co to vary linearly with doltage input, default value is
zero, (1/V)

4.5.9 Buffer tank (storage vessel)

A model of a simplified storage vessel for warm (heating) water is made (see figure below). In this model the
storage vessel is split up into aupper part and lower part. Both parts have a fixed temperature. Furthermore
the simplification is made that both parts do not lossrayain energy from the environment and do not exchange
energy (heat) between one and another. Alseo mixing of water between both parts is assumed.

In case the storage vessel is loaded (see figure below), warm water from the heating installation is supplied to
the top of the vessel with a fixed temperature, e.g. the setpoint for the water temperature for heating (Tsupply).
In case the storage vessels unloaded, warm water from the top of the vessel is extracted and fed into the
heating system, while return water (Treturn) from the heating system is supplied at the bottom of the vessel.
Based upon the waterflow, the model calculates at each timestepé part of the storage vessel that is filled
with warm water as fraction of the total volume (parameter fill, see figure below). The amount of warm water
that can be delivered is limited to the available warm water content of the vessel, while on the othand the
amount of warm water that can be stored cannot exceed the cold water part that is present at that moment.
Thus fill is limited between 0 and 1. The delivered energy the storage vessebr storedenergy in the storage
vessel is determined each timestep.

Although the storage vessel is made for warm water storage, with the previous mentioned assumptions, it can
also be used as a cold water storage. In that case in practice the supply and extraction of cool water should
be from the bottom of the vessel.

Specifications

- Volume of the storage vessel [m3]

- Maximum load or unload flow [I/s]
Heating/cooling supply temperature, Tsupply €]
Heating/cooling return temperature, Treturn°C]

Output

- Loaded fraction of the storage vessel, fill][
- Delivered or stored heating/cooling power per timestep [kW]
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Treturn Treturn Treturn
loading full unloading
Figure4.8: Simplified storage vessel
4.6 Simulation andprediction models

In the previous sections the components of thaybrid model were described in detailThe overall building
model (described in sectiom.3) including the occupant model and equipment modelsan now be usedto
calculate the dynamic response of the building.

Conceptually the set of all equationsmay be written as:

QW e m
—., Qo ohQo
Qo0

w0 "Qwoh ohQo

Here the firstdifferential equation (ODE)s the changein time of the building state vector x(t), as a function of
the current state x(t), the vector ohon-manipulatable (external)influences d(t) (such as weather conditions)
and the vector of manipulatd inputs u(t) that may be used to control the building behaviour.

y(t) is a vector of all physical variables of interest that are calculated.

A simulationconsists of running the mode(integrating the ODEjrom a given start time tO to an end time t1
usually with a fixed timestep/o.

If the simulation is conductedon historical data of the real building of applied inputs u(t) and d(t) and a known
start state x(t0)the computed outputs y(t0..t1) may be compared with measurements of the same variables
ym(tymeasuredin practice. This is used to assess the accuracy of the simulation compared to the measured
behaviour.

An important goal of the model is to use it fgredictingexpected buildingoehaviour over a near future horizon
for a certain control scenario u(t0..t1).

To use the model in this way the following steps aperformed:

1. Given current moment t0, determine the current state of the building x(t0) using threeasured output y(t0)
and the estimated state x(t0)from the previous prediction(at t0-Y0).

2. Determine the timesequences for the external inputs d(t) (e.g. weather forecast, expected occupancy)
over the prediction horizon t0..t1

3. Select a control strategy or control scenario u(t0..t1) for the prediction horizon
4. Simulate the model over the prediction horizon t0..t1 and compute predicted outputs y(t0..t1)

This sequence of steps may be repeated each time step, resulting in a moving horizon predictibime
prediction model may be used to test the effect of different control scenarios u@t) building performance.
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Within the B4B project the prediction model (or a linearized approximation of it) is also used to find the control
sequence u(t)that optimizes building performance. In this case the prediction model is used in a Model
Predictive Control (MPC) context.

4.7 Application in use case TNO Stieltjiesweg

4.7.1 Description use case TNO Stieltjesweg

The TNO Stieltjesweg building in Delft is an office building with optical labs in the basemesge Figure4.9.
This section gives an overview of the buildintself, the HYAG:omponents that are relevant to the prediction
model and the monitoring setup in the building The component models themselves are described gection
4.5.

Figure4.9: The TNO Stieltjesweg building.

Building

The TNO Stieltiesweg building is part of thepplied Physicduilding of the TU Delft.Year ofconstruction is

1963, while thebuilding is renovated in2012. The buildingconsists of5 floors. The total gross internal floor
area is 5400 2. In the basementare the optical labs and the(greater part of the HVAC equipmentThe first

floor until the fourth floor contain offices and meeting roomsNot much information is available about the
building physics. The wadl are heavy(roughly 20 cm concrete plus 20 cm lightweight concretegnd not

insulated. Concrete floorsand roofs are used The roof isinsulated on the outside (roughly 8 or 10 cm)The

windows are equipped with duble glazing A central controlled outside solar shading iavailable on the south
side of the building.

HVAC equipment
TheHVAQGzquipment installed in Stieltjesweg is schematically represented in the diagram below
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Figure4.10: Diagram of the equipment in the TNO Stieltjesweg building.

There are twoair handling units (AHW) installed. AHU201 ventilates the labs and floors 2-3. The AHU202
ventilates floor 4 (extension of the building). A combination of a Chiller and Drycool unit siggtold water to
the AHUs and to the induction units. Chiller102 is dedicated to the induction units in the basement (labs).

The building has central heatingradiators). Heat is supplied by thdistrict heating system.

Monitoring set-up

To analyze the prediction quality and uncertainty of the energy demand forecasting method a monitoring

system has been set up for thaise case TNOStieltjesweg.The monitoring seup consists of the following

subsystems:

- A JohnsonBMS The data of theBMS is available through permanently installed PULSE core system
software (of maintenance company SPIE) for monitoring.

- Additional sensors fotemperature,relative humidityand CQ on room level

- Occupancy monitoring

- Electric submetering

PULSE Core sgem

The PULSE Core system continuously monitors allmpanently installed sensors and manipulated variables in
the building. The datas stored in a database which is ofine accessible to the prediction modelThe data is

tagged according to the st,mseedhafigdeblpr 0j ect Haystackod
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id absolute air airQuality atmospheric calc calend
Stieltjesweg Naregeling E367 Setpoint instelling

Stieltjesweg Naregeling E377 Ruimte temperatuur v

Stieltjesweg Naregeling E265 Ruimtetemperatuur N

Stieltjesweg Naregeling E152 Naregeling E152 Status

Stieltjesweg Naregeling E282 Naregeling E282 Status

Stieltjesweg 029 - Radiatoren en lab nieuw Aanvoertemp. warmw

Stieltjesweg 104 - KM koude opwekking E3 CP condensor koelma

Leeghwaterstraat 46 GKW groep Koeling luchtcompressoren KW:

Stieltjesweg Naregeling E380 Werksetpoint N
Leeghwaterstraat 46 LBK Kantoren Inblaas Absoluut vocht LBK Ka v/ v
Stieltjesweg 104 - KM koude opwekking E3 Droge koeler bedrijf

Leeghwaterstraat 46 Naregeling 080 nvoActiveSetPt v

Stieltjesweg Naregeling E383 Uitgang verwarmer (Ov=0%,10v=10
Stieltjesweg Naregeling E280 - Uitgang verwarmer (Ov=0%,10v=1
Stieltjesweg 030 - Radiatorengroep 3de verd Werksetpoint
Stieltjesweg 104 - KM koude opwekking E3 Intrede temp. conden
Stieltjesweg Naregeling E369 Uitgang verwarmer

Stieltjesweg 104 - KM koude opwekking E3 CP verdamper koelmz:
Stieltjesweg Naregeling E265 Naregeling E265 Status

Stieltjesweg Naregeling E272 Uitgang koeler (Ov=0%,10v=100%)
Stieltjesweg Naregeling E299 - Uitgang verwarmer (0v=0%,10v=1
Stieltjesweg Naregeling E277 Setpoint instelling
Leeghwaterstraat 44 Naregeling 0.010 Meting v

Figure4.11: Example of Haystack tagging in the TNO Stieltjesweg building.
Additionaltemperature, relative humidity and C£sensorson room level

On eachfloor of the building 4 additional sensors are installed in theffices for temperature, relative humidity
and CQ. The purpose of those sensors is twofold, at first the temperature sensors are more accurate than the
sensors of the thermostats. Second, the C@nd relative humidity are additional to the sensors dhe BMS
and give more information about the comfort and air quality in the offices. The 4 sensors per floor are
distributed over the different zones. Additional to the sensors in the offices also one or two sensors per floor
are installed in the meeting roomsln total 16 additional sensors are installed in the building.

Occupancy sensors

To measure the number of people on each floor of the building people counters are installed throughout the
building. Each sensor counts the number of people passing in both directions. By aggregating the sensors the
number of people per floor can be calcated for each moment in time.

Electrical submetering
Additional kWhmeters are installed to monitor theelectricity use of:
Chiller 104

Drycooler 104, including thecirculation pumps onevaporator side (chilled water circuit) and condenser side
(drycooler circuit)

AHU201, including the circulation pumps of the induction group$26, 127 and 128
One of the supply fans of AHU 201

4.7.2 AHUsystem simulationuse caseTNO $eltjesweg

The air handling unitftAHU)used in the TNO Stieltjesweg building is given fiigure4.12Figure4.12: Air handling unit TNO
Stieltiesweg building.

. A model is made of tis air handling unitusing the fan model Eee section 4.5.2), the heat recovery model
(see section4.5.3) andthe heating and cooling coil model type A (see sectidib.4).
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Figure4.12: Air handling unit TNO Stieltjiesweg building.

Simulatiors are performed over the period fronMay 1st until Septemberlst 2022 . Measured data from that
period is obtained from the building management system (BMS3his concerns

- the setpoint for theair supply to the building (Tsetpoint)

- the measured air supply temperature (TsuppiBMS)

- the measured exhaust aitemperature (TexhausBMS)

- the control (rotation speed in %©f max rotation speed of the heat recovery unit (hruCtrBMS)
- the control of the heating valvgheatingValveBMS)

- the control of the cooling valve (coolingVah@MS)

- the control of the fans (fanCtrBMS)

Besides that meteo data (Tambient) is obtained from a wedter station nearby.
During the investigated period, théeat recovery unit IRU was controlledin two situations:

- Before June21, the HRU was offThis was done due to COVID preventthe spread ofextracted airback
to the building.

- After June 21, the HRU was controlled at 10% rotation speed

- Itisunclearwhy the HRU was set at this fixed positian this period

To make a comparison possible between the simulated results and theasured values, the HRU is contield

during the simulations in the same manner

Inputs used for the simulationgpart of the measured items as given beforedre the following

- the setpoint for the air supply to the building (Tsetpoint)

- the measured exhaust air temperature (TexhauMS)

- the control (rotation speed in % of max rotation speed) of the heat recovery unit (hruBMS),being the
two fixed valuesas indicated before

- the control of the fans (fanCtrBMS)

- Tambient as obtained fom a weather station nearby

The outputs of the simulations and the items used for comparison with the measurements are:

- The supply air temperature to the buildingTsupplysim),

- The valve position of the heating valvéheatingValvesim),

- The valve position of the cooling valvgEoolingValvesim).
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It is mentioned that alsothe air temperature after the HRU (ThruOstm) is an output of the simulations.
However, this cannotbe used for comparison because this temperature is not measuréuait is used as input
for the cooling/heating coilin the simulations

For a week in MaySunday Mayl5 up until May22) and a week in August (Sunda&ugust 21 up until August
27), the results are shown irFigure4.13 and Figure4.14, respectively
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Figure4.13: Simulated and measured results Sunday May 15 up until May 21 2022.

48/120

www.brainsforbuildings.org


http://www.brainsforbuildings.org/

00:00-82/80 008} 00ZL

0090 00°00-.Z/80 0081

ook

0090 00-00-92/80 0081

00k

00°90 00-00-52/80 008 002 00:90 00:00-¥Z/80 00:8F

oo'zE

0090 00:00-€2/80 0081 oozh

00°90 00°00-2Z/80 008}

00-Z1 00°90-22/12/80

I I I

I I |

I [ | | | [ I I I | [ | I
_la
S L Ve L B LR @ W e v ik ,, %%5 -
| _ &Y _ u
| . i —oz
‘ of ™\ P
, T_ v :
| | | | | | | | | | | | / | | | | [— %
simesedwa ya
00008280 008  00ZF  O0D90 0000-ZZ/80 008  00ZL 0090 000-9Z/80 00'8L  00Zh 0090 0000 008  00ZF 0090 000-+2/80 008}  0OZH 88 3§§ 82 0074 0090 00O0ZZB0 008F  00ZH0000-2Z/HZI0

weque|

[ SWesneuxa )

wisnomyL
T

_
h//( ) i

| | |

00:00-82/80 0084 00:ZH

00'90 00'00-£Z/80 00:8L

00z

00:90 00°00-92/80 00'8%

00Z4

0090 00:00-GZ/80 008 eeuw 00:90 00:00-¥2/80 00°8}

00:90 00'00-€Z/80 008} oozk

00°90 00:00-ZZ/80 0081

00:Z1 00:90-22/12/80

I

‘ \;ll/‘

Ml

?? I

——

B

| | __ ﬁ)g_
|o1u0d -ouac-oooxn..
00006280 008,  0UTH 0D 00OUUZE0 009 00T OG0 0DO0GZW 009 007, 0090 0000TZEO 008 002 0090 0GO0YZE0 00 00 0090 00UOEZW 0081 00, 0090 0000ZZW 008} 0T 0090T€NIM
I [ I I I I I ] | [ | I | [ [ [ I I [ I [ [ I I I I I
— —{ 50
0
—s0
| | | | | | | | | | | | | | | | | | | | | | | | | i
jo13u03 1o Buneey ¥g
0000928 0081 002 0090 0D00UZWO 00  00ZL 000 0000GZR 009 007 0090 0000SZEO 009 00 0090 0UO0VZE 00  00ZL 0090 0000EZM 008L 002 0090 00000 0081 00TH00R0TZNIW
| | I [ | | | | [ [ | | | | [ | I [ [ [ | | [ I [ | |
— — g6
ob
SNE-HIDNAY s —{ 5’01
= _ _ | _

1043u02 NYH

11

Figure4.14: Simulated and measured results Sunday August 21 up until August 27 2022.
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Both Figure4.13 and Figure4.14 show a goodagreementbetween the simulated and measuredupply air
temperatures (Tsupplysim and TsupplyBMS). However there are time periods in whichthe simulated supply
air temperature and the supply air temperaturesaccordingto the BMSdeviate. This is due to the fact that
either the cooling in practice was workingut in the simulations not or the other way aroundIn the mode|
the cooling isrelated to the usesignal of the chiller(only when chiller is ON, cooling is providedut for
unknown reasors, this does not lead to acomplete alignment of the use of cooling in practice and simulations.

Figure4.13 shows quite a goodagreementbetween themeasured cooling vale position (coolingvalveBMS)
and the simulated value (coolingValvsim). It is noted that tased upon themeasured cooling valve position
and the simulated cooling power fom another period the relation between valveposition and the cooling
power is derived Thisrelation is usedto simulate the cooling valve position

Figure4.14 shows a great amount of instability concerning the measured cooling valve position (cooling\talve
BMS).The chilleralso switchesfrequently on and off(e.g. August 22 at 12:00 and 18:00 hourshs is shown

by thesimulated cooling (coolingValwsim). Of course thiglisturbs the simulation.This prdolem with instability
should besolved in the actual controbf the AHU

Figure4.13 shows a goodagreementbetween the simulated heating valveposition (heatingValvesim) and

the measured heating valveposition (heatingValveBMS). To simulate the controbf the heating valve the
assumption is made thatthe valve position is given bythe quotient between actual heating power and
maximum heating power

4.7.3 Chiller system simulatioruse case TNO Stieltjesweg

No information about theelectricity use of the chiller 104is available, because the kWimeters still need to
be installed. Therefoe, it is not yet possible to test the electricity useredicted by the chiller model

4.7.4 Total building simulationuse caseTNOStieltjesweg

For the Stieltjesweg building a R@odel is constructed. The model of the building consists 8zones ¢overing
ground floor up to andncluding the 3d floor, with two zones per floor along the length axis of the building to
discriminate between the soutkeast facing part and the northvest facing par). The basenent where the labs
are locatedis not modelled, but serves as a boundary condition féine ground floor Thedimensions, window
sizes and material properties of walls and floors are taken from the available technical data and the
OEnergiepotent P.eel scandé of 2001

Figure4.15: Visualization of the BEM zone model of the TNO Stieltjesweg building.

The RC model describes the dynamic energglance for each of the zones. The floors and roof are modelled,
the separation walls between offices in a zone are not modelled. Each zone interacts with:

- Other zones (constituting a network model of the total building)
- Exterior conditions (outside temperature, wind, solar radiation, shading by other buildings, humidity)

S https://www.bepositief.nl/energie-potentieelscan/
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- The Air handling unit (central unit + induction units)
- The cooling systenin the basement
- The occupants (presence, internal heat loads)

The R@model is generateddirectly from the building BEM file provided in standard gbXML format. The figure
below shows the network heat transfer connections as an illustration.

heatNetwork: STW

® merte wad vordwgeny |
© ol oxr

Figure4.16: RGheat network of the TNGstieltjesweg building.

Each edgerepresents a heat transfer link between zones, walls, windowes roof. The network presented in
the figure is a simplification of the network simulated, since that also contains multiple construction layers in
the exterior walls.

Equipment models modules are developed from the basic building blocks described in Sectdob of this
document. We implemented the following modules in the total building simulation model:

- AHU model typeA (includingmodels forthe fan, heat recovery andcoolingand heatingcoils)
- Induction unit model

In addition, theoperation of theautomatic blinds for the southfacing windowsis simulated by a simple modg

assuming tworadiation thresholds: a threshold of 200 W/n# for closing theblinds, and a lower threshold of
170 W/m2 for opening them.

The models for the chillerbuffer tankand PV will be added in the subequent version of the model.

To comparethe model with the measurement datameasured occupancy and the setpoint temperature la

been used, instead olusing models to predit them. Datadriven profiles have been used ttake into account
the heat gains from apphnces

Results

Primary simulation resultsare shown in Figure4.17, where thepredicted zone temperaturs are compared
with the averaged measured zone temperatures (obtained by averaging the measured temperatures for all the
rooms within each zong
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Figure4.17: Predicted zone temperature (blue) vs the averaged measured zone temperatue].

4.8 Conclusion

A hybrid model isconstructed which combines awhite box model physics basedmodel for building and
equipment and a black box model for occupant behaviour. This model is used in simulating and predicting
dynamic building behaviour. The developed hybrid model is applied to the use case of the TNiliing
Stieltiesweg in Ddt for a summer periodfocusing on the cooling demand. The real building behaviour is
retrieved from severaldata sourcesand compared to the hybrid modelPreliminary analys shows that the
building behaviour is in line with the simulation results. Especially in the sod#ting zones, the model is
overestimating the zone temperatures, probably due to the overestimation of the solar radiation passing
through windows. Currenyl development is in progress to improve the model predictions by including the solar
shading from surrounded buildings and also include modetd automatic shading devicesThe updated results
will be presented in the next update of the report.

At the moment no data on electricity consumption of individual HYAC components (such as the chiller) is
available, butinstallation of submetering at Stieltjesweg building is in motion. Having access to measured
electricity datg whichfacilitates calibration ofthe hybridmodel, willimproveprediction of real energy demand
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5 GREY BOX MODELU3SSING CEMONITORIN®ATATO
DERIVE/ENTILATIONLOWRATEOROCCUPANCY

Authors:Henri ter Hofteand Hossein Rahmani{Hogeschool Windesheim)

This chapter starts with a description of the goal of the models in secti@dnl. Section 5.2 describes the
purpose and research questions, followed tsection 5.3 by the dynamic model we used in our inverse grey
box modelling approachSection 5.4 describeghe data collection, recruitment and measurement techniques
used. In section5.5, we describe the inverse grelgox analysis tool we used for our analysis (GEKKO Python),
the error metrics we used in our analysignd the results of the data analysis, bdt for synthetic room data
and real room data. Finally, in sectioB.6, we describe our conclusions and recommendations.

51 Goal of the models

The goal of the inverse grey box models we descrilpetlhis chapter,is to derive recent and currentventilation
flow rate over time based on monitoring data on G@oncentration and occupancy, as well as derivimgcent
and currentoccupancy over timebased on monitoring data on CBconcentration and ventilation flow rate.

Section 5.2 describes the purpose and research questions, followed $gction 5.3 by the dynamic model we
used in our inverse greypox modelling approachSection 5.4 describesthe data collection, recruitment and
measurement techniques used. In sectiob.5, we describe the inverse gregox analysis tool we used for our
analyss (GEKKO Python), the error metrics we used in our an&yand the results of the data analysis, both
for synthetic room data andreal room data. Finally, in sectiorb.6, we descrite our conclusions and
recommendations.

Data was collected in 6 office rooms at Windesheim University of Applied Sciences, for 3 weeks during autumn
2022. Due unavailability of retospective ventilation data from the building management systems, we had to
reject data for 3 office rooms, leaving data from 3 rooms usable for analysis. This data is available as an open
dataset (Ter Hofte et al., 2022/2023).In a final stage of the analysis, we discoveretthat Bluetooth-based
presence detection had insufficient coverage compared to the capacity of 1 romsn, in this report, we analyze

the data from the2 remainingrooms. The firmware we used on our publicly available data collection hardware
is available as open software (Twomes &@nd Bluetooth occupancy firmware for the M5Corelnk and SCD41,
2023), and the GEKKO Python models and analysis code we use&davailable as open software as well
(Twomes inverse grekox modelling and analysis tools for homes and lity buildings, 2023).

5.2 Purpose & research questios

Knowing (patterns in) ventilation flow rates or occupancy can be important to assess the flexibility options of
a building. However, depending on the building and building measurement system, it can be hard or costly to
measure these features directly.

5.2.1 Research question A: ventilatioflow rates

Ventilation, while necessary to maintain a healthy indoor air quality for occupant®t only consume an
increasingpart of the electrical energy of buildings, butften also causea substantial fraction of heat loss in

a building. Knowing the extent to which ventilation causes heat loss may help to assess the thermal
characteristics of a building better, which in turn helps to assess the flexibility potential of a building better.

In many larger utility buildings (typically those that have a building management system) ventilation flow rates
can be measured, and monitoring data can be obtained from a building management system. However, in
many smaller SME buildings without a building management system, ventilation rates may be hard to obtain,
thus hindering the assessment of opportunities for managing therrhflexibility of a building.

The research questions in this chapter are based on the observation that occupancy raise§ €idcentration
and ventilation lowers it, which is illustrated as an overly simplified equatiamFigure5.1.
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Ly

occupancy ventilation €O, concentration

Figure5.1: Simplified relation between occupancy, ventilation and G@@oncentration.
The challenge and observation described above gave rise to the first of two research questions that we address
in this chapter:

A. To what extent can we reliably derivéhe ventilation flow rate in a room from data about C®and
occupancy?

5.2.2 Research question B: occupancy

In larger utility buildings with building management systems, obtaining ventilation flow rate data may be easier.
However, a new challenge arose during and after the Covid pandemic when universities started experimenting
with occupancy detection systems toptimize building usage. Some of these systems utilized camdilee
sensors. These sensors typically captured images, often in the form of silhouettes, and processed them within
the sensor device to determine the number of people present. Only the resujtinumerical counts were
transmitted, ensuring privacy. Nevertheless, the use of cameliie sensors frequently raised privacy concerns.
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Figure5.2: Concerns about privacy in the press about universities usit@ameras' for occupancy detection

As can be observed from Figurg.2, these concerns were not only present at Leiden University (Omroep West,
2023), but also at Windesheim (Redactie, 2021), laere we intended to do the data collection for this study.
This motivated research question B, below, which aims to assess the feasibilityagirivacyfriendly way of

detecting occupancy in utility buildings.
B. To what extent can we reliably derive occupancy in a room from data about-G@d ventilation?

Unlike some other research mentioned in this deliverable, the study reported in this chapter only intends to
assess a current value of occupancy or ventilation rates from recent data; the purpose of this study was NOT
to predictoccupancy or ventilation rates in the near future; this would require further research.
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5.3 Inverse grey box modelling of GOventilation, and occupancy

In this study, we used an inverse grayox moddling approach to get an answer to the research questions. As
its name suggests, inverse grelyox modelling is a modelling approach that combines characteristics of both
white box modelling and black box modelling.

White box modding is an approach that aims to represent building (energy) dynamics in a detailed manner,
incorporating numerous physical parameters and equations. It is commonly utilized during the design phase
of a building or installation, when the system being modetl has yet to be realized. By using white box
modelling, one cancomprehensively understandthe system's behavior and performance. This approach
allows for a thorough analysis and optimization of various aspects of the building or installation, considering
factors such as energy efficiency and performance.

Black box moddling is an approach that relies on data to model a system. It is suitable when the system being
modelled is already implemented, and thera@eeds to be moreknowledge about how it operates, such as the
way inputs are transformed into outputs. The key requirements for a black box model are clean data and an
appropriate machine learning algorithm. There are several advantages to using black box nlaug including

the ability to handle nonlinearities without needing exact equations and adapttityi to new data, as the model
can improve itself with additional information. However, there are also some drawbacks. The performance of
the model heavily relies on the quality of the data, and black box mdlieg requires a large dataset and
significant computational power.

Inverse grey box modéng (Madsen et al., 1995; Bacher et al., 2011)s a useful approach when studying a
system that is already realized, and there is both available data and some domain knowledge regarding how
the system operates. This knowledge often involves a few equations that describe #ystem's underlying
physics In comparison to black box modghg, inverse grey box moding provides computationally efficient
results that are easier to interpret and explain. While it requires more domain kneddje than black box
modelling, it necessitates less knowledge than white box modielg, which involves detailed physical
parameters and equations. Inverse grey box molliag strikes a balance between computational efficiency
and interpretability, making it a valuable tool for understanding and analyzing complex systemmsrecent
years, inverse greyoox modelling has beenused in e.g.,identifying model parameters ofbuilding heat
dynamics, on a set of 247 Dutch residential buildingsising data fromToon smarithermostatsat granularities
of 15 min intervals(Leprince, et al., 2022)

Below, in sectiorb.3.1, we describe the molar C&concentration balance model that we used to describe the
system dynamics and in sectiorb.3.2 we describe how we use this model in an ‘inverse' way to learn
parameters based on measured data.

5.3.1 Molar CQ concentration balance model

As illustrated graphically inFigure5.3, we usea molar CQ balance model to describe the dynamics in the
relation between C®@ concentration, ventilation, infiltration and occupancyThis modelassumes that C®is
spread evenly in the room and thainfiltration scales linearly with wind speed.

www.brainsforbuildings.org 55/120



http://www.brainsforbuildings.org/

col;clcvnuun ‘ pp1 =

co, = €0y
| COgjq5s [P =
i ﬁCDZ;I(NS;\.m:nl pm] + ACOZ;TU\'S;inF ppn
Aggz:lnss:uent | V‘\ "-‘.1} | = ACO, [ppm]
2;elevation [ppm] —
X vent_max [m/s] X ACOy,gain [PPM] = ACOy 055 [ PO
valve_frac | —| * i :
/ room i
X At ventilation
oio
W ACO, . (D]
. OCCUPancy 2;gain I
ACOpsgin [ PP =
COZ;eIevutiun | ppm 1 occupancy ‘ p ‘
x wind [1m/5] X €O expate [0/ (5]
X Ajpe [ 1117
/ room [ ] (room ||
X At [s] x air_density [mol/m )
X At 5]

Acoz;loss Acoz;gain

Figure5.3: Molar CGrconcentration balance model

Expressed as a set ofOrdinary Differential Equations (ODEs) with units added for clarity between square
brackets and in a grey font, and with air change per hours metrics used as intermediate variables, the model
can be expressed as follows:

- dCQ/dt [ppm/s] = COzgain[ p P M/ S 2)oss [ﬂpm/é] 0]

- CQgain[ppm/s] = occupancy [p] X CQexhate [uMoOl/(p=S)] / (room [m?] x air_density [mol/r#])
- CQ;loss [ppm/s] = CQ;Ioss;vem[ppm/S] + CQ;Ioss;inf[ppm/S]

- CQuossinf[ppm/s] = CQxelevation[ppm] % air_changesr [h-1] / 3600 [s/h]

- CQuossivent[ppm/s] = CQxelevation [ppm] x air_changesent [h-1] / 3600 [s/h]

- air_changes [h-1] = Anf [M2] x wind [m/s] x 3600 [s/h] / room [m 3]

- air_changesent[nl] = valve_fracuakdh}] T air _changes
- CQelevation [ppm] =CQ [ PP m] 2;exT [pplﬁ]O

We used the following value$or the constantsin the model:

- air_changesnaxvent [n-1] = vent_max [n#/h] / room [m3] (see also Tables.1)

- CQuext[ppm] = 415 [ppm] (Lan, et al, 2022)

- CQexhale [umol/(p=s)] = 270 [umol/(p=s)], which webased on 28.7 [g/(p=h)] (Li et al., 2022) / (44.0095
[g/mol] x 3600 [s/h]) x 10 ¢ [umol/mol/] x 1.5 [W0] (Haskell et al., 2007, p. 1086), rounded to multiples
of 10 [umol/(p=s)]

- air_density [mol/m?] = 41,57 [mol/m3] (molar density of an ideal gas at 1 atm and 20C).

5.3.2 Inverse grey box modelling: learning parameters from data

Inverse grey box modelling tools employ models to transform input data into output data, as depicted in Figure
5.4 a and b. In our specific scenario, the simulated output data using the molar €€oncentration balance
model is the concentration of C&) which is calculated based on the input data and the model. This approach
is referred to as "inverse" because it iteratively adjusts the tiniedependent model parameters, and in our
case, also one of the timadependent input data series. The goal is to find the optimal configuration that closely
aligns the measured C@concentration values with the simulated concentration values. Through multiple
iterations, the inverse grey box modelling process identifies the "best fit" between the measured and simulated
CQ concentration values.
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Figure5.4a: Schematic illustration(for research question Aof the GEKKO estimation and errors that we calculated (green
triangles) by comparing learned and observed data.
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Figure5.4b: Schematic illustration(for research question B of the GEKKO estimation and errors that we calculated (green

triangles) by comparing learned and observed data.

We allow the inverse greppox modelling tool to manipulate one timéndependent variable, Ans [M?] (the

infiltration area that mediates infiltration due to wind) and one timdependent variable. We vary the time

dependent variable depending on the research question:

A. In this research question(derive ventilation flow rate from C®concentration andoccupancy) illustrated
in Figure5.4a, ventilation flow rate is the time-dependent variable we allow the inverse grdyox modelling
tool to manipulate. To be more precise, the tool is allowed to manipulate the variabldve _frac__ 0
(fraction that ventilation valve is open), which together with roespecific vent_max__m3 determines
the ventilation flow rate [n?/s]. The ventilation flow rate, in turn, together withoom__m3 (size of the
room [m3]), determines the number of air changes per second-fs
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B. In this research question(derive occupancy from CRconcentration and ventilation flow rate)illustrated
in Figure5.4b, occupancyis the time-dependent variable that the inverse grelpox modelling tool is
allowed to manipulate.

The GEKKO Python inverse grey box modelling tool first minimizes the &@r, by manipulating thetime-

independentmodel paramete(s) and the time-dependent variable After minimization of the C@error, we call

the optimal value for the timeindependent variable A [m2] that was found the 'learned’ & [m2] and we call
the optimal values for the timedependent variable that were found thélearned' valve fraction (research

question A) or 'learned' occupancy (research question B).

54 Data collection

In this section the method fordata collection is describedIn section5.4.1, we describe subject recruitment,
in section5.4.2, we describe the measurement devices we used and in sectié.3., we describe the data
that we collected.

5.4.1 Subject recruitment

Before we started recruitment, we requested and obtained approval for our study from Windesheim Research
Ethics Committee, based on alescription of the research, the privacy policy (Volledige Privacyverklaring
Brains4Buildings, 2022) and Data Management Policy (Ter Hofte, 2022a).

Subjects were recruited via a recruitment-mail targeted at people known to work in office rooms that satisfied
the inclusion criteria for office rooms.

Inclusion criteria for office rooms at Windesheim were:

- Passiveinfrared (PIR sensorbased occupancy data, CEconcentration and ventilation data was available
via the existing Building Management System (BMS);
- 75% or more of the occupants of an office room consent to their presence being tracked.

Inclusion criteria for subjects were:

- subjects provided informed consent in theonline recruitment survey (Ter Hofte, 2022b), which also
referred to the privacy policsror! Bookmark not definedgnd verified the inclusion criteria below;

- subjects must work at Windesheim University of Applied Sciences in one of the eligible office ro¢mes
recruited among occupants of eligible office roomsaccording to facility management andsked in the
survey toindicate in which of the eligible rooms they worked for mothan one hour per weel

- subjects must have a smartphone runnind\ndroid or an Apple iPhone;

- subjects must give the static Bluetooth MAC address of their smartphone to the researchers for the
purpose of the research;

- subjects must be willing to turn / leave on their Bluetooth on their smartphone when they were at
Windesheim.

We only installed a measurement device (see secti@¥.2) in an office room if more than 75% of the known

number of regular office room occupants provided informed consent. We never tracked presence via Bluetooth

without informed consent; the measurement devices we udere technically incapable of tracking Bluetooth
based presence without a static Bluetooth MA&ddress.

5.4.2 Measurement techniques

We measured data in 6 office rooms at Windesheim. As illustrated in Fig&r®, we used the following

measurement techniques to collect datdin square brackets we mention the source name we used in the open

datasetto identify this techniqueand in subsequent sections, we describehat properties the various sources

measure and how they measure it in more detil

1) [CO2 meter - SCD4X M5Stack Corelnk SCD41 (®and occupancy measurement device for
temperature, humidity, C®and occupancy data

2) [bms] Building management systemfor temperature,PIR, CE&concentration and valve fraction data

3) [xovis ] Xovis PC2SE 3[people countingsensor for occupancy data

4) [human_observer ] Human observers for occasional occupancy observations and observations of

open/closed status of doors and windows
5) [knmi] Royal Netherlands Meteorological Institute (KNMQr weather data
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Figure5.5: Measurement techniques used for data collectian

Ad 1) M5Stack Corelnk SCD41 Gand occupancy measurement device

Based on the M5StackCorelnk device and SeeedGroveSCD41 module mounted inside a
an M5Stack Proto HAT totalling~ 85 per room in hardware we developed our own open source firmware
(Twomes CBand Bluetooth occupancy firmware for the M5Corelnk and SCD41, 2023) that could measure
and upload C® concentration andoccupancy, as illustrated in Figur®.6 on the left. TheSensirionSCD41
sensoris a novel, energyefficient photo-acoustic C& measurement sensor that has an accuracy £(40 ppm +
5% MV) @40&000 ppm.

The occupancy measurement is based on Bluetooth name requests and is inspired by the monitor program
(Freyer, 2023). This technique requires the measurement device to know of the static Bluetooth MAC address
of the smartphone of the occupants that are todincluded in the occupancy count. The name request (LMP
Layer Tutorial, n.d.) is a primitive of the Bluetooth GAP L&frer that all smartphones respond to automatically
when Bluetooth is on (also when the device is NOT in discoverable mode). The origiungdose of this primitive

is after initiation of device discovery by a device, which is responded to only by devices in discoverable mode,
with their static Bluetooth address. Subsequently, the initiator issues the name request. We only issue the
name request to the static MAC address ofegistered smartphones i.e. smartphones whose owners have
provided us with informed consent to their presence being tracked and who have given us their static Bluetooth
address as part of the recruitment procedure.

Closed Circuit Voltage [V] measurements
FLY 502728 3.7V 390 mAh LiPo battery in M55tack Corelnk

Figure5.6: M5Stack Corelnk SCD41 measurement device for G&nd occupancy (~0 85).

Asillustrated in Figure5.6 on the right, we designed the device to be very efficient in order to run autonomously

on the embedded 390mAh battery. Without a battery extension module, we could achieve slightly more than
5 days of runtime. Given the tight energy budget of 390 mA@37 V), 5 days of runtimeis relatively long for

a C(rsensor with a measurement interval of 10 minutes that also performs occupancy detection, but still not

sufficient for our purposes. Therefore, we powered the measurement devices in this study using a 230V-USB
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C power adapterBased on our request M5Stack now alsohas a CO2Lunit available based on the SCD41
sensor, so f researchersneed abattery operatedsolution that works for longer than 5 daysthe open source
software is available, andhey would need to design their owbattery extension module.

Ad 2) Building management system

We collected data from six rooms located in two different buildings, each equipped with a different building
management system: Priva or 8ikton Pulse. While we verifietve earlier were able to obtain ventilation data
for both buildings, we encountered an issue with one of the buildings. In this particular building, we discovered
that valve fraction data could not be exported retrospectively, i.beyond 24 hours after it was recorded. As a
result, we lacked retrospective ventilation data for four out d¢ifie six rooms we measured.

For one of these four roomswe could reliablyconclude® that the ventilation system was always running at
maximum, so we included thisoom. So, only three rooms remained for our subsequent anaigs

Ad 3) Xovis PC2SE 3people countingsensor

In all 6 rooms, we also installed th&Xovis PC2SE 3D people counting sengsee Figure5.7 ) , t ot al |l i ng
per room in hardware, mounted on the ceiling above the doorway entrance, with firmware set to privacy level

3, which guarantees that no traits or characteristics that could identify a person leave the device. Due to
logistical issues,the Xovis devices were installed during the second week of the study period, yielding only
slightly more than a week of Xovis data.

Figure5.7 : Xovis PC2SE People Counting6lgensor for detecting occu,

Ad 4) Human observers

Several times per week, a human observer would walk by the studied rooms and observe and register in an
Excel file:

- theroomid;

- the time of the observation;

- the number of persons in the room;

- s atleast 1 window in the room open? (yes/no);
- is atleast 1 door in the room open? (yes/no).

Ad 5) Royal Netherlands Meteorological Institute (KNMI)

Average hourly weather data was collected from the Royal Netherlands Meteorological Institute (KNMI) and
geospatially interpolated using Python code from thelourlyHistoricWeather repository (Peters,
2021/2022). For geospatial interpolation of weather data we usedat = 52.499255 , and lon =

6 Following the COVHD9 pandemic, ventilation systems at Windesheim were adjusted to maximize air exchange by setting the
ventilation setpoint to 400 ppm. However, we encountered an issue with three out of the four rooms in the affected buildirige
room GOFsensors connected to the building management system in these rooms were not properly calibrated. As a result, these
sensors frequently reported CBconcentration values below 400 ppm, which seemed highly unlikely when compared to the
Keeling Curve dataMonroe, n.d.)from the last two years. Consequently, we were unable to obtain valve fraction data, except
for one room where the CBsensor was properly calibrated, allowing us to assume reliable and continuous ventilation.
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6.0765167 , the location of Windesheim in Zwolle, the Netherlands. Temporal interpolation was done as part
of the preprocessingof the data

5.4.3 Data collected

We measured data for 3 weeks between October 10 and November 2, 2022. This included gonpose) the
autumn holiday period, which lasted from 123 October 2022. During this period, typically very few people
work in the office rooms of Windesheim.

In Table5.1, we provide an overview of the data of the characteristics of the rooms for the analysis. In Table
5.2, we provide a catalogue of the data we collected. Finally, in Tal5le3, we providean overview of the
number of measurements we collected.

Table5.1: Room data

#work-  #occupants Volume [n#] Max ventilation rate [n#/h] Max Air Changes Per Hour (ACPH}Ih

places tracked via room_m3 vent_max__m3_h_1 air_changes_max_vent__h 1
Bluetooth
999169 6 5 75 240 3,2
917810 6 2 75 240 3,2
925038 4 3 60 240 4,0

As can be observed frorfable5.1, for roomwith ID917810 we tracked only2 regular occupants via Bluetooth
name requests using the CO2 meter - SCD4x measurement device. During the room selection and
measurement rolloutprocess, weincluded this room assumingt had only 3 workplaces. Onlyery late in the
analysis process, waliscovered that the room actually had 6 workplace3his means weexcludedthis room
for analysisusing CO2 meter - SCD4x as source for occupancy dataleaving only 2 roomdor the analyses
describedin section5.5.6.

Neverthekss, dl data that we collected in these 3 rooms are available as open data(Ter Hofte et al.,
2022/2023). To reduce the chance of room ralentification to an acceptable level and increase privacy, we
rounded room volume to 5m3 and the maximum ventilation rate to 30 r/h, both in the table and in the
analysis We chose a level of privacy for the room that is equivalent to the level of privacy required for persons
participating in medical research in the Netherlands, i.e., the chance ofidentification must be less than 9%.

Table5.2: Measurement data catalogue

Source Property Sensor Interval [h:mm:ss] Description
CO2meter-SCD4x co2__ppm ppm SCD41 | 0:10:00 CCFconcentration
temp_in__degC EC SCD41 | 0:10:00 air temperature
rel_humidity__ 0 - SCD41 | 0:10:00 relative humidity
occupancy__p - ESP32 | 0:10:00 number  of  smartphones
responding to Bluetooth name
request
heartbeat - ESP32 | 0:10:00 measurement system
heartbeat
bms co2__ppm ppm 0:01:00/1:00:00 7 | CCFconcentration
temp_in__degC EC 0:01:00/1:00:00 7 | air temperature
rel_humidity__ 0 - 0:01:00/1:00:00 7 | relative humidity
occupancy__bool 0/1 PIR 0:01:00/1:00:00 7 | is a person in the room?
valve_frac__0 0 0:01:00/1:00:00 7 | opening fraction of ventilation
valve (O=fully closed, 1=fully
open)
Xovis occupancy__p - PC2SE | 0:05:00/0:15:00 7 | number of persons in room
human_observer occupancy__p - few per week number of persons in room
door_open__bool 0/1 few per week is a door open?

” The measurement interval differed per room.
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Source Property Unit Sensor Interval [h:mm:ss] Description

window_open__bool 0/1 few per week is a window open?

Table5.3: Measurement data catalogue: number of measurements per source (columns) and property (raws)

property\ source CO2meter-SCD4x  bms X0vis human_observer Total
co2__ppm 8989 69 563 - - 78 552
occupancy_ p 8991 - 3740 17 12 748
valve_frac__ 0 - 69 563 - - 69 563
temp_in__degC 8989 69 563 - - 78 552
rel_humidity__0 8989 68 892 - - 77 881
occupancy__bool - 68 892 - - 68 892
window_open__bool - - - 17 17
door_open__bool - - - 17 17
Total 35958 346 473 3740 51 386 222

5.5 Analysis

In this section, we describe the analysis tool we use8.5.1), the error metrics used in the analysis5(5.2),
synthetic room data generationq.5.3), analysis of the synthetic room datab(5.4), preprocessing of the real
room data5.5.5) and analysis of the real room dateb(5.6).

5.5.1 Analysis tool: GEKKO Python

We utilized GEKKO PythqiBeal et al., 2018) which is an objeciriented Python interface that enables local
execution of APMonitofHedengren et al., 2014) APMonitor is optimization software designed to solve a range
of problems, including mixednteger and differential algebraic equations, using different types of nonlinear
solvers for constrained and unconstrained problems. It offers various operation nesdHedengren & Beal,
2022) for linear programming, quadratic programming, integer programming, mubject nonlinear
optimization, as well assimulation, estimation, and control for different types of dynamic problems.

GEKKO Python is an opesource library available under the MIT license, suitable for use in both academic
and commercial environments. In the context of inverse grepx moddling, GEKKO proves to be highly
versatile. With the provision of physics equations and a preprocessed dataset, GEKKO can determine the
optimal value for a target parameter. In our research, the objective was to find the best value for
occupancy/ventilationrate in utility buildings using timeseries observed measurements. For this puoge, the
Estimation for Simultaneous Dynamic mode, also known as Moving Horizon EstimatidbdODE=5, was
selected as the most suitable. This mode is specifically designed for dynamic estimation, encompassing both
states and parameter regression. Unlike deterministic approaches like the Kalman filter, Moving Horizon
Estimation requires an iterative proess that relies on linear programming or nonlinear programming solvers
to find an optimal solution.

We implemented the molar C®concentration balance model described in sectioh.3.1 in GEKKO Python as:

- one ordinary differential equation,

- 7 intermediate variables,

- one control variable €¢02_ppm),

- one fixed variable A_inf_m2 ), and

- two manipulated variablesalve_frac__ 0 and occupancy_p ).

As illustrated inFigure5.8, the GEKKO Python implementation of the ordinary differential equation and the 7
intermediate variables consists of a straightforward transformation of the mathematical equations described
in section5.2.
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co2_elevation__ppm = m.Intermediate(co2__ppm - co2_ext__ ppm)

air_changes_vent__h_1 = m.Intermediate(valve_frac__ © * air_changes_max_vent__h_1)
air_changes_inf__h_1 = m.Intermediate(A_inf__m2 * wind_m s 1 * s h.1 / room__m3)
co2_loss_vent__ppm_s_1 = m.Intermediate(co2_elevation_ ppm * air_changes_vent_h 1 / s _h_1)
co2_loss_inf__ppm_s 1 = m.Intermediate(co2_elevation_ ppm * air_changes_inf_h_ 1 / s _h_1)

co2_loss__ppm_s_1 = m.Intermediate(co2_loss_vent__ppm_s 1 + co2_loss_inf__ppm_ s 1)
co2_gain__ppm_s_1 = m.Intermediate(occupancy p * co2_exhale_umol p 1 s 1 / (room_m3 * air_mol m_3))
m.Equation(co2__ppm.dt == c02_gain__ppm_s_1 - co2_loss_ _ppm_s_1)

.options.IMODE = 5
.options.SOLVER = 3
.options.EV_TYPE =
.options.NODES = 2
.solve(disp = )

ev_type

Figure5.8: Implementation of the core of the molar CEconcentration balance model in GEKKO Python.

The complete implementation of our analysis code is available under an open source license on GitHub
(Twomes InverseGrey boxModelling and Analysis Tools for Homes and Utility Building®21/2023) .

5.5.2 Error metrics used in analysis

For all analyses, we calculate the mean absolute error (MAE) and Root Mean Squared Error (RMSE) between
the measured and learned C@&concentration values.
For our synthetic room data analyses (see sectidn5.3.) we know the actual value for & [m2], so we can
calculate the MAE and RMSE between the learned and actual values fa# dver various time windows in our
study. We cannot compute these error metrics for the real room data (see sect®b.5), because we don't
have an actual infiltration valugiwhich might have been derived from a blower door test, which we did not do).
In our research setup, we can calculate the MAE and RMSE error metrics for the ¥auging learned variables:
not only for synthetic room data analyses, but also for real room data analyses. For ventilation, which can have
jittery values, in particular fo the synthetic room date, we calculate a Rolling Mea¥bsolute Error (RMAE) with
a window size of 2 intervals of 15 minutes. Calculating error metrics allows us to express our results
guantitatively for both research questions:
A. rmae_valve _frac_ 0 and rmse_valve_frac__ 0 are quantitative indicators for the extent to
which ventilation rates can be derived reliably from G@oncentration and occupancy data;
B. mae_occupancy__p and rmse_occupancy p are quantitative indicators for the extent to which
occupancy can be derived reliably from G@oncentration and ventilation data.

To the quantitative (R)MAE and RMSE error metrics, we also added a qualitative judgement, as indicated in
Table5.4, below. Weset norms and translate thiso the followingcolors:
- good (colored green): deemed suitable for application, no further improvement needed;
- guestionable (colored orange): might be suitable fapplication, further improvements desired;
- bad (colored red): not deemed suitable for application, improvement desperately desired.
Table5.4: Qualitative judgement of mean absolute error metrics

judgement\metric  mae_co2__ppm mae_occupancy__p rmae_valve_frac_ 0

guestionable 25<mae_<=75 1.0 <mae_<=2.0 0..1<mae_<=0.2

For themae_co2__ppm error metric, we based our judgment on the accuracy of the SensiriS€D41 sensor
that we used: £(40 ppm + 5% MV) @4@B000 ppm, which is fine for a regular office environment. Our raw
measurement values ranged from 2841221 ppm, hence the mean absolute error (MAE) betwedme
measured value and the true C&concentration in the room must have been in the range 529 ppm. We did
not find model error norms, sowve defined the norms relative to thesensor accuracy. Waeleemed tryingan
mae_co2__ppm error below 25ppm to be a good fit(the model's error is definitely smaller than the
measurement error of the sensoraind above 75ppm to be a bad fit (the model's error idikely larger than the
measurement error of the sensor)

The mae_occupancy__p error metric we used & motivated primarily by the application of occupancy
monitoring in capacityplanning and management of classrooms and meeting roomsand decisions about
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building restructuring or renovatiorby facility managersFor suchapplications,achieving precisiorbelow 1.0
person might not be necessary. However, we considered being off by more than 2 persons patentially bad
deviation warranting further improvements. It is important to note that we did not consult with Windesheim
facility managers regarding their specific requirements or expectations for accuraboreover, for practical
purposes, we performed the measurements for this exploratory research in office roomst in classrooms
and meeting rooms

Concerning the rmae_valve frac_ 0 error metric, our focus was on understanding the role of
valve_frac__ 0 in distinguishing heat losses caused by ventilation in buildings from other forms of heat
losses, such as infiltration and conduction. However, it is important to note that we did not gather specific data
in this study to directly analyze heat losses theselves. Consequently, our primary objective was to assess the
feasibility of estimating ventilation losses for this purpose, rather than directly evatirg the effectiveness of
this approach in distinguishing ventilatiomelated heat losses from other sources. In terms of evaluating the
accuracy of our estimations, we established criteria based on our judgment and expertise. We determined that
a deviation of less than 10% would be satisfactory, indicating a reasonable estimation. Conversely, a deviation
exceeding 20% would be deemed unsatisfactory, as it would suggest a significant discrepancy. It is crucial to
acknowledge that these criteria are educatedyuesses and not based on a formal assessment of the
effectiveness of the indirect estimation approach in achieving the goal of differentiating ventilatieated
heat losses from other heat losses.

5.5.3 Synthetic room data generation

To test the implementation of our C®concentration model and learning tool chain in GEKKO Python, we
generated synthetic data for a set of imaginary rooms and ventilation systems that behave exactly according
to the model. Subsequently, we analysed this synthetic room data and verified toatvbxtent we could learn
back the timeindependent variable Aint [m2] and time-dependent variables (either ventilation flow rate or
occupancy). The synthetic data is available on GitHub as part of our open source invensy boxanalysis
software (Twomes Inverse Grey box Modelling and Analysis Tools for Homes and Utility Buildings
2021/2023) .

We first implemented the model described in sectioB.3.1 in Microsoft Excel, with 5 rooms that varied in
characteristics, which we also encoded in the room {@ee Table5.5).

The maximum numbenf Air Changes Per Hour of the synthetic rooms varied between @d 11.1 [h+].

To simulate the effect of windnduced air infiltration, we set a minimum air infiltration ratevent_min[ms3/h])
and assumed a fixed wind speed of 3.0m/s]. We calculated the infiltration areafins [cmZ] according to our
simplified model that assumes a linear relation between wind speed and ventilation:
At [cm2] = vent_min[m3/h] / (wind [m/s] x 3600 [s/h]) x 10000 [cm2/m2]. The infiltration area of the
synthetic rooms varied between 9 and 1¢cm?].

Table5.5: Synthetic room characteristics

room vent_max air_changes_ max_vent vent_min A_inf
__m3 ~_m3 h 1 _h1 ~_m3 h 1 __cm2

45 100 2,2 10 9
100020045 45 100 2,2 20 19
100020180 180 100 0,6 20 19
500010045 45 500 111 10
500010090 90 500 5,6 10

Dynamics were defined by:
- afixed weekday occupancy schedule as defined in Taldé. and no occupancy in weekends;

- a simple ventilation control algorithm that would operate at full capacity whenever the EEO
concentration would exceed 804ppm], with a hysteresis of 50 [ppm], meaning ventilation would start
when the CQconcentration surpasses 800+50 = 850 [ppm] and stop when it falls below 806 50 =
750 [ppm]); for each timeslot, we would register the fraction of time the ventilation operates at full
capacity as the value fowalve_frac__0.

Table5.6: Synthetic weekday occupancy schedule
starttime endtime occupancy ‘

00:00 08:30 0
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starttime endtime occupancy

08:30 09:00 1
09:00 12:00 3
12:00 12:30 2
12:30 13:00 0
13:00 13:30 2
13:30 16:00 3
16:00 17:00 2
17:00 00:00 0

In Figure5.9, we plotted the resulting synthetic data for two of the five different synthetic rooms.
id: 100010045 id: 100020180
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Figure5.9: Plot of measurement data for two different synthetic rooms.

5.5.4 Analysis results okynthetic room data

Using our GEKKO Python inverggey boxmodel analysis tools, we learned the infiltration area as welk the
ventilation flow rates, for all 5 synthetic rooms by fitting on the E@oncentration (see Figuré.10 for an
illustration of the fit). This takes about 35 seconds on a modern office laptop.
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Figure5.10: Plot of learnedCQFconcentration (sim_co2 ) versus'measured CQ~concentration (model_co2 ), for two

different synthetic roons (subgraphs from top to bottom: valvé&action, occupancy, CB&concentration).

As can be observed from a closer look at two different parts of the synthetic room with id, 100020045 in
Figure5.11 (left), the learned_valve_frac resembles themodel_valve_frac quite nicely, but starts
to deteriorate once the C@concentration nears the external C&concentration, i.e. when the Cgelevation
starts to near zero.In Figure5.11 (right), we plotted the error betweerearned_valve_frac minus
model_valve_frac for the same period Apparently, themore the CQ elevation approaches zero, the less
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the influence of ventilation is on the C®concentration and theless the algorithmis punishedfor errors in its

guess forvalve_frac , i.e, the harder it becomes for the algorithm talerive the truevalve_frac  value.
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Figure5.11: Closeup of three days: learnedralve fractionversusmeasured (left) error between learnedand measured (right).

In Figure5.12 (top), we show a boxplot for the learned values for the infiltration aréas [cm?], one per learning
period of 3 days, compared to the actual values we used as input for the model that generated the synthetic
data. For the three synthetic rooms with anaximum ventilation rate of 100 [n¥/h], the learned infiltration
follows the actual infiltration area (with mean absolute errors of 3,6, 6,1 and 4.8 [&ln respectively). For the
two synthetic rooms with a maximum ventilation rate of 500 [#h], the learned infiltration rate is zero. We
suspect that the lack of system excitation due to the assumed fixed wind speed, or a ventilation system that

overpowers the effect of wind infiltration makes it harder to learn the infiltration arglhut this is left for further
study.

In Figure5.12 (bottom), on the right, weshow the error metrics, also for the learned valve fractions. The fit on
CQ concentration is good, and the mean of the rolling mean absolute error on the valve fraction is
guestionable, except forthe two rooms with a maximum ventilation rate of 500 [r/h], where it is good(the
same absolute error in ventilation flow rate corresponds to a smaller error in valve fraction for these
rooms) Again, we suspect that the lack of system excitation due to the assumed fixed wind spegakes it
hard to learn the infiltration flow ratesbut we left this for further study.
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Figure5.12: Actual and learned values for infiltration area and valve fractioftop), including error metrics(bottom).

We performed a similar analysis for learning (infiltration area and) occupancy, for aliymthetic rooms (see
Figure5.13 for two plots that illustrate the fit). Looking at the graphs, we can observe that the estimation
algorithm during occupancyregularly estimates one more occupant based on (Broncentration andvalve
fraction data, with an occasional spike at the beginning.
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Figure5.13: Closeup of 2 days: learned occupancy versus measured (left); error between learned and measured (right).

In Figure5.14 (top), we show a boxplot for the learned values for the infiltration aréas [cm?2] for all 5 synthetic
rooms and inFgure 5.14 (bottom), we show the error metrics, also for the learned occupancy. The infiltration
areas were not learned well; the learning algorithm estimated all infiltration areas at the upper bound, which
we set and 25 [cn#]. Again, we suspect that the lack of system excitation due to the assumed fixed wind speed
makes it hard for the system to learn the infiltration area properlifhe fit onCQ concentration is good, and
the mean of the mean absolute error on the occupancy is also godkpbparently,not learning infiltration areas
well does notalwaysinterfere with learning occupancy.
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Figure5.14: Actual and learned values fomfiltration area and occupancy(top), including error metrics(bottom).
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5.5.5 Preprocessing of real room data

As illustrated in Figures.15, the raw data we measured in real rooms contained various errors that required
preprocessing.
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925038_CO2-meter-SCD4x
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3500 1 917810_bms
925038_bms
3000 4 999169_bms

2500

Frequency
N
o
(=3
=]

1500 A

1000 4

500 A

0 200 400 600 800 1000 1200
CO:2 concentration [ppm] Figure 5.15:

Histogram of C@Q measurements for various rooms and measurement devices before preprocessing.
Preprocessing of measurements consisted of:

- Removal of duplicate measurements;

- Removal of C@measurements that had no variation; this concerned one room that apparently had a faulty
CQ sensor (the data for this room was already rejected for other reasons);

- Removal of all CQ concentration measurements with a value of less than ppm (as illustrated in
Figure5.9, several CQ measurement values from the BMS came in asfpm, whichis clearly wrong);

- CQ baseline adjustment: per room and per measurement source, the minimum £®@easurement value
was determined and subsequently all measurement values were raised by the same amount such that the
minimum value would be to 415ppm plus a margin (for which we chose 1 ppm). This preprocessing
operation helps to counteract the effect of longerm drift that some C®sensors are subject to. Some 0O
sensors provide automatic occasional recalibration to a paetermined C® level. Not all C® sensors
used inthis study may havéhad this feature, and some may have had this turned off (perhaps deliberately,
to avoid sudden jumps). This baseline adjustment was also needed for theR&®nsors in our ownCO2
meter - SCD4xmeasurement device, as we calibrated them, but not always in the same circumstances,
unfortunately.

- Measurement interpolation to 15minute intervals, except when they were 90 minutes or more apart

Figure 5.16 provides a visual representation of the impact of preprocessing on the distribution of £O
measurement values whichseem much more reasonable than the values represented in Figure5.15.
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Figure5.16: Histogram of C@ measurements for various rooms and measurement devices after preprocessing.
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The plots of the most important preprocessed measurementor all rooms can be found in Figur&.17. Note
that for one room, we concluded that the ventilation was always set to the maximum value.
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Figure5.17: Plots of preprocessed measurements for various rooms.

5.5.6 Analysis results of real room data

The maximum numbeiof Air Changes Per Hour dhe real rooms, as calculated in Tabl&.1, varied between
3.2 and 4.0 [h1]; the ventilation control algorithm and infiltration are@ns [cm?] of the rooms were unknown.

To get answers to research question A (Can we derive ventilation flow rate fr&@ concentration and
occupancy?) and research question B (Can we derive occupancy fié@ concentration and ventilation flow
rate?), we usedour GEKKO Python inversgrey boxmodel analysis tools We learned the infiltration area as
well as the ventilation flow rates, for the2 rooms by fitting on the C®concentration (see Figuré.18 for an

illustration of the fit). This takes abouB80 seconds on a modern office laptop.
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Figure5.18: Plot of learned versus measuredalve_frac  for the two rooms studied.

A closer look at different timeframes ofone of the rooms in Figures.19 reveals that the
learned_valve_frac resembles the pattern observecbms_valve frac  at some times. However, the
learnedlearned_valve_frac data seems to contradict the information we obtained that all rooms had a
minimal ventilation flow rate that is 20% of the maximum air flow rate (valves were physically constrained;
they could not close below 20%5omewhat similar to the synthetic data, at very low @@levations, i.e. near
the area where 'anyalve_frac  will do', the learning algorithm tends to setalve frac  to zero, whereas
the ventilation flow rate should never go below 20% both rooms, and never below 100% in one other room.
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Figure5.19: Closeup: learnedvs. measuredvalve_frac (top); error between learned and measured (bottom).

As can be observed from the boxplot in FiguEe20 (top), the learned values for the infiltration area\ns [cm2]

of the real roomsstudied were bothzero. The cause of this phenomenon remains uncertain, and further
investigation is required. One possible factor contributing to this outcome could be the absence of system
excitation resulting from the assumed fixed wind speed. Alternatively, it is plausiblattthe ventilation system

is overpowering the impact of wind infiltrationVe left this issue for further study anihcorporated geospatially
interpolated wind speed data from KNMI into our dataset.

In Figure5.20 (bottom), weshow the error metrics for the learned valve fractions for the real rooms. The mean
fit on CQ concentration is good, whereas the mean of the rolling mean absolute error on the valve fraction is
bad.

www.brainsforbuildings.org 73/120



http://www.brainsforbuildings.org/

—— learned_A_inf

10.04

0.02

0.00 4 e

cm?

-0.02 -

—0.04 -

|

925038 999169

mae_A_inf_cm2 mae_co2__ppm rmse_co2_ppm rmae_valve_frac_0 rmse_valve_frac_0

id
mean nan
925038 min nan
max nan
mean nan
999169 min nan
max nan 39
mae_A_inf_cm2 mae_co2_ppm rmse_co2_ppm rmae_valve frac_0 rmse_valve_frac_0
mean nan 25

all .
min nan

max nan 39

We tried several strategies to improve themae_valve frac_ 0 error metric, but none of these strategies
provided a substantial improvement in the error metric (some even made it worse):

1. increasing the C®baseline adjustment margin from 1 ppm to 50 pm;

2. use occupancy data fronxovis devices instead of fromCO2 meter - SCD4x (which resulted in much
less days worth of analyzable data);

3. use CQ concentration data from thebms data instead fromCO2 meter - SCD4x

We also attempted setting another lower boundary fdearned_valve_frac_ 0 . This improved the
rmae_valve frac_ 0 error metric slightly, at the expense of a substantially worseae co2__ppm:

- applying a lower bound of 20%, the mearmae_valve _frac_ 0 improved from 55% to 37%, at the
expense of the meammae_co2___ ppm, which increased from 18 ppm (good) to 80 ppm (bad);
- applying a lower bound of 10%, the mearmae_valve_frac_ 0 improved from 55% to 47%, at the

expense of the meammae_co2___ppm, which increased from 18 ppm (good) to 74 ppm (questionable).

Apoor fit in ventilation flow rates is always undesirable. For exampilow CQ elevationsmostly occur atwith
small temperature differences between indoor and outdoor environmengahich maybe the caseat night),
then a bad ventilation flow rate estimate is less problematic for estimating the contribution eéntilation to
heat loss Further researchthat links ventilation (derived fromoccupancy and C@®elevations) to heat loss
explicitly wouldbe required to determinethis.

We performed a similar analysis when learning infiltration area and occupancy, for all rooms (see Fi§z#

for two plots that illustrate the fit). Looking at the graphs, we can observe that the estimation algorithm
occasionally takes the liberty to assume occupancy close to (5) or at (6) the upper bound that we defined for
occupancy.
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Figure5.21: Plot of learned versus measured data for thiwo rooms studied after learningoccupancy__p

A closer look attwo different timeframes of each of the rooms in FigurB.22 reveals that
learned_occupancy resembles the pattern observed byCO2_meter_SCD4x_co2 at some times.
However, whenevebms_valve_frac  is high for a long time and the Cfelevation is low, the learning
algorithm seems to make more errors. Another possible explanation is that the
CO2_meter_SCD4x_occupancy in the two rooms studied were not allowed to track the one of the
occupants(as listed in Table5.1).
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Figure5.22: Closeup: learned vs. measuredccupancy (top); error between learned and measured (bottom).

As can be observed from the boxplot iRigure5.23 (top), the learned values for the infiltration areant [cm2]
for both rooms are not zergwhich seems realistic Weare unsure whether we can trust these numbers, since
we assumed fixed wind speed in our analysis. We completed integrating geospatially interpolated wind speed
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data from KNMI in our dataset. However, due to time constraints, this aspect could not be thoroughly
investigated in the current study and warrants further examination.

In Figure5.23 (bottom), we show the error metrics, also for the learned occupancy. The fit on €0
concentration is good, the mean of the mean absolute error on the occupancy is also gdtith4 6 6 regular
occupants in the office rooms studieda mean absolute error of 0.7s considered good by the norms we set.
How this scales to classrooms and meeting roonvgould require further studyincluding asking more detailed
norms from facility managers
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Figure5.23: Learned values for infiltration area and occupancgtop), including errormetrics (bottom).

5.6 Summary, conclusions and recommendations

To answer the research questions, we performed various activities:

- We developed a molar C£concentration balance model, which was implemented in GEKKO Python as
one ordinary differential equation, 7 intermediate variables, one control variableo@_ppm), one fixed
variable @A _inf_m2 ) and two manipulated variablesvalve frac_ 0 and occupancy__p ). We
made this implementation available under an open source license on GitHubMomes InverseGrey box
Modelling and Analysis Tools for Homes and Utility Building21/2023).

- We built a data collection system to measure most features via multiple ways, comprising:

a. an M5Stack Corelnk SCD41 GBdand occupancy me a s86 peerooenhrunnimge vi c e
open source firmware we developed ourselves and made available on GitHUtvgmes C@and
Bluetooth Occupancy Firmware for the M5Corelnk and SCQ4D21/2023), sending live data to
our Twomes open source AP| and database server;
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