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ARTICLE INFO ABSTRACT

Keywords: Increasing demands on indoor comfort in buildings and urgently needed energy efficiency mea-
Digital twin sures require optimised HVAC systems in buildings. To achieve this, more extensive and accurate
Model-based virtual sensors input data are required. This is difficult or impossible to accomplish with physical sensors. Virtual
Coupled real-time building simulation model sensors, in turn, can provide these data; however, current virtual sensors are either too slow or too

Building indoor comfort control inaccurate to do so. The aim of our research was to develop a novel digital-twin workflow

providing fast and accurate virtual sensors to solve this problem. To achieve a short calculation
time and accurate virtual measurement results, we coupled a fast building energy simulation and
an accurate computational fluid dynamics simulation. We used measurement data from a test
facility as boundary conditions for the models and managed the coupling workflow with a cus-
tomised simulation and data management interface. The corresponding simulation results were
extracted for the defined virtual sensors and validated with measurement data from the test fa-
cility. In summary, the results showed that the total computation time of the coupled simulation
was less than 10 min, compared to 20 h of the corresponding CFD models. At the same time, the
accuracy of the simulation over five consecutive days was at a mean absolute error of 0.35 K for
the indoor air temperature and at 1.2% for the relative humidity. This shows that the novel
coupled digital-twin workflow for virtual sensors is fast and accurate enough to optimise HVAC
control systems in buildings.

1. Introduction

Due to the increasing demands on thermal comfort as well as the rising temperatures caused by climate change, more and more
cooling systems are being installed in buildings. However, some of these systems often cause unpleasant side effects in human
perceived thermal comfort such as locally too low temperatures or drafts due to high air velocities. To combat climate change, the
additional COse emissions caused by these cooling systems must also be minimised as far as possible. To counter this, a precise control
of the room air conditioning system increases the thermal comfort in the building as well as raises its efficiency and thus lowers its
energy consumption and COse emissions.

Human perceived thermal comfort is an important aspect in building conditioning but is difficult to quantify objectively. This is due
to the fact that the comfort humans perceive is composed of a multitude of influence factors including subjective ones like personal
physique, activity, or clothing, and objective physical factors like air temperature, humidity, or airspeed [1]. Capturing the thermal
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comfort is an important prerequisite to control and optimise the room climate conditions so that high building energy efficiency and
high user comfort can be met at the same time [2]. On the one hand, building users should experience high thermal comfort and should
not be disturbed neither by clunky measurement equipment nor unsatisfactory comfort conditions. On the other hand, the building
energy efficiency needs to be raised to reduce COze emissions and meet energy reduction targets.

In order to meet these requirements, sophisticated control strategies and thus comprehensive information on the indoor conditions
are necessary. Collecting such comprehensive data in busy indoor spaces with physical sensors alone is a virtually impossible task. The
necessary sensors would fill the entire room and thus severely hinder the users and the resulting system costs would also be far too high
[3]. Furthermore, physical sensors suffer from outliers, failures, drift and offsets [4] and thus have a limited lifetime.

Therefore, attempts are being made to circumvent these problems with the use of virtual sensors [5]. Virtual sensors are part of
simulation models and can provide virtual measurement data from simulation results. Whereas physical measurement data is provided
by physical sensors and measurement systems in the real physical world. Virtual sensors, also referred to as soft sensors, are used as a
substitute for physical sensors due to reasons such as cost, harsh conditions, lacking availability of energy supplies, or practicability
[6]. They can provide a variety of measured variables such as temperature, irradiation, flow velocity, humidity or CO; concentration.
However, there is still a trade-off between accuracy and computation time of model-based virtual sensors when applied in compu-
tational fluid dynamics models [7].

The aim of this research work is to model fast and accurate virtual sensors which can capture the required comprehensive infor-
mation about the actual state of the indoor environment for improved control of the HVAC system in the building. To provide these
virtual sensors, we have created a novel model-based digital twin of the real physical building. The digital twin model is comprised of a
building energy simulation model (BES) coupled with a computational fluid dynamics model (CFD) of a physical test facility (test box).
We connected these models via a custom simulation control data interface (SCDI) built in Matlab. The physical sensors needed are
replaced by virtual sensors in the modelled environment of the test facility. We validated the output of the virtual sensors using the
comprehensive measurement data of the test facility. Standard measurement data of a building management system combined with
standard building boundary condition values (e.g., the overall heat transfer coefficient of walls and windows) are sufficient as input
boundary conditions for the simulation models (CFD and BES) of the digital twin. Other standard building boundary conditions such as
heat transfer coefficients which are not located in the BMS are applied automatically through the modelling software when building
the simulation model (in IDA ICE) or added with low manual effort when building the simulation model (Fluent). If the building is built
with state-of-the-art materials, standard values for the material properties can be used for the different models (CFD and BES). Thus,
the digital twin can be easily applied to state-of-the-art buildings. The simulation models used in the coupled simulation still have to be
built manually. Future research work can improve the workflow to higher degrees of automatization (e.g., BIM to SIM).

Additionally, we optimised the simulation runtime for a possible real-time control of the indoor climate. The SCDI is designed to be
connected to the control of the HVAC system of the testbed in order to receive information from both the physical and the virtual
sensors. Through this it is possible to develop and run an improved control strategy optimised for the thermal comfort and the effi-
ciency of the building.

1.1. Related work

Digital twins are designed to monitor and operate physical assets in real time. Although the concept first appeared in
manufacturing, it can be applied to various domains including building operation [8]. The potential application of digital twins in
building operation covers such diverse applications as energy [9], smart grids [10], construction monitoring and project management
[11], sustainability assessment [12], urban planning [13], maintenance [14], logistics and facilities management [9]. Similarly, the
scale of a Digital Twin can also vary considerably, reaching from an apartment up to complete districts [10].

While machine learning and data analytics are prominently used to create digital twins [8], simulation-based digital twins are also
described in the literature [9]. Vering et al. [14] show how a simulation-based digital twin can be used to determine the optimum of
energy consumption and total costs for air filter replacements. Zaballos et al. [15] combined wireless sensor networks with building
information modelling (BIM) to capture and monitor thermal, visual, acoustic, and air quality comfort. Zaballos et al. also highlight the
research need in the domain of digital twins applied to building engineering, especially when it comes to testing and smartness of the
digital twin. This is in line with other work pointing out research needs for the potential use of digital twins in optimisation [10], digital
twin business models [14] and general hurdles and success factors for future digital twin application in building engineering [9].

Virtual sensors are closely linked with digital twins since virtual sensors can interact with digital twins in two possible ways. Firstly,
a virtual sensor can receive its value from a digital twin. Secondly, when a virtual sensor receives data of physical sensors and generates
its value by manipulating them. Here the virtual sensor can feed its values to a digital twin. A digital twin is clearly required in the first
case but not necessarily in the second case, since the value from the virtual sensor can also be used in applications other than the digital
twin [5,6]. In any case, virtual sensors can play an important role for managing the thermal comfort in buildings. Ploennigs et al. [16]
use a thermal balancing model to create virtual temperature sensors and thus minimise the need for sensor equipment to control the
room temperatures and monitor comfort levels. A similar approach is used by Ran et al. [17] to create fast-responding virtual sensors
for water flows used as control input in HVAC system. Various models can be used to create virtual sensors. Alonso et al. [18] compare
the suitability of different models for virtual sensors describing the cooling and efficiency of chillers in HVAC systems. While machine
learning approaches dominate the virtual sensor work, simulation can also be used [19]. Galvez et al. [20] use simulation-based virtual
sensors to generate data for the training, validation and test of data-driven models to detect degradation of air filters in vehicles. A
prominent application for virtual sensors is the estimation of the occupation level in rooms. Since it is often not feasible to directly
count people entering or exiting the rooms, other data sources are used like WiFi signals [21], calendar and interaction monitoring
[22] or combinations of multiple sources [23].
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When creating a digital twin, its different parts, e.g., different simulation models, virtual or real sensor data, etc. need to be coupled
together. In general, coupling methods can be divided into the coupling of BES and CFD simulation models and the coupling of
simulation models with MS or data management system (DMS). A comprehensive literature review of all possible coupling mechanisms
of BES and CFD models is presented by Tian et al. [24]. It presents a wide range of different applications using combinations of
coupling methods like internal and external coupling or one-way, two-way, static or dynamic data transfer. Barbason & Reiter [25]
present the application of coupling BES and CFD to improve overheating prediction in a two-storey building in Belgium. In the study of
Fan and Ito [26] the main objective was to analyse the energy conversion performance of a real office space with the help of a coupled
CFD-BES simulation. In addition, the control of HVAC systems can be based on simulation results, so-called model-based control [27].
Du et al. [28] optimise the placement of physical temperature sensors, which are integrated in the HVAC control terminal, on the basis
of a coupled BES and CFD simulation. There is little literature available on the coupling between simulation tools and MS/DMS,
especially when both BES and CFD simulation tools are involved. This method, also known as hardware-in-the-loop (HIL), is mainly
used for laboratory experiments in which simulation models or software create specific, sometimes dynamic, boundary conditions,
requirements and loads for the hardware implemented in the loop [29,30].

2. Methods

In this section we detail how we modelled a digital twin of a test facility located at the campus of Graz University of Technology (TU
Graz). First, we present the logic developed for coupling the different parts of the digital twin. We then provide details on the test
facility which is comprised of two small office rooms. These house an extensive sensor mesh for measuring their thermal behaviour and
enabling the analysis of thermal comfort for the indoor environment. Furthermore, we present the BES model built using the building
simulation software IDA ICE, plus a detailed CFD model built using ANSYS Fluent. These model components are connected by a custom
SCDI we developed in Matlab, which is presented at the end of this section.

2.1. Overview on the coupling procedure

A description and overview on the procedure of the simulation coupling is presented here. Fig. 1 shows a schematic of the com-
ponents used and described above together with a description of how they are connected in the coupling mechanism.

There are three basic levels in which the components are situated. The data collection level is comprised of the measurement system
(MS) and the data management system (DMS). The components of this level collect data from the real-world sensors located at the test
boxes as well as from virtual sensors in the simulation tools. The data is collected in different resolution qualities and time spans. The
simulation data is collected in two matrices, a BES matrix and a CFD matrix, and stored in the DMS. The data collection level is building
the bridge between the real-world environment, the test boxes, and the virtual environment, the software tools in the simulation and
data analysis level.

The simulation and data analysis level forms the core of the coupling methodology with the SCDI as central control and connection
interface. It collects and transfers needed data from the data collection level to the simulation tools and back to the data storage in the
DMS. The SCDI also calculates the relevant boundary condition values for the BES and CFD models based in the measurement data.
Furthermore, the SCDI's algorithm calls the simulation tools and starts simulation runs with the appropriate models and boundary
conditions. After either CFD and BES simulation runs have finished, respectively, the SCDI is collecting the result data and calculates
further result values based on the simulation results. In the end it is transferring all data to the DMS’s data storage.

The third level is the building control level. At this time, a deeper investigation on this topic has to be left to future investigations.
But basic research and first data transfer tests were done. The building control system (BCS) can be fed with real-time information
directly from the MS, BES and CFD via the SCDI. Conversely, it can be connected to the DMS data storage to receive historical data also.

Data collection level

Data
Measurement

Management
Sypiem () System (DMS)
(11)

Simulation and data analysis level

& (4)S|mu|at|on (7)&»
Building Energy a——— Computational
Simulation e Fluid Dynamics
M | (CFD
Model (BES) T (SCDI) (10) 47 odel (CFD)
Building control level (12)
v v

Building Control
System (BCS)

Fig. 1. Schematic of the coupled simulation model of the test boxes at Graz, University of Technology.
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Fig. 1 also shows the individual steps of the methodology in hierarchical order of the coupling procedure. Which are.

(1) Measurement data transfer from MS to DMS (45 parameters, mean values, historical)
(2) Measurement data transfer from DMS to SCDI (8 parameters, mean values, historical)
(3) Measurement data transfer from MS to SCDI (8 parameters, high resolution values, real-time)
(4) Preparation for the BES simulation and BES iteration loop
(5) Data transfer from SCDI to BES (8 parameters from (2) or (3))
(6) Data transfer from BES to SCDI (21 parameters)
(7) Preparation for the CFD simulation and CFD iteration loop
(8) Data transfer from SCDI to CFD (21 parameters from BES + 8 parameters from MS)
(9) Data transfer from CFD to SCDI (42 parameters)

(10) Data post-processing for thermal comfort ratings according to Fanger [31].

(11) Data transfer from the SCDI to the DMS (42 + 32 = 74 parameters)

(12) Orders to the BCS

2.2. Test facility at Graz University of Technology

The test facility used in the presented research work is comprised of two outdoor test boxes at Graz University of Technology
(shown in Fig. 2), which are located at the Campus Inffeld in Graz, Austria (47.057 North 15.456 East). The energy provision system
and the central PLC (programmable logic controller) for the test bed is placed inside a container next to the test boxes.

The test facility was developed in a previous project (MPC-Boxes [32]) to investigate a model predictive control (MPC) strategy for
heating and cooling and to compare it to a conventional control system [33].

The test boxes with the facade containing the windows and photovoltaics are oriented to the south. The two boxes are symmetrical
and positioned side by side. Each box has the dimensions of 3.2 x 4.2 x 2.3 m. In the north wall a door with a window is integrated. The
window as well as the door are built of a polystyrene frame and double glazing. Both test boxes are equipped with an air-handling unit
with integrated electric heating coil (1-fold air exchange rate of 30 m®/h). Test box east is also equipped with a fan coil AC unit to
investigate the cooling effect in comparison with the uncooled test box west. A “thermal dummy”, an ideal heat and radiation emitter
containing of an electric heated metal barrel painted in black is simulating the sum of internal thermal gains of two persons and
appropriate computer equipment. This reflects a small office room with a thermal load of 300 W. Both the ventilation system as well as
the “thermal dummy” are active from Monday to Friday between 8:00 and 16:00 o’clock while the heating and cooling system is
always on. Test box east is conditioned with a decentralized, energy autarky heating and cooling device, which was developed in the
previous project “Coolskin” [34]. A photovoltaic plant installed at the south facade of both test boxes provides electricity for operating
the air source heat pump system. Results from this research project are published in the article of Brothaler et al. [35].

The test boxes are equipped with a comprehensive measurement system (MS). The MS contains about 100 measurement sensors
with a sampling interval of 1 min. They measure air and wall temperatures as well as humidity at different positions at the interior
spaces, walls, ceiling and floor. Table 1 shows the measuring range and measurement uncertainty of the used sensors for temperature
and relative humidity.

About half of these measurement points are relevant for the present study and are therefore transferred to the DMS data man-
agement system. The data is sent to the DMS as a batch once per day and persistently stored to create long-term time series data. The
parameters required for real-time simulation are imported directly from the MS into the SCDI.

The DMS is the central data exchange system in this investigation collecting all relevant monitored and calculated data. Historical
data can be taken from the data storage in order to perform simulations used for the model validation. The DMS storage contains data
from 2018 to 2021 and is comprised of four main components. The two central components are the time series database InfluxDB and
the document storage ArangoDB. While InfluxDB stores the measurement data, ArangoDB holds meta data including measurement
unit, location and description information. The two other components are the so-called Bridge and the WebService. Incoming data
from sensors, controllers and simulations is collected by the Bridge, reorganised to fit the data model and stored in InfluxDB and
ArangoDB, respectively. The WebService provides a web-based human user interface and an interface for the BES and CFD to query

Fig. 2. Test facility at the TU Graz, Campus Inffeldgasse.
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Table 1

Properties of the measuring sensors used in the MS.
Measurand Type Class Range maximum deviation §T(T)
Temperature Thermocouple Type T 1 —40°C ... +125°C +0,5 K + 0,004 o |T|
Temperature Resistance temperature sensor A —40 °C ... +500 °C +0,15 K + 0,0017 o |T|
Operative temperature Resistance temperature sensor B -30°C ... +70°C +0,2K + 0,002 o |T|
Humidity Capacitive humidity sensor - —10% ... 90% +2%

data. Bridge and WebService hide the fact that the data and metadata is stored separately in InfluxDB and ArangoDB by providing
common input and output interfaces.

2.3. Building energy simulation model

The building energy simulation (BES) model presented in this paper is developed using the building energy simulation platform IDA
ICE. The test boxes are modelled with inputs about dimensions, construction materials and map orientation. The appropriate thickness
and thermal properties of the layer materials of walls, floor and ceiling are used. Also, the size, positioning and materials of windows
and doors are implemented. The model additionally contains all the shading relevant objects like building integrated photovoltaic
modules (BIPV) and the supply container. The fan coil unit in test box east is considered for room air conditioning and implemented in
the model. Furthermore, the ventilation system in the BES model is designed to be switched on and off with the help of the SCDI.

The weather profile used in the model is the in IDA ICE provided data for the location Graz-Thalerhof-Flug_112400 (ASHRAE 2013)
in the corresponding simulation period 2017 and 2018 [36]. For the wind profile the exposure type ‘default urban’ is used as there are
more buildings in the surrounding area of the test boxes. The infiltration rate of the model was set by results of a blower door test
according to EN13829. According to this data a wind-driven-flow model with an air tightness of 1.51 ACH (air changes hour) at 50 Pa
pressure difference was used. The thermal bridges were calculated for walls, outside corners, ceiling grid, ground and windows. This
resulted in a reduction of the overall U-value of the envelope area of 0.088247 W/m?K and was implemented in the model.

For the climate boundary conditions, measurement data was inserted into the model via a climate data file. On-site measurement of
outdoor climate conditions at the test boxes was used as boundary conditions in the simulation. The parameters used in the climate file
were dry-bulb temperature, relative humidity of air, direct radiation, diffuse radiation on horizontal surface, wind speed (x-component
and y-component) and cloudiness.

The BES model schematic is presented in Fig. 3. The ventilation model is framed in green, the plant model in red, the zone model of
test box east in blue and of test box west in yellow. Both zone models are connected to the plant model as energy source for thermal
conditioning. Both are also connected to the ventilation model for modelling the air exchange. The zone model of the test box east is
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Fig. 3. Snapshot of the BES model schematics.
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equipped with one fan coil system for heating and one for cooling. The thermal conditioning is turned off for test box west, only the
ventilation model is turned on to account for the absence of the fan coil unit.

The BES model contains one virtual sensor per text box representing the behaviour of the interior average air volume. The following
values from the virtual sensors are sent via the Matlab interface to the DMS.

e Air temperature (°C)

e Operative temperature (°C)

e Fanger’s comfort indices Predictive Mean Vote (PMV) (—) and Predicted Percentage of Dissatisfied (PPD) (%) [31].
o Relative humidity (%)

e Heat (W) from walls, equipment, occupants, heating/cooling, windows, air flows and solar radiation

e Ventilation mass flow rate (kg/s), supply and return temperature (°C)

e Direct and diffusive solar radiation (W/mz), exterior temperature (°C) and humidity (%)

2.4. Computational fluid dynamics simulation models

The software tool ANSYS is used for modelling, meshing, simulation and post-processing of the CFD simulation process. The
simulation is performed with the software Fluent ANSYS 19.2. The detailed mathematical description of the below-named model
parameters and equations can be found in the ANSYS Theory/User Guide [37]. A “pressure-based” type of solver is used for all
simulations, the “gravity force” is activated together with the “energy equation”. The fluid involved is set as “incompressible ideal gas”
to allow the influence of thermal buoyancy effects leading to natural convection. For the description of the flow characteristic the
k-model is the most suitable model approach. This is confirmed by a number of varied studies e. g., Refs. [38-40]. The “standard wall
function” is used in order to avoid an excessively large number of cells in the model, the additional option of including “full buoyancy
effects” is activated. The less time-consuming “S2S” radiation model is used while the impact of solar radiation is considered with the
help of the solar calculator embedded in the Fluent software using a simple solar load model. For the comparison between simulation
results and measured data an “implicit transient” solving algorithm is used.

The simulation model is also equipped with the “species transport” model allowing the composition of different fluids in the
simulation and an interaction between them. In this case the fluid consists of nitrogen (N2), oxygen (O3) and water vapour (H20). If
necessary, the fluid mixture can be extended with carbon dioxide (CO). Then, in combination with the “particle tracking” model
embedded in the Fluent software, the detailed carbon dioxide concentration can be calculated.

The CFD models require the enclosing temperatures (or heat fluxes), the internal thermal gains (occupants, solar radiation,
heating/cooling system, computer, screens, etc.), ventilation in- and outlets (opened window, fan coil, leaks, etc.), water vapour
sources and alternatively carbon dioxide sources as its boundary conditions. To reduce the calculation duration, the enclosing walls of
the room are defined as a virtual layer in accordance with the material data of the test boxes.

A three-dimensional view of the simulation model created for test box east with an illustration of the surface mesh cells as well as a
view inside the interior is presented in Fig. 4. Generally, both test box models are similar (symmetric) except for the fan coil inlets and
outlets which do not exist in test box west. The mesh of test box west contains 0.76 million cells, test box east has many more cells with
2.37 million due to the cell refinement of the region around the fan coil inlet. The model contains the whole interior air space; the walls
and windows etc. are all composed as virtual layers with the input of the material properties (specific heat capacity, thermal con-
ductivity, density) and the layer thickness. The measured exterior temperature is used as the exterior boundary together with a heat
transfer coefficient of 25 W/m?K. The construction of the south facade-integrated heat pump system is not considered in the CFD model
because the impact on the heat transfer between interior and exterior can be neglected. The solar radiation can be set as a boundary
condition in the form of a surface heat flux, which is determined cell-wise with the in the Fluent software integrated “solar calculator”.

A mass flow inlet is defined for the fan coil as well as for the ventilation system. During the simulation the volume flow rate of both
the fan coil (264 m®/h) and the ventilation system (30 m3/h) are set as constant. While the measured exterior temperature is set as inlet
temperature for the ventilation system, an averaged air inlet temperature for each cooling period is set as boundary condition for the
fan coil cooling device.

In order to cover all possible operating modes in the CFD simulation, six different CFD models are provided for the coupling and the

Test Box East Ventilation outlet
Control cabinet

Ceiling

South interior wall

Ventilation inlet Simulated heat load

Fig. 4. CFD mesh of the test box east at TU Graz, Inffeldgasse campus.
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SCDI decides which one is used at any time. Two different CFD models are provided for test box west, one has an active and the other
one has an inactive ventilation. Four different CFD models have to be provided for test box west due to the integrated fan coil unit. This
results in four different possible fluid flow states where the ventilation and the fan coil are either on or off. Despite the fact that one
model per test box would suffice in theory, there are two reasons for the CFD model subdivision. Firstly, to avoid complications by
automatically changing the boundary type from a mass-flow-inlet and pressure-outlet to a standard wall through the SCDI. Secondly, to
optimise the number of cells in the model and thus shorten the duration of the CFD simulation. The smallest model, test box west
ventilation off, contains about 200,000 cells. The largest model, test box east ventilation on and fan coil on, contains about 1,620,000
cells.

2.4.1. Virtual sensors in the CFD model

The virtual sensors defined in the CFD model are illustrated in Fig. 5. In this figure, only the defined virtual sensors of test box east
are shown, since the same number and the same position of sensors have been defined in test box west. In the top figure a 3D view of the
CFD model with a view into the interior of the room is shown. The contours of the surface temperature are plotted on the surfaces of the
room. The flow vectors of the air flow velocity of the fluid dynamics simulation are also shown additionally. The fan coil and
ventilation system fans create a clear flow from their outlets towards the centre of the room. A strong flow can also be seen around the
ventilation outlet. Furthermore, the internal thermal gains (thermal dummy) generate a small natural convection flow from the centre
of the room towards the ceiling. The four virtual sensors used in the investigation are depicted in white spheres. The sensors are placed
at a distance of 1.25 m from the floor and in a circle with an 0.8 m diameter around the internal gains source. This can also be seen in
the bottom left and in the right figure where the top and the side view of the CFD model are shown, respectively.

The small image on the top right in Fig. 5 shows a view into the real test box east interior towards the south wall, with the thermal
gain dummy as black barrel standing upright in the middle of the room and the globe sensors hanging from the ceiling around it. The
“XX” in the sensor ID is to be replaced by a parameter similar to air temperature (T-air), humidity (Hum) and the operative temperature
(T-op). The “E” stands for test box east and the “N” or “S” stand for sensor position north or south. The transfer of data from the CFD
simulation to the interface takes place in the form of text files.

The following values are extracted for each virtual sensor.

e Air temperature, (°C)

e Air flow velocity, (m/s)
e Relative humidity, (%)

e Turbulence intensity, (%)
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In addition, the overall value for each test box of.

e Maximum air temperature, (°C)

e Minimum air temperature, (°C)

Maximum flow velocity, (m/s)

Maximum relative humidity, (%)

Average surface temperature of the room enclosure surfaces, (°C)

are extracted from the CFD simulation results. These are in total 42 parameters per simulated time step, which are transferred from
the CFD simulation to the SCDI interface. The results from the CFD simulation are then processed in the SCDI interface and the
following comfort parameters are determined for each virtual sensor.

PMV, (-)

PPD, (%)

Draught rate, (%)
Operative temperature, (°C)

2.5. Simulation control data interface

To collect the measurement data and to manage the entire simulation process, a simulation data interface (SCDI) was developed
using the software Matlab (version R2015b, 32 bit). Two different scripts serve as SCDI for producing either the actual interior thermal
conditions for both test boxes or to calculate time series describing historical measurement data. Air temperature, solar radiation and
humidity are part of the boundary conditions of the BES and are set by the SCDI. To calculate the exterior air temperature, solar
radiation and humidity the values of four exterior surface temperature sensors and two interior sensors are used.

o Exterior air temperature: The exterior air temperature is determined by the arithmetic mean value of the two exterior surface
temperature sensors mounted on the fully shaded north walls.

Exterior humidity: The exterior humidity is calculated based on the exterior air temperature, the interior air temperature and the
interior humidity. The interior humidity is multiplied with the ratio of the interior and exterior saturation vapour pressure. The
interior and exterior saturation vapour pressure is calculated using the Magnus equation, see eq. (1).

(€Y

17.62 T
243.12xT

p3:6]1.2*exp<

Solar radiation: The solar radiation is calculated with the help of two exterior surface temperature sensors per box. One of these
two sensors per box is positioned at the roof of the test box and measures the temperature of a horizontal black surface fully exposed
to the sun. The second sensor is installed at the vertical north oriented and fully shaded wall of the test box. Under consideration of
the convective thermal losses, the global horizontal solar radiation is calculated with the help of the Stefan-Boltzmann equation.
Finally, the solar radiation is divided into direct and diffuse radiation in a ratio of 3:1. The solar radiation calculation was validated
with pyranometer data from a nearby professional weather station run by the Austrian weather service ZAMG [41].

The wind speed is calculated by the IDA ICE model using the available climate measurement data (here Graz Thalerhof in 2017 and
2018) in combination with the settings for the wind profile of the respective site (here default urban). The atmospheric pressure in all
BES and CFD simulations is kept constant at a value of 101325 Pa. The influence of pressure differences on the simulation results is
estimated to be negligible. After the boundary condition values are calculated the SCDI starts the BES simulation. When the BES
simulation is completed all the results are handed over to the SCDI in form of data arrays to provide the requested boundary conditions
of the CFD model. They are stored in the BES result matrix produced during the BES iteration loop.

After the BES is completed the SCDI prepares the CFD model. This can be set to either a single simulation run, describing on moment
in time, or to a defined simulation describing a time series. In any case, the SCDI selects the correct CFD model, starts the CFD software
via a batch file and gives the commands to set up the simulation correctly. The CFD simulation provides the requested simulation
results to the SCDI for the final data processing. This exchange is realized by different text files, so called Journal Files, containing the
commands which are read and executed line by line in the CFD software.

The CFD models need the same 8 boundary conditions parameters from the MS and the DMS as the BES. Additionally, the CFD
model uses 21 parameters which are calculated by the BES simulation. These parameters are either used to be set directly or for the
determination of the remaining required boundary conditions. The boundary conditions for the CFD simulation are.

e Surface heat fluxes: The six main interior surfaces, the floor, ceiling, north, east, south and west wall of the CFD model receive the
heat flux from the BES results matrix.

e Indoor air temperature: The indoor air temperature determined by the BES model is used as a boundary condition and for
initialization of the start conditions in the CFD model.

e Ventilation mass-flow rate: The mass flow rates of both test boxes are exported from the BES results matrix and are set as
boundary conditions in the CFD simulation.
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e Mass fractions of substances in the air: The mass fractions for water vapour, oxygen, nitrogen and carbon dioxide of the air
mixture are calculated with the help of parameters from the DMS and MS. They are set as boundary conditions at the ventilation
inlet and for the initialization of the interior air zones.

o Exterior heat transfer coefficient: A constant heat transfer coefficient and the exterior temperature are used as boundary con-
ditions at the window panes.

o Internal thermal gains: The internal thermal gains are turned on and off according to the BES result matrix.

e Fan coil parameter: The mass flow rate and the inlet temperature for the fan coil installed in test box east are also content of the
BES result matrix.

After the CFD simulation for a single time step is finished all requested virtual sensor data are transferred to the SCDI and the
thermal indoor comfort is determined. Therefore, sub programs in the SCDI calculate the thermal indoor comfort ratings PMV, PPD and
Draught Rate (DR) for the virtual sensors defined in the CFD models.

Before starting the CFD simulation for the next time step, all requested results, like the virtual sensor data, are added to a CFD result
matrix. The automatic transfer of the data to the DMS is not implemented in the current state of the SCDI but it will be possible to
implement it in future. Example time series of the virtual sensor data were implemented in the DMS to test this data flow. Additionally,
it is also possible to run only the BES iteration loop without any CFD simulation, if there is a demand to analyse the impact of pa-
rameters which are only relevant for the BES model.

3. Results & discussion

With the digital twin’s workflow in place and ready to go, we validated the quality of the coupled simulation model based on the
measurement data of the test facility. First, we calculated individual time points that show certain climate characteristics such as low or
high temperatures or high solar radiation. In a second step we calculated a time series of 5 consecutive days for the virtual sensors with
a simulation timestep of 10 min. Subsequently, we compared these results to the measurement data. One time step of the HVAC
controls measuring system used in the test boxes described here is 15 min. Thus, the control receives new and updated data every 15
min and uses this data to control the HVAC system. If the simulation results of the virtual sensors are available within this timespan,
they can be used by the HVAC control system in the same way as the measurement data of the real, physical sensors. The outcomes
show that in the coupled simulation the runtime for one virtual timestep of the HVAC control system could be reduced from around 20
h to less than 10 min. Therefore, the results of our coupled simulation can be used in the HVAC control system. At the same time,
amongst others, the accuracy of the simulated room air temperature over 5 consecutive days lies at a mean absolute error of 0.4 K.
These outcomes demonstrate that our novel design of the virtual sensors is fast and accurate enough to implement them into the control
of HVAC systems and thus improve the indoor comfort and efficiency of buildings.

Table 2
Deviation between simulated and measured values of 9 different time points during the observed time series from 1st of Mai to July 31, 2020; deviations depicted in
colours, bars and numbers; green low, red and magenta high.
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3.1. Validation of the coupled simulation workflow

3.1.1. Calculation of single time points

In the first step of the validation, we analysed nine single time points at specific dates between 1st of Mai and July 31, 2020. Three
distinctive states of the outdoor conditions within the test period are used for this. Firstly, the lowest outdoor air temperature (6th, 7th
and 31st of Mai at 04:00 o’clock), followed by the strongest global solar radiation (2nd, 13th and 22nd of June at 12:00 o’clock) and
finally the highest outdoor air temperature (28th of June, 10th and 28th of July at 14:00 o’clock).

In the test, the coupled simulation procedure is carried out as described above for the respective day from 0 h to 24 h. The respective
data (temperature, radiation, humidity, etc.) from the measurement data recording are used as start boundary conditions. The sensors
considered are those for each test box located north and south of the internal thermal gain (see also Fig. 5). The deviations are
calculated from simulated minus measured values of the sensors and are summarised in Table 2.

The deviation of the relative humidity of each sensor is coloured from green (low, 0 K) to magenta (high, +5 K). And the deviation
of the room air temperature and the operative room temperature are coloured from green (low, 0 K) to red (high, +2.2 K). Addi-
tionally, the deviations are also depicted in bars and in numbers. According to Table 1, the minimum measurement uncertainty of the
temperature sensors is at 0,15 K. With the additional error of the measuring chain the measurement uncertainty of the temperature
measurement is at £0,3 K. For the relative humidity the measurement uncertainty of the sensor including the measuring chain is at
+2%. Therefore, all results residing in the range of the measurement uncertainty can be seen as very satisfying. Especially for times
with low ambient temperatures and no solar radiation the model fits very well to the measured values. At the same time, two days in
test box west (13th and 28th of June) and three days in test box east (13th and 28th of June, 28th of July) stand out where the deviation
between the model and the measurement is high. The three days with lowest external temperature (6th, 7th and 31st of May) show
very satisfying results. The maximum deviation of the indoor air temperature is —0.2 K. The operative indoor temperature, which
combines radiation and convection heat transfer, also shows a very small deviation of max. 0.4 K. With a deviation of max. —1.5% the
simulation result of the indoor humidity is also very close to measured value in the test box. The day with maximum deviations is the
13th of June at 12:00 noon with a global radiation of 942 W/m? and an outdoor temperature of 27.8 °C. The indoor air temperature
shows a deviation of —1.9 K and the operative indoor temperature —2.2 K. The relative humidity shows a deviation of 5%.

In the simulation model, the calculated room air temperature is an input variable for the calculation of the operative temperature
and the relative humidity. A deviation in the room air temperature thus affects both the operative temperature and the relative hu-
midity results. As a result, the deviation of all values for this time point are influenced.

Additionally, we took a closer look at the measured values to double check for errors. There is measurement data from a nearby
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Fig. 6. test box east; Comparison between measurement data from the DMS and simulation results from the BES and the virtual sensor (CFD) from 29.06. to
04.07.2020; top: indoor air temperature, middle: indoor operative temperature, bottom: indoor relative humidity; dotted line: measurement data from DMS, dashed
line: simulation data from BES; solid line: simulation data from the virtual sensor (CFD).
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meteorological weather station run by the Austrian Central Institute for Meteorology and Geodynamics (ZAMG) available [41]. The
measurements of the outdoor temperature for the two test boxes show a clear and repetitive deviation from the ZAMG data. This is
especially the case in times with a high level of direct solar radiation (13th and 28th of June). This indicates that the outdoor tem-
perature sensor is affected by reflections of direct solar radiation and is therefore giving readings that are too high. Since the measured
outdoor temperature and the resulting relative humidity of the outdoor air are input variables for the building simulation model,
deviations in the simulation results also follow from this. We also realized that the 13th of June was a Saturday and the 28th of June a
Sunday. On weekends, the thermal dummy and the ventilation system in the test boxes are switched off. At this stage of the experi-
mental tests, we had not yet implemented the weekends in the simulation model and thus the wrong simulation model was used. This
contributes to the observed deviations on these two days. In addition, we found that the cooling system in test box east had an error on
the 21st of July and was not functional on the 28th of July. The simulation model used thus did not match the real condition of test box
east and also contributed to the deviations.

3.1.2. Calculation of time series

In the second step of the model validation, we used the coupled simulation to calculate a time series for the virtual sensors of the test
boxes (see also Fig. 5) from 29th of June until July 4, 2020. The simulation time step was set to 10 min, so that the results represent a
snapshot of the indoor situation at 10-min intervals. We then compared the results again with the measured values over the same
period of time.

Fig. 6 shows the comparison for the test box east. The diagrams depict the comparison between the measured values stored in the
DMS, the simulated values of the BES and the final simulation values of the virtual sensors (CFD). Values from the DMS are drawn in
dotted lines, BES in dashed lines and CFD in solid lines. The top graph shows the indoor air temperature (red), the middle graph shows
the indoor operative temperature (green), and the lower graph shows the indoor relative humidity (magenta).

In general, the virtual sensors show very solid results. Both those sections with good correlation and some sections with an average
correlation can be observed. In the timespan from about 16:00 h in the evening to about 8:00 in the morning on each day, the output of
the virtual sensors fit very well to the measurement data. During these times, the influences of solar radiation and the outside air
temperature are low. On days with high solar radiation levels, i.e., around 900 W/m?, and a simultaneously high proportion of direct
solar radiation (01.07. & 02.07.) the BES model predicts indoor air temperature values that are too high. This results from the problem
of the incorrect outdoor temperature measurements described previously and thus of surface heat fluxes from outside into the test
boxes that are calculated too high. At times with medium solar radiation, i.e., around 500 W/m?, and a high share of diffuse solar
radiation (03.07. 08:00 to 17:00) the BES model predicts values that are too low. In the boundary conditions assumptions, the ratio of
direct to diffuse radiation was set to 3:1. In times with a high proportion of diffuse radiation, this leads to an underestimation of the
surface heat flux through those walls that are not directly oriented towards the sun. As a result, the room air temperatures are
calculated too low.

In times when the ventilation system is switched on and off the CFD model is changed from the simple model without airflow to the
model with ventilation air flow. The model change can be clearly seen in a sharp jump of the indoor air temperature curve at the
corresponding times of the day. After a steep rise in the morning, the model changes, which also corresponds very well with the
measured values. Subsequently, the simulated indoor air temperature at some time points no longer corresponds optimally to the
measured data. Hence, it can be concluded that the air exchange rate in the simulation model with ventilation mass flow was not
correctly estimated. The indoor operative temperature profiles show a fairly similar behaviour to the indoor air temperature profiles.
Since the indoor air temperature and the indoor operative temperature are directly connected, the behaviour of the models described
above is also reflected in the course of the indoor operative temperature. The same applies to the indoor relative humidity, but here the
CFD model shows better results than the BES model in most cases.

In addition, the improvement from BES to CFD results is clearly visible. With a more complex air flow situation, the advantages of
the CFD model are apparent. There are still sections with a higher deviation, like on 3rd of July between 07:00 h and 12:00 noon. Here
the CFD model with activated ventilation system but deactivated air conditioning is used. In contrast, the model with active ventilation
and air conditioning systems produces very satisfying results. This was the case for example on 30th of June from 10:30 until 15:00 h.
At times when only the air conditioning is on but the ventilation system is off the results are also very good. This can be seen on 1st of
July between 14:00 and 17:00. In these cases, the BES model is clearly at a disadvantage and shows considerable deviations from the
measured values.

Table 3

Statistical analysis of the calculated time series for both test boxes and two sensors of each test box (north and south);
maximum absolute error, mean absolute error and root mean squared error for the deviations between virtual sensor and
measured values of indoor air temperature, indoor operative temperature and indoor relative humidity.

Test Box West Test Box East
T-air [K] T-op [K] rel. Hum [%] T-air [K] T-op [K] rel. Hum [%]
North  South | North South North South North South North South = North South
Maximum Absolute Error 1.4 F1%C) 2.0 2.0 4.0 5.4 .5 a2 11 1.0 4.1 SIS
Mean Absolute Error 0.4 0.4 0.4 0.5 0.8 1.4 0.3 0.3 0.5 0.6 iL{0) 1.6
Root Mean Squared Error 0.5 055 0.7 @7 2 1.8 0.5 0.4 0.7 0.8 13 2.0

11



H. Edtmayer et al. Journal of Building Engineering 67 (2023) 106040

The curve for the operative indoor temperature is of course again very similar to that of the indoor air temperature. The results for
the indoor relative humidity also fit the measured values very well. The advantages of the CFD model with species transport are clearly
visible. It reproduces fluctuating humidity levels clearly better than the BES model.

Table 3 shows a statistical analysis of the above-described deviations for the calculated time series. Here the maximum absolute
error, the mean absolute error and the root mean squared error are summarised for both test boxes, all compared values and two
sensors (North and South, see also Fig. 5) of each test box.

The maximum absolute error of the indoor air temperature is 1.9 K in test box west and therefore slightly higher than the 1.5 K in
test box east. Also, the mean absolute error and the root mean squared error are slightly higher. This trend is also reflected in the values
of indoor operative temperature and indoor relative humidity. We were already able to see this in the discussion of the graphs above.
The root mean squared error weights the outliers more heavily and therefore shows slightly higher numbers than the mean absolute
error. But from the fact that the numbers of both statistical KPIs are not far from each other we can see that there are not too may
outliers in the deviations.

In general, the numbers of the Mean Absolute Error show very satisfying results. Also, the maximum absolute errors of all values are
still acceptable, with good results especially for the test box east. This shows that the coupled simulation model with virtual sensors is
working very well and can already be integrated in the HVAC control of buildings in future research work.

On examining the validation outcomes, we can identify the main causes for the deviations between virtual sensors and measured
values. The outdoor air temperature sensors are influenced by direct solar radiation. Thus, the too high sensor readings for the outdoor
air temperature lead to subsequent errors in the simulation models. Furthermore, the wrong boundary condition assumption for the
ventilation system causes additional deviations. Thus, it can be said that the general quality of the coupled simulation model is very
satisfactory. The deviations that occurred in this analysis can be significantly reduced by appropriate system corrections in future
research work.

3.2. Simulation model runtime

By coupling the BES with the CFD model, simplifications can be made in the CFD model and thus the calculation time can be
noticeably reduced. In previous CFD models, it was necessary to consider not only the air space but also all solid components as zones
to be able to correctly simulate all transient heating and cooling processes [40,42]. The calculation of the transient processes was
therefore always associated with long calculation times. Several hours were needed to simulate the transient thermal behaviour for a
room zone of the size considered in this project. Depending on the size of the model or the number of grid cells, up to 20 h on a
computer with an Intel Pentium i7 core processor with 6 physical cores were needed. Through the coupling, all transient thermal
processes in the solid components are outsourced to the BES and no longer must be considered in the CFD simulation. As a result, only
the room air zone remains as the single calculation volume and the calculation runtime of the CFD model can be significantly reduced
to about 5-8 min, depending on the number of cells. The simulation runtime of the BES model lies at under 1 min. The total runtime of
the coupled simulation model is thus less than 10 min. It follows that only the coupling between CFD and BES model shown here allows
a simulation in real time with a conventional, state-of-the-art PC. This enables the newly developed virtual sensors to be integrated into
the control of ventilation and air-conditioning systems of buildings.

3.3. Discussion and limitations

These results show a satisfactory model quality of the digital twin. The simulation runtime for one timestep can be reduced from
around 20 h [40] to less than 10 min. Compared to that, the time step of the test buildings HVAC system lies at 15 min and therefore,
the real-time requirement is fulfilled. At the same time, amongst other results, the average accuracy of the simulation over 5
consecutive days for all four virtual sensors lies at a mean absolute error of 0.35 K for the room air temperature and at 1.2% for the
relative humidity. These outcomes demonstrate that this design of virtual sensors solve the trade-off problem between accuracy and
computation time of model-based virtual sensors when applied in CFD models [5,7,24]. According to Refs. [27,28] this is fast and
accurate enough to be implemented into the control of HVAC systems and thus to improve the indoor comfort and efficiency of
buildings.

Nevertheless, we can also see two main points for further improvement in the results of the coupled simulation. Firstly, the quality
of the sensor readings is highly dependent on the sensor positioning. In our case, the outdoor air temperature sensor was influenced by
direct solar radiation. And secondly, the information about the ventilation systems volume flow and switching times gathered from a
previous research project was wrong. The boundary conditions for the simulation were thus not set correctly. These input errors led to
subsequent errors in the simulation models. From this we conclude that the used sensors and input variables should always be checked
single-handedly for correctness and quality. Also, the assumed fraction of direct to diffusive solar radiation is a relatively rough es-
timate and caused deviations in the simulation results. Although the deviations were acceptable more detailed information about the
solar radiation and its components would improve the output. An ordinary and in many cases freely available data feed from a nearby
professional weather station, such as we used to double-check our sensors, would already be sufficient for this.

4. Conclusion

The aim of this research work was to develop a novel coupled simulation workflow for a digital twin with real-time, high accuracy
virtual sensors. We can state that the virtual sensors are sufficiently fast and accurate to be implemented in the HVAC control of the test
buildings used in the study.

One simulation run of the BES model lasts less than 1 min and one run of the most complex CFD model less than 8 min. This results
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in a maximum simulation duration of under 10 min. This includes collecting data from the measurement system, starting the various
simulation models and processing all the data using Matlab scripts. Compared to that, the time step of the test buildings HVAC system
lies at 15 min. Therefore, the real-time requirement for the virtual sensors is fulfilled. In the validation with the measurement data of
the test buildings the simulation results showed satisfying quality. The results of the virtual sensors over 5 consecutive days lie at a
mean absolute error of 0.35 K for the room air temperature and at 1.2% for the relative humidity. Furthermore, the study showed the
advantages of the CFD model in situations with more complex flow situations characterized by high fluid fluctuations.

The study showed that the digital twin and its virtual sensors are suitable to be implemented in the real-time control of HVAC
systems. Additionally, we can state that the coupling workflow as it is designed can be adapted to any other indoor space of buildings.

The feedback of the virtual sensor data into the control of the test boxes was tested in a first trial, but the development of the
complete control loop is the subject of future research. Therefore, the communication between the MS and DMS needs to be further
improved and standardised. Also, the HVAC control must be adapted for a feed-in of the virtual sensor data.

In summary, we can state that the developed coupled simulation workflow performs very well and the novel digital twin with its
virtual sensors can provide the desired data in real time and high accuracy. This enables the reproduction of the detailed thermal
behaviour on a virtual level that is accurate and fast enough to be implemented into the control of air conditioning systems and will
thus improve the comfort and efficiency of buildings.
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