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Preface

We are very pleased to introduce the proceedings of the 64th International
Conference of Scandinavian Simulation Society, SIMS2023, held at The Steam
Hotel in Visteras, Sweden, during the period September 25-28, 2023.

SIMS2023 is open to scientific contributions from broad aspects of recent
research and development work in modelling, simulation, and optimisation in
engineering applications. This includes modelling and simulation for design,
planning, optimisation, control, and monitoring as well as practical case studies
of industrial automation. Furthermore, tools and toolboxes for modelling and
simulation, numerical methods for simulation, novel modelling techniques, and
visualization of modelling and simulation results are of interest. Typical
applications include but are not limited to (i) Renewable energy systems
(bioenergy and biofuels, geothermal, hydro, solar, thermal, wave, tidal, and wind
energy), (ii) Hydrogen technologies (production, storage and transportation,
hydrogen value chain), (ii1) Energy systems (electric power, energy storage, fuel
cells, heat pumps, industrial plants, energy use in buildings, power plants), (iv)
Transportation (automotive, hybrid and electrical vehicles, marine,
infrastructure), (v) Industrial processes (carbon capture and storage, chemical
processing, oil and gas, and water treatment, (vi) Cyber-physical systems, and
(vii) Biosystems and medical systems.

The scientific program of SIMS2023 was curated by an international
program committee, consisting of researchers in simulation, artificial intelligence
and machine learning, energy systems and industrial technology. The main goal
was to deliver a high-quality program with a wide variety of topics. In the single-
blind review process, at least three reviewers evaluated each submission and gave
their recommendations. Ambiguous results were thoroughly discussed among the
reviewers and the senior members of the program committee, who then made the
final selection.

SIMS2023 is the first conference on simulation of its kind in Europe starting
as early as 1959, and to the best of our knowledge, it is the only conference on
simulation that covers all aspects related to simulation in a diverse range of
applications. The program committee welcomed submissions in the following
formats: regular technical papers up to 8 pages (including references) on
substantial, original, and unpublished research, including evaluation results,
where appropriate, and poster submissions on focused contributions from students
and industries and tutorials. In addition, we were very fortunate to have two high-
profile keynote speakers: Dr. Alf Isaksson (ABB, Sweden), an expert on
Automation and Industrial Autonomy; and Dr. Jianping Wang (Hitachi Energy
Research, Sweden), a renowned expert on Power Systems protection.



These proceedings include only the regular technical papers that were papers
accepted by the review committee and were presented during the conference. In
more detail, the conference received 77 submissions from all over the world,
including from China, Germany, Finland, Norway, France, Germany, and Italy.
We were able to accept 52 full papers, 8 posters and 2 tutorials. 51 accepted and
presented papers are collected in this volume.

Organizing a conference and a peer-review process always relies on the good
will and support of many colleagues who take their valuable time and contribute
to an interesting and fruitful program. Firstly, we would like to thank the members
of the conference organising committee for putting a great technical program.

Our special thanks go to all the technical area chairs of the technical program
committee, Prof. Erik Dahlquist (Mélardalen University), Dr. Valentina Zaccaria
(Miélardalen University), Dr. Amare Desalegn Fentaye (Mélardalen University),
Prof. Mirko Morini (University of Parma), Dr. Valentin Scheiff (Milardalen
University), Dr. Hao Chen (Mailardalen University)., Prof. Eva Thorin
(Milardalen University), Dr. Stavros Vouros (Milardalen University), Dr. Gaurav
Mirlekar (University of South-Eastern Norway), Dr. Amir Vadiee (Méilardalen
University) and Dr. Avinash Renuke (Milardalen University), for their
substantial support and for many constructive online meetings. It was a pleasure
working with you. I also want to thank our industrial program committee, Dr.
Lokman Hosain (Hitachi-Energy Research), Dr. Moksadur Rahman (ABB), Dr.
Esin Iplik (Linde) and Prof. Rebei bel Fdhila (Hitachi-Energy Research), for their
time, effort, and the arrangement of the great keynote lectures as well as the
industrial panel session on Simulation and Modelling in Energy Transition and
Future Directions.

In addition, I would like to thank all the authors for once again making these
proceedings interesting, diverse, and impressive. Many thanks go to Prof. Esko
Juuso (University of Oulu) for managing the conference website. Finally, my
sincere gratitude goes to the Linkdping University Electronic Press for publishing
these proceedings.

I wish you all a joyful time while exploring the papers in this volume!

Prof Konstantinos G. Kyprianidis
Chair of SIMS2023



About SIMS

SIMS is the Scandinavian Simulation Society with members from the five Nordic
countries Denmark, Finland, Norway, Sweden and Iceland. The SIMS history
dates back to 1959. SIMS practical matters are taken care of by the SIMS board.
It consists of two representatives from Denmark, Finland, Norway, Sweden, and
Iceland. The SIMS annual meeting takes place at the annual SIMS conference or
in connection to international simulation conferences arranged in the Nordic
countries.

SIMS webpage: https://scansims.org/
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Building heat demand characteristics in a planned city district with

low-temperature district heating supply

Israelsson, Karin®®  Ahrens Kayayan, Vartan® Johari, Fatemeh® Gustafsson, Mattias? Aberg,
Magnus?

Division of Civil Engineering and Built Environment, Uppsala University Faculty of Engineering and
Sustainable Development, Gdvle University

Abstract *karin.israelsson123@gmail.com

Due to desirable emission reductions and population growth, increasing energy demand is identified as a dire issue
for energy systems. The introduction of low-energy building districts enables increased energy system efficiency.

This study’s aim is twofold. Firstly, an extensive urban building energy model is used to simulate the hourly use
and geographic distribution of the heat demand for residential and commercial buildings that are to be supplied by
a low-temperature district heating system. The simulated buildings are a part of a planned city district, located in
Givle, Sweden. Two building energy performance cases are studied; one where all buildings are assumed to be of
Passive House standard, and one where the building energy performance is in line with conventional new-building
regulations in Sweden. Secondly, one specific building is modeled in detail and simulated in the building energy
simulation software IDA ICE to investigate what building heating system is best suited for low-temperature heat
supply. The temperature demands of floor heating and ventilation with heat recovery are investigated and compared
to conventional water-based radiators. The building’s temperature demand results can be used when designing a low-
tempered district heating system which will provide the supply temperature to identify a compatible heating system
technique. Varying supply temperature demand will enable optimization for choosing building heating systems and
consequently, possible cost reductions. The results could be used as an example for future city district planning as

well as presenting relevant heating systems for low-temperature district heating.

1 Introduction

Energy demand is increasing at a problematic rate for
regional and global systems due to increasing popula-
tion and the desire to reduce greenhouse gas (GHG)
emission (Energimyndigheten, 2022a). The Swedish
housing sector utilized roughly 34% of the total en-
ergy use in Sweden in the year 2022, where the ma-
jority of energy was used for space heating (SH) and
domestic hot water (DHW) (Boverket, 2023). With an
increasing construction rate, the energy systems tend
to be further burdened with higher energy demands
(Naturvardsverket, 2022). Studies, such as the one
carried out by (Abu Bakar et al., 2015), have found
that it is possible to reduce energy systems by im-
plementing energy-efficient buildings. District heat-
ing (DH) is the most common heat source (>50%) for
residential and commercial buildings in Sweden (En-
ergimyndigheten, 2022b). To comply with the EU’s
climate goal of lowered energy use, studies have been
conducted to explore the possibility of implementing
low-temperature district heating systems, where the
supply and return temperatures are lowered (Lund et
al., 2014). Low-temperature district heating has two
distinct advantages: the ability to incorporate lower
temperature sources that would otherwise be wasted
and the reduction of distribution losses. These in

turn can lead to a reduction in GHG emissions. This
would imply lower energy use as well as distribution
losses and higher demand on the building envelope.
Johari et al. (2023) and Reinhart & Cerezo Davila
(2016), among others, developed and investigated ur-
ban building energy models (UBEMs) in the interest
of facilitating planning of city districts. To enable the
implementation of low-temperature DH, further stud-
ies have been conducted to investigate suitable heat-
ing systems for buildings. Hasan et al. (2009) found
low-temperature water heating systems, radiators, and
floor heating, to be applicable to such a heat source
while maintaining comfortable indoor air temperature.

The work in this paper is part of a larger work where
the aim is to use the 3D plans for a coming city dis-
trict and simulate the energy use on a building level.
Then simulate losses and mass flows in different low-
temperature DH-systems and finally, simulate sup-
ply and return temperatures in a building with differ-
ent heating systems using water as distribution me-
dia. This paper focuses on simulating the heating de-
mand on a building level from 3D plans of an upcom-
ing city district and simulating different heating sys-
tems inside a building connected to a DH system. A
planned city district located in the northern parts of
Gévle, Sweden, will be used as a case study to inves-



SIMS 64

tigate the importance of building energy performance
and heating system temperature demands for applying
low-temperature DH. The first will be investigated by
simulating varying building energy performances to
later be used for planning a DH. The second will sim-
ulate inlet temperatures to space heaters to determine
the best-suited technique for low-temperature DH sup-

ply.
2 Background

The planned city district (Néringen) is located north
of Gavle, Sweden, and will be used as a reference
case for this study. The district intends to be one of
Europe’s most sustainable city districts with roughly
6000 residential apartments and 450000 m? commer-
cial space (Gévle kommun, 2021). The buildings are
to be supplied with low-temperature DH, further ad-
dressed as 4th generation DH (4GDH), generally de-
fined by supply and return temperatures of 55/30°C
(Lund et al., 2014). 4GDH has been proposed as a
method to reduce energy losses and incorporate waste
heat to decarbonize heating needs (Connolly et al.,
2014). One advantage is that once established there
is flexibility to incorporate carbon-neutral thermal en-
ergy sources. This paper focuses on the requirements
of the shell and indoor heat delivery, i.e. radiators, re-
quired for 4GDH. District heating is considered a fa-
vorable heat source when an area’s heat density is at
least 40 — 50 kWh/m? (Frederiksen & Werner, 2014).
Below this threshold, thermal losses in the pipes lead-
ing to and within the area are too high. Lower energy
demands can also be uneconomic to justify the infras-
tructure investment of district heating. A shell with a
higher U-value leads to lower energy demand but may
push the heat density below the recommended for dis-
trict heating network integration. Both heat density
and heat delivery inside the apartments are identified
as research gaps in the field of 4GDH.

3 Methodology

To investigate the influence of energy performance of
buildings and their space heating systems, in particu-
lar, water radiators, on low-temperature DH, two stud-
ies were made. In the first study, an UBEM method
developed by Johari et al. (2023), was used for simu-
lating the energy performance of buildings based on
the criteria for Passive House standard and the lat-
est Swedish building codes with and without heat re-
covery ventilation system. Second, to find the best-
suited system for low-temperature DH supply, the in-
let water temperature to conventional radiators, low-
temperature radiators, and floor heating was deter-
mined using IDA ICE (AB, 2023).

As plans for the new city district are not yet final, as-
sumptions were made when simulating in IDA ICE

Vasteras, Sweden, September 26-27, 2023 Page 2

and UBEM. Information regarding the geographical
position, number of floors, and building type was re-
trieved from a project description (Gévle kommun,
2021). Figure 1 shows the planned city district’s
buildings as well as the development phases 1-11.

O A
¥

Figure 1. Geographical positioning of the planned city
district including development phases 1-11.

3.1 Weather data

Due to buildings’ energy use’s dependency on
weather, both models utilize data for a typical me-
teorological year (TMY) for Gévle from the PVGIS
Online Tool (European Commission, n.d.). The mea-
sured ambient temperature for 2022 was used when
simulating the annual heat demand to use data consis-
tent with the current temperature profile instead of the
historical one. The data was collected from Gévle En-
ergi’s database, which is the company responsible for
managing the DH system in Gévle. In IDA ICE, the
wind profile was set to represent urban conditions.

3.2 Estimation of heat demand in the planned city dis-
trict

To estimate the energy use of a large set of build-
ings located in the planned city district, a bottom-
up physics-based UBEM developed in Johari et al.
(2023) was used to estimate space heating (SH) and
domestic hot water (DHW) use. The model was origi-
nally made for residential buildings. However, for the
scope of this study, it was further extended to cover
non-residential buildings, i.e., administrative and of-
fice buildings, as well. The key difference between
residential and non-residential buildings was assumed
to be centered around occupancy and load. There-
fore, a new occupancy profile was attributed to non-
residential buildings. Using the methodology sug-
gested in Sandels et al. (2015), the occupancy profile
for non-residential buildings was developed from a
stochastic model for occupants’ presence, use of elec-
trical appliances, and lighting. As for the use of do-
mestic hot water, it was set to zero (Sveby, 2010).

In this study, two types of building standards were
used for modeling and simulation of buildings. The
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first was the latest Swedish building codes and min-
imum requirements for new constructions (in short,
referred to as BBR) (Boverket, 2020). The second
was the Passive House standard (in short, PH), which
was proven to result in higher building energy perfor-
mance than BBR. In the UBEM, the thermal proper-
ties of these standards were set according to the pre-
sented data in Table 1. In addition, for the case of PH,
a mechanical heat recovery ventilation system with a
minimum effect of 75 % was also considered in the
model(FEBY, 2018). The window-to-wall ratio was
assumed to be 20 % (Cerezo et al., 2017).

Table 1. U-values (W/m2K) for PH and BBR.

Building U,,; U floor Ujoo f Uspindow

PH 0.10 0.09 0.09 0.8
BBR 0.17 015 0.12 1.2

3.2.1 UBEM simulation scenarios

The importance of building energy performance when
computing heat demand was simulated in three scenar-
ios. First, all buildings were simulated based on BBR
without ventilation heat recovery. Second, the energy
performance was increased by implementing ventila-
tion heat recovery. Third, all buildings were simulated
as PH with ventilation heat recovery.

3.3 Estimation of the temperature demand

Urban scale models are rather simplified and therefore
unable to represent a detailed low-temperature system
(Johari et al., 2023). Therefore, it was chosen to use
the building simulation tool IDA ICE to investigate the
best-suited heating system for low-temperature DH
supply. The supply temperature of water-based high-
temperature radiators, low-temperature radiators, and
floor heating were studied respectively. One three-
story residential building with simple geometry was
modeled in detail to represent BBR-building with ven-
tilation heat recovery, 1, = 75%. The floor area
was estimated in the geographic information software
QGIS to be 423.6 m* with interior and exterior ceil-
ing heights at 2.5 and 3 m, respectively. A study by
(Johari et al., 2022) has shown that simplified one-
building modeling in IDA ICE results in limited er-
rors. Hence, the building was assumed one zone per
floor and evenly distributed windows with a window-
to-wall ratio 20 % (Figure 2).
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Figure 2. Building model in IDA ICE.

According to BBR the air change was set to 0.35
L/s-m? and DHW use 25 kWh/m? “Atemp -y (Bover-
ket, 2020). The average living space per person is 42
m?/person in Sweden which was used to estimate oc-
cupancy of 10.09 people per floor with absence be-
tween 7 am to 5 pm and 80 W heat emission. This
was further used to estimate heat emission from light-
ing and appliances 932.7 W/floor (Sveby, 2009).

A study by Hasan et al. (2009) was used to simulate
low- and high-temperature profiles of the water supply
(Figure 3). The study used design temperatures 21°C
and —26°C for summer and winter, respectively, re-
sembling the Swedish climate.
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Figure 3. Water supply low- and high-temperature pro-
files to building heating system.

3.3.1 IDA ICE simulation scenarios

A 100 W/m? floor heated area radiator was placed un-
der the window on the building’s long side on each
floor, generating a heat emissive area of 11.7 m?. The
design indoor temperature at maximum power was set
to 21°C and AT at 10°C (Hasan et al., 2009). With the
Pl-regulator, IDA ICE estimated the water mass flow
to be 1.0 kg/s. The supply water temperatures were
then varied between high and low to simulate conven-
tional high-temperature radiators and low-temperature
radiators. Neither radiator system is supplemented
with comfort floor heating. The supply temperature is
determined by the outdoor temperature, and the mass
flow varies depending on the heating demand.
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35 circuits/floor at 12 m?, placed 3 cm into the floor
material, was used to simulate floor heating. Each cir-
cuit emitted 50 W/m? and had a design AT at 10°C as
in Hasan et al. (2009). With temperature control and
Pl-regulator, a constant water mass flow of 0.014 kg/s
was estimated in IDA ICE. The floor heating system
was considered a low-temperature profile as in Fig-
ure 3. Three independent scenarios are tested:

 High-temperature radiators only
» Low-temperature radiators only

* Floor heating system only

4 Results

In this section, the results from the implementation of
the methodology are presented in two parts. First, it
is shown that PH has the lowest heat demand but an
effective ventilation heat recovery has a large impact
on the total heat demand. Implementation of varying
building energy performances could be more benefi-
cial to make DH possible, which in turn has a positive
impact on the energy system. Floor heating showed
to need the lowest supply temperatures of the investi-
gated heating systems.

4.1 Area heat demand and heat density

Results show that the total heat demand (DHW and
SH) for the simulated area decreases from 130, 85, and
79 GWh/year with increasing building energy perfor-
mance. Figure 4 shows the annual heat demand for
each building of the district. A minor decrease (ap-
proximately 6%) in heat demand is seen when simu-
lating buildings with PH standard compared to BBR-
building when both include ventilation heat recov-
ery. Heat recovery decreases the heat demand by ap-
proximately 34% when simulated on BBR-buildings.
Thus, effective heat recovery has been shown to have
a larger impact than materials with low U-values on
a city district’s heat demand. Further, Figure 4, also
illustrates the buildings with the highest heat demand.
This is due to its floor area and wall ratio and conse-
quently inadequate solar heating. The building with
the highest yearly heat demand decreases from 2980,
1930 to 1880 MWh for BBR-building without venti-
lation, BBR-building with ventilation, and PH.

Figure 5 shows each development phase’s heat den-
sity. Phase 8 is well above the requirement (40
kWh/ m?) for DH for each simulated energy perfor-
mance. Whereas phases 1 and 4 are always below this
value. This result might be used to optimize the dis-
trict for DH use.
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Figure 4. Distributed total heat demand (MWh) for PH
(with ventilation heat recovery) and BBR (with-
out heat recovery).

(b) PH with ventilation heat recovery.

Figure 5. Heat density (kWh/m?) for each development
phase.
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Figure 6. Results for the annual energy demand (MWh).



SIMS 64

4.2  Individual building temperature demand

Figure 7 shows the temperature demand of the sim-
ulated space heaters and the hours the heaters are in
use, i.e. the hours with heat demand in descending
energy demand. Inlet and outlet temperature is set to
the indoor temperature (21°C) when the heater power
is < 1 W. Floor heating is shown to require the low-
est temperatures, maximum inlet/outlet temperature at
27/24°C. The results showed a small AT of 1 —3°C.
This is beneficial for maintaining comfort and even
heat emissions. The two types of radiators require
maximum inlet temperature of 41°C and 58°C, low
temperature and conventional, respectively. Almost
identical outlet temperatures were simulated, follow-
ing the indoor temperature, indicating effective heat
emission regardless of the space heater.
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Figure 7. In- and outlet temperature to the heating system
in BBR-building for winter.

Figure 7 shows that low-temperature radiators have a
steady temperature curve to maintain the desired in-
door temperature. However, high-temperature radia-
tors enable fluctuations in the outlet temperature mak-
ing it possible to use lower temperatures when pos-
sible as well as raising the heat when needed. Af-
ter roughly 4000 h can the high-temperature radiators
use lower temperatures than low-temperature radia-
tors and still maintain an indoor temperature of 21°C.
Although counterintuitive, it reflects the assumption
that the low-temperature radiator will require higher
inlet temperatures at outdoor temperatures above 10°C
which could reflect comfort floor heating in the cited
paper (Hasan et al., 2009). At approximately 4500 h
there is no longer a heat demand and the space heaters
are therefore shut off. The principal results are how-
ever that the system is feasible to provide comfort even
at lower inlet temperatures.

5 Discussion

The results from Figure 4 further the discussion and
cost calculations on ventilation heat recovery versus
low U-value constructions. As the results show heat
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recovery has a larger impact on reduction in heat de-
mand of approximately 34% than possibly expensive
PH construction of 6% compared to BBR-building
without heat recovery. These gains need to be com-
pared with the cost for each adjustment. A life cycle
assessment (LCA) should also be conducted to under-
stand the environmental impact. According to the cur-
rent plans, a few residential buildings use a lot of en-
ergy when the majority have equivalent heat demand.
These buildings should be evaluated and redrawn to
e.g., minimize transmission losses through the build-
ing envelope and maximize solar gains.

When planning a city district supplied with DH, Fig-
ure 5 can be used to optimize the heat demand by
varying building energy performance for different ar-
eas aiming at the threshold value at 40 k<Wh/m?. By
altering building energy performance in the different
phases, the heat density can be made better suited for
DH, allowing higher utilization of waste heat from e.g.
industries. The result may also be used to identify is-
sues in the current development plans such as the num-
ber of stories.

The low level of detail in buildings, both when sim-
ulating in IDA ICE as well as UBEM, results in sim-
plified but sufficient calculations (Johari et al., 2022).
Floor heating is shown to be the space heater best
suited for low-temperature DH with a maximum tem-
perature demand of 27°C and the lowest return tem-
perature. When other aspects such as the initial in-
stallation cost of the heating system and slower re-
sponse time to indoor or outdoor temperature changes
are taken into account, other technologies can be fa-
vorable. One example can be the low-temperature ra-
diator system that has a maximum supply temperature
demand of 41°C which is still below the definition for
4GDH (55/30°C).

6 Conclusion

Improving efficiency can reduce the thermal energy
demand of buildings but for DH systems to remain vi-
able changes to heat delivery need to be made. To
answer the questions of what impact a building’s en-
ergy performance has on a city district’s heat demand
and which type of space heater is best suited for low-
temperature DH, simulations in an UBEM and IDA
ICE were conducted. Results showed PH has the
lowest heat demand of 79 GWh/y compared to the
reference case with BBR-building without ventilation
heat recovery of 130 GWh/y. However, ventilation
heat recovery seems to have a larger impact on a
building’s heat demand ( 34%) than construction with
lower U-values (39%) compared to the reference case.
Floor heating is the space heater best suited for low-
temperature DH with a maximum inlet temperature of
27°C and the lowest return temperature of the investi-
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gated heating systems. Low-temperature radiators are
also a good fit with 4GDH but demand a higher tem-
perature of 41°C rather than floor heating’s 27°C.
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Abstract

As cities grow and develop, urban planners face an increasing challenge to create more sustainable and
environment friendly communities. The Kopparlunden district in Visteras, Sweden, is no exception, with plans
underway to transition the area to a more sustainable neighborhood. To assist this effort, this paper presents a
simple grey box modeling approach to predict the heat demand of eight buildings in the area. As the city
transforms from a historical industrial district to a mixed district with residential buildings, shops, and offices, the
model will allow urban planners to predict their new heat demand. The model is calibrated using a genetic
algorithm, then validated using real historical data. The results show a good accuracy of the model and highlight
the importance of increasing the insulation efficiency of the walls in the modelled buildings. The model can be
used to predict the heat demand variations, with minimum error of 2.49 kW and up to 16.6 kW for large buildings.
The model highlights the importance of energy modeling for urban development projects and shows its

significance as a tool to aid in decision-making towards sustainable and more efficient urban areas.

1. Introduction
With the increased growth of urban population and
urban energy use, cities around the world are facing
an increasing challenge to provide sustainable and
energy efficient environment for their residents. The
building sector is one of the major contributors of
CO2 emissions worldwide, and thus presents a great
potential to reduce energy use and associated
emissions. Urban planners and policymakers are to
plan and implement large scale improvements of
buildings’ energy performance, which imposes
significant challenges and issues related to the
complexity and scale of the urban environment
(Hong et al., 2020; Keirstead et al., 2012), policy and
regulatory frameworks essential to adequately
support and /or incentivize sustainable and energy
efficient practices (Economidou et al.,, 2020;
Strielkowski et al., 2019), funding and securing
financial resources for projects implementation
(Alam et al., 2019; Bertoldi et al., 2021; Sebi et al.,
2019), data availability and accessibility for
informed decision making, and long term planning
and adaptation with consideration of future needs
and changing circumstances. In this context, the
European Commision recently revised the Energy
Performance of Buildings Directive (EPBD) under
the “Fit for 55” package (Wilson, 2022), and
introduced stricter regulations. The revised EPBD
aims at accelerating the renovation rates, targets the
15% of EU buildings that perform the worst, and
establishes high energy performance standards.
Notably, every building should achieve at least a

Class E on the revised A-G energy performance
scale by 2030.

The Kopparlunden district in Visteras, Sweden, is
no exception to this global and regional trend. As
part of a larger effort to foster sustainability, plans
are underway to transition the district into a more
sustainable neighborhood.

Building Energy Modelling (BEM) became an
indispensable tool for building professionals and
energy policy makers to optimize the design,
operation, and energy efficiency of buildings (Al-
Homoud, 2001; Reinhart & Cerezo Davila, 2016).
BEM can be performed at the individual building
level, up to the urban level (Urban Building Energy
Modelling — UBEM). Its approaches comprise three
main categories: white-box models, black-box
models and grey box models (Foucquier et al.,
2013). The white-box models are based on physical
equations that describe the underlying mechanisms
of the building. They offer transparency and
understanding of the physical phenomena involved,
allowing for accurate predictions and optimization,
as well interpretability of the results. However, there
are drawbacks to consider, such as the complexity of
dealing with complex systems, and the time-
consuming nature of model development (Harish &
Kumar, 2016). Black-box models on the other hand,
are purely data driven models. They use actual data
and perform statistical analysis to capture the
correlation between the building energy use and



SIMS 64

operation data (Li & Wen, 2014). Grey-box models
represent a hybrid approach that combines physical
and empirical equations to achieve a close
approximation of the underlying physical
representation (Harb et al., 2016). They are utilized
when there are partial information or incomplete
data, allowing for flexibility and adaptation in
handling discrepancies, and providing a more robust
modeling framework (Zhao & Magoules, 2012).

Discrepancies between a model’s predictions and
actual energy use are inevitable. To reduce the
entailing mismatch, calibration is applied. It is a
process of changing and fine-tuning the model's
parameters and input assumptions to guarantee that
the simulated energy performance matches the
actual energy use of the building (Chong et al.,
2021). It consists of comparing the model's
predictions to measured data in the building and
making modifications to increase the model's
accuracy and credibility. The calibration of BEM
can be either manual, where it relies on the modeler
expertise, or automated, where an objective function
is set to match the simulation results with the
measured data (Coakley et al., 2014; Hou et al.,
2021). Among the popular calibration techniques are
optimization evolutionary algorithms, such as
genetic algorithms (Lara et al., 2017).

In this paper, we present a study that focuses on the
simulation of eight buildings in the Kopparlunden
area of Visterds, Sweden. Our main objective is to
develop a grey box model capable of predicting the
hourly heat demand for each building under steady
state conditions. Despite the simplicity of the model,
we ensured its accuracy through a careful calibration
process using a genetic algorithm. By incorporating
this calibration technique, we fine-tune the model's
parameters to improve its performance and align it
with measured data. The resultant model achieves a
good balance between simplicity and accuracy,
making it a useful and effective tool for predicting
heat demand in the investigated buildings. Our
findings demonstrate the successful use of a basic
yet calibrated grey box model, emphasizing its
utility in giving vital insights for energy efficiency
and decision-making in  building energy
management.

2. Methodology
2.1. Case study
Kopparlunden, an industrial area in Vésteras dating
back to 1898, holds historical significance. Situated
in close proximity to the city center, as depicted in
Figure 1 on the map, the majority of its buildings still
retain their original character and were originally

1 https://www.archus.se/kopparlunden-fran-ett-stangt-
industriomrade-till-en-levandestadsdel/ (accessed 26/6/2023)
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utilized for metal industry purposes. However, the
evolving landscape has seen a shift in usage, with
the buildings now serving as offices or stores,
accommodating nearly 200 companies in the
vicinity. Recognizing the potential for optimizing
the local area, plans have been set in motion to
revitalize Kopparlunden into a contemporary
residential space, integrating modern housing,
commercial establishments, and workspaces'.

The municipality is dedicated to maximizing the
energy efficiency of the area and has actively
collaborated with various partners to oversee the
implementation of the plan. The transformation of
Kopparlunden is part of a multi-step strategy that the
municipality and building companies have
collectively committed to. While many aspects of
the project, such as the size and functionality of the
buildings, have been determined, finer details
regarding the architectural design and specific shape
are still under consideration. However, at this stage,
it is possible to make preliminary assessments of
certain parameters, such as the current heat demand,
which is the primary focus of the current study.

SWEDEN

I e
T i s

i s L6 G

1 o 220 45 9 Klemetzre
Figure 1: Kopparlunden district, in close proximity to
Visteras center. The modelled buildings are shown in
green.

2.2 Data Collection

The buildings simulated in this study are highlighted
in Figure 2. Buildings data were obtained from the
NRGYHUB dataset (Krayem et al., 2021). The data
included buildings’ perimeters, areas, and heights.
The real heat demand data was obtained from
Miélarenergi at hourly level for the year 2019. The
outside temperature was downloaded from ERAS?
for the same year at the hourly level.

2 https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-
era5-single-levels?tab=form (accessed 26/6/2023)
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2.3. Model and assumptions
It is assumed that the building heat balance is given
using the following equation:

PD+Ppeople =P (D
where P, power loss by transmission; P, generated
heat power (only district heating and generated heat
from the occupants). To simplify the model, losses
by ventilation, unintended ventilation and air
leakage were neglected.

For each element of the building, the transmission
loss is calculated by the following equation:

Ps=U.A. (Tin = Tout) (2)

where U, heat transfer coefficient in W/m2.°C, A,
area in m?, Tj,,, indoor temperature in °C, and T,,;,
outdoor temperature in °C. The total transmission
loss of the building is the sum of the individual
transmission loss of each element.

The Uyane of different elements of old buildings were
assumed from the literature (Liu et al., 2014). The
Uyane of the floor was assumed 0.22W/m?2.°C and
that of windows 1.3 W/m?2.°C. The walls assembly,
with an overall thickness of 0.4m, were considered
to be a composite structure comprising, in sequence,
brick, concrete, wood, insulation material, wood,
and a final concrete layer. The respective
thicknesses of these materials are 0.09m for
concrete, 0.06m for timber, and 0.1m for insulation.
Corresponding thermal conductivity values for these
materials are delineated in Table 1. The overall
Utotar Of the walls is equal to the reciprocal of its
total resistance Ry, Which is calculated as
follows:

d; 3
Riotar = ZU @

where d; represents the thickness of layer i and U;
its corresponding thermal conductivity. The areas of
the walls, floors and ceilings were estimated from
the shapefiles. The area of the windows, which were
assumed double glazed, was then calculated using
the window to wall ratio from Table 1.

For T;, , it is assumed to be 21°C to ensure indoor
comfort.

The internal generated heat power is considered
mainly generated from occupancy and is calculated
using the following equation:

Ppeople = Afloor- Nfloors- Pph- £ 3)
where Afj0r, a building’s floor area, n;,,-, nUMber
of floors, Py, heat generated per person, assumed to
be 80W/person, and 7, the person ratio in 1/m? and
it is assumed to be one person per 35m2. The values

are based on the Swedish National Board of
Housing, Building, and Planning (BBR)?.

3 Boverkets foreskrifter om dndring av verkets foreskrifter och
allménna rad (2016:12) om faststillande av byggnadens
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Table 1: Range of values of inputs estimated with the
genetic algorithm.

Variables Ral.lg? of
variations
Window to wall ratio 0.1 -0.65

Concrete heat conductivity 1.3-2

Wood heat conductivity 0.12-0.16
Insulation heat 0.06 - 0.1

conductivity

Wall resistance indoor 0.1-0.16

Wall resistance outdoor 0.02 -0.06

The walls of all buildings are assumed to be
composed of double layers of concrete and wood
with an insulation layer in between. Several key
inputs related to the materials properties and
buildings construction (shown in Table 1) remain
indeterminate due to unavailable or ambiguous data.
To address these uncertainties and ensure the
reliability of the model, a calibration process was
conducted using a genetic algorithm (Martinez et al.,
2020). The objective of the calibration (cost
function) was to minimize the Root Mean Square
Error (RMSE) between the simulated heat demand
and the observed heat demand data. This iterative
process involved fine-tuning some of the model's
parameters to achieve a higher level of accuracy in
predicting the heat demand. During the calibration
process, multiple design variables were considered,
as outlined in Table 1. These inputs played a crucial
role in optimizing the model's performance and
aligning it with the actual heat demand patterns
recorded in the Kopparlunden area. Careful
selection and adjustment of these variables
contributed to improving the model's capability to
simulate the complex heat demand patterns observed
in the buildings. The wvariations’ range of the
concrete heat conductivity was obtained from (Misri
et al., 2018) and for wood from (Pasztory et al.,
2020).

By iteratively adjusting and refining these design
variables, the aim was to enhance the model's
accuracy and its ability to capture the variation
nature and seasonal patterns of the heat demand
profiles of different buildings.

3. Results

Among the buildings studied, Building II exhibited
the highest level of accuracy in terms of heat demand
prediction, with an RMSE of approximately 2 kW,
as shown in Table 2. Conversely, the first building
demonstrated the largest deviation from the actual
heat demand, resulting in an RMSE of 16 kW. This
discrepancy can be attributed to several factors,

energianvindning vid normalt brukande och ett normaléar, BFS
2017:6
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Table 2: The estimated inputs of the model after calibration using the genetic algorithm.
Building I I I v \% VI vl VI
number
Window to wall | 0.10 0.14 0.10 0.10 0.10 0.10 0.10 0.10
ratio

Uvatue of window | 0.85 1.28  0.85

0.85 0.92 085 085 0.85

Concrete heat | 1.30 1.78 1.30
conductivity

1.30 1.35 1.30 1.30 1.37

Wood heat | 0.12 0.14 0.12
conductivity

0.12 0.13 0.12 0.12 0.14

Insulation heat | 0.06 0.07 0.06
conductivity

0.06 0.07 0.06 0.06 0.08

Wall resistance | 0.16 0.16 0.16
indoor

0.16 0.12 0.16 0.16  0.15

Wall resistance | 0.06 0.05 0.06
outdoor

0.06 0.04 0.06 0.06 0.03

RMSE [kW] 1660 249  5.62

10.92 14.71 493 851 497

including the lack of detailed information regarding
the construction materials utilized in Building 1.
Additionally, the accuracy of the geometry data
employed in the model significantly influences the
predictive performance.

Figure 2 (scatter plot) illustrates a comparison
between the actual heat demand points and the
corresponding predicted values. The closeness of the
points to the diagonal red line indicates the degree
of agreement between the actual and predicted
values. A strong correlation is observed for most of
the considered buildings, as signifies the tight
clustering of points around the diagonal red line,
while deviations suggest a divergence between the
actual and predicted values.

The analysis reveals that buildings 1, 5, and 7 exhibit
the highest discrepancies between predicted and
actual values. Remarkably, these buildings are also
the largest in the study, boasting significant annual
heat demands of 153.52 MWh, 349.95 MWh, and
189.84 MWh, respectively. This highlights a notable
limitation in the model's accuracy when estimating
heat demand for sizable and complex buildings.
Achieving more accurate results in these cases
necessitates a more detailed approach that considers
additional factors.

Figure 3 illustrates the distribution of losses among
the buildings based on the optimal design variables
obtained from the calibration process. It is evident
that wall losses contribute the most significant
proportion of total losses for all buildings, closely
followed by losses through the ceiling. Conversely,
losses through the windows are relatively low due to

the smaller window-to-wall ratio considered and the
utilization of effective insulation materials.

4. Summary and Discussions

The utilization of a grey-box model in this study
provides a straightforward approach to estimate
building heat demand. However, it is important to
recognize that higher levels of accuracy may
necessitate a substantial amount of data. A larger
and more detailed dataset would have contributed to
enhancing the precision of the model's predictions.
While detailed data might be available for specific
or individual projects, and it is possible to achieve
detailed data collection, it might not always feasible
for large scale modeling, such as in Urban Building
Energy Modeling (Hao & Hong, 2021; Wong et al.,
2021), given the vast heterogeneity in buildings and
associated operational variables. Different modeling
approaches are adopted, ranging from physics-based
to statistical-based methods (Swan & Ugursal,
2009). Each comes with its own set of advantages
and limitations, depending on the availability of data
and the specific objectives of the analysis.

The heat losses shown in Figure 3 highlights the
importance of insulation to reduce the wall heat
losses for buildings. The findings suggest that
improving the insulation and thermal characteristics
of the walls could lead to substantial reductions in
energy losses. Furthermore, using highly thermal
resistant materials in the ceiling can also contribute
to minimizing overall heat losses.

By focusing on these key areas of concern, such as
wall and ceiling insulation, building operators and
policymakers can effectively enhance energy
efficiency and reduce heating demands. This
understanding of the relative contributions of
different building components to heat losses offers
valuable insights for implementing targeted
interventions and developing sustainable heating
practices in the Kopparlunden area.
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Figure 2: Comparison between the simulated and actual heat demand per building.
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Figure 3: Estimated heat losses per building element, for

the eight buildings modelled in this study.

While the results obtained from the model offer
valuable insights into the fluctuations of heat
demand in the studied buildings, it is crucial to
realize the inherent limitations associated with this
approach. Grey-box models may rely on simplified
assumptions and estimated parameters and may not
fully capture the intricate complexities of real-world
systems. Nevertheless, this methodology serves as a

valuable tool for providing initial estimations of heat
demand and can serve as a starting point for further
analysis and refinement.

By acknowledging both the strengths and limitations
of the grey-box model and considering the
availability and quality of data, researchers and
practitioners can make informed decisions regarding
energy management and optimization strategies.
Future actions should concentrate on enhancing the
model's accuracy through the incorporation of more
detailed information, improved geometry data, and
potential exploration of alternative modeling
techniques to achieve even higher levels of
predictive performance.
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Abstract

The increasing CO2 concentration in the atmosphere is the most urgent global challenge. The most mature CO;
abatement option is post-combustion CO, capture employing Monoethanolamine (MEA) solvent. One challenge
of using MEA is its in-service degradation to 2-oxazolidinone (OZD), a heterocyclic five-membered organic ring
compound. Furthermore, OZD degrades more MEA leading to CO, capture solvent loss and hence increased
operational cost. It is therefore of interest to investigate methods to convert OZD back to MEA. This work reports
the conversion of 2-oxazolidinone to MEA by heat treatment at an alkaline condition. Raman spectroscopy and
lon-Exchange chromatography were applied to qualify and quantify the reaction. The optimal reaction parameters
were identified by an experimental design model using the Response Surface Methodology (RSM). A second-
order model with three variables and five levels of focus was employed, with the OZD conversion percentage as
the response. This methodology was chosen because such a model could estimate the main effects, interactions
and quadratic terms by relying on a relatively small number of experiments. 17 experimental runs were designed
by the software using this method. At a reaction time of 35 minutes, reaction temperature of 100°C, and 2.5 mole

of hydroxide per mole of OZD resulted in a complete conversion of OZD to MEA.

1. Introduction

Carbon dioxide capture and storage (CCS) is so far
considered the most promising technology to
sequestrate CO, from large emission point sources
(Rochelle, 2009). Post-combustion carbon capture
(PCC) gas-liquid chemical adsorption is the
predominant CCS technology today because of the
development status (US Department of Energy,
2017) and that it can be retrofitted to existing CO2
emitting plants.

Aqueous 30 wt% Monoethanolamine (MEA) is one
of the most investigated CO, absorption solvents
due to its good operational properties and relatively
low price (Kohl & Nielsen, 1997; Buvik, 2021).
Figure 1 shows the typical CO, absorption-
desorption process scheme. The flue gas enters the
absorber bottom after pre-treatment and flows
upwards while the solvent solution e.g., aqueous 30
wt% MEA moves downwards in counter flow.
Through a contact of these two streams, the CO; flue
gas content is absorbed into the amine solution,
forming mainly amine carbamate (equation (1))
which can release CO, upon heating to 120-140°C in
the process stripping section according to equation
(2) (Eimer, 2014). For simplicity, MEA is expressed
by R-NH,, where R stands for a -CH,-CH,OH

group.

2R —NH, +C0O, >R —NHj + R—NH — C00™ (1)

Heat
R—NHf + R— NH — CO0~ —5 2R — NH, + C0, (2)

However, agueous MEA solvent has a high energy
need in the solvent regeneration section and it is
degrading in service due to contact with air in the
absorption section and high temperature in the
stripping section of the process (Fredriksen & Jens,
2013). These degradation reactions reduce solvent
absorption capacity. Furthermore, these degradation
products have to be removed and replaced with fresh
MEA solvent which adds to operational cost. This
degradation (reclaimer waste) varies in the range of
0.1-14.9 kg waste /ton CO, captured (IEAGHG,
2014).

To CO,
compression

Treated flue gas
Condenser

Absorber Stripper

Rich-lean
Heat exchanger

Flue gas

Reboiler

Rich-loaded Lean-loaded
solution solution

Figure 1: Basic schematic diagram of the chemical
absorption-desorption CO2 capture process.
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The first step of thermal MEA degradation is the
formation of oxazolidone (Davis & Rochelle, 2009;
Dyen & Swern, 1967; Poldermann et al., 1955) from
the reaction of MEA with CO,. Several patents
(Miller, 1985; Pottiez & Verbeest, 1972; Snoble,
1981; Turoff et al., 2008) claim hydrolytic alkaline
splitting of the alkanolamine derived oxazolidone
back to the original alkanolamine and carbonate
anion as shown in Figure 2.

NH,
NH
OH — OH O +H

Figure 2: Reaction for Splitting of oxazolidone by alkali
to MEA and a carbonate anion.

It is therefore desirable to understand the optimum
reaction conditions for splitting of oxazolidone type
thermal degradation products back to the original
CO, capturing alkanolamine. Hence, this work
determines optimal reaction conditions for splitting
of oxazolidone by Design of Experiment utilizing
the Response Surface Methodology (RSM) (Myers
et al., 2016). Furthermore, a process integration
concept into a CO-, capture plant is proposed.

2. Methodology
2.1 Design of Experiments

A screening design (Eriksson et al., 2008; Esbensen
& Swarbrick, 2017) was used to identify the most
important parameters, thus reducing the number of
experiments needed. For the optimization
experiments, a Central Composite Design (Eriksson
etal., 2008; Esbensen & Swarbrick, 2017) was used
to vary the parameters at 5 levels as indicated in
Figure 3.

. — Level 5

Level 4

\
\
\
9 Level 3
!/

/

Level 2

s SR 0/ T Level 1
Figure 3. Central composite design with three center
samples resulting in 17 experiments. The 5 different
levels of the vertical variable are indicated.

Vasteras, Sweden, September 26-27, 2023

The optimal reaction parameters were identified by
an experimental design model using the RSM
provided by the JMP software.

2.2 Chemicals

Chemicals were used as received and are
summarized in Table 1. All aqueous solutions were
prepared with Milli-Q® water (18.2 MQ-cm at
25°C).

Table 1. Chemicals used in the experiments.

Chemical CAS Supplier Mole
name number Fraction
purity
(%)
Ethanolamine | 141-43-5 EMSURE | >99.5
2- 497-25-6 Sigma- 98
Oxazolidinone Aldrich
Sodium 497-19-8 Sigma- 99.9
carbonate Aldrich

2.3. Chemical Analysis

Cation chromatography and Raman spectroscopy
were used to determine the reference concentrations.

2.3.1 Cation chromatography

The samples were analyzed by a Dionex 5000
Cation chromatograph controlled by Chromeleon®
software and equipped with a Dionex lonPac CS16
2 mm column. The eluent was methanesulfonic acid
run at a gradient method (Table 2) and a constant
flow rate of 0.5 mL/min at 60°C temperature.
Samples were diluted with 0.3 ppm Li* containing
Milli-Q water (internal standard) to a factor of 900
and filtered before injection using a 0.2 mm syringe
filter.

Table 2. Eluent gradient concentrations

Time [min] Concentration [mM]
0 6

13 8

25 55

30 60

32 60

34 6

40 0

2.3.2 Raman spectroscopy.

The spectra were acquired with a RXN2 Raman
spectrometer fitted with a 785nm laser delivered by
Kaiser Optical Systems Inc. The samples were
placed inside a black sample holder covered with an
aluminium foil to suppress background light and
were measured using a fiber optic immersion probe.
The probe was washed with deionized water
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followed by acetone before each measurement. The
analysis exposure time was 30 seconds with 6 scans
for each sample. A blank water sample preceded
each analysis run. All Raman spectra were baseline
corrected using the Whittaker filter (Eilers, 2003;
Whittaker, 1922) (available in PLS toolbox in the
MATLAB ®software suite) before further
processing.

2.4 Oxazolidone (or 2-Oxazolidinone) splitting
experiment.

The experimental set-up is shown in Figure 4. A
sample of aqueous 3M oxazolidone stock solution
and NaOH pellets or 0.1M NaOH solution was
placed in a flask connected to a reflux condenser and
heated wunder stirring to a pre-determined
temperature and time. The pH of the reaction
mixture was monitored by a pH electrode.

In a typical experiment, 25g 3M agueous
oxazolidone solution was titrated with 0,1 M NaOH
solution using a Mettler Toledo T50 titrator pH 14
or a total solution volume of 80 ml whatever happed
first. The latter produced a pH value of 12.4 at 80 ml
solution. The solution was heated to 110°C for a few
minutes, cooled to room temperature and analyzed
for oxazolidone conversion by Raman spectroscopy.
An alternative typical experiment of the above
procedure substituted the 0.1 M NaOH solution by
anhydrous NaOH pellets followed by water dilution
to pH14. The aqueous dissolution of NaOH pellets
is an exothermic process. Hence, the reaction
solution was cooled to room temperature before
Raman spectroscopic analysis.

Figure 4: Experimental set-up
3. Results and Discussions

3.1. Chemical Calibration for MEA and OZD
Quantification

Concentrations of OZD were quantified using
Raman Spectroscopic analysis. The spectral peaks
of oxazolidone at 928 cm™ (Figure 5 (a)) (ref:
McDermott (1986)) and of Na2CO3 at 1066 cm
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(Figure 5 (b)) were chosen for subsequent
qualitative and quantitative analysis.
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Figure 5: (a) Raman spectra of oxazolidone (b) sodium
carbonate at various concentrations

Cation chromatography was then used for the
quantification of MEA. The MEA peak was
identified in the chromatogram (Figure 6) by spiking
it with an authentic MEA sample. Quantitative
analysis was based on a calibration curve in the
appropriate concentration range.
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Figure 6: MEA chromatogram: MEA (3); Na* (1); NH4*
(2); K* (4).

3.2 Optimization of conversion of OZD to MEA
3.2.1 Phase 1

screening investigations. The initial experiments in
this phase verified oxazolidone splitting to MEA. As
a preliminary study to verify the conversion of OZD
to MEA, four tests were carried out using the
alternative typical experiment procedure with
solution reflux at 120°C and 2 hour duration (Table
3).

Table 3: Parameters for the oxzolidone (OZD) splitting
experiment
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responses (OZD conversion %) are given in Table 4.
Figure 7 (a) and (b) show the response surface
contour plots of OZD conversion for 100°C
(temperature) and 35 min (time), respectively.

Table 4: Optimization model data and results

Exp. Data Results
No. Temp. | Time | OH" 0zDb
[°C] [min] | /OZD | conversion

130 38 2.05 99.53

Experiment | OZD | OH" Temp. | Time
conc. | /0zZD | [C] [min]
[mM]

[%0]
1 100 38 4 100
2 118 51 3.2095 | 99.88
3 118 24 3.2095 | 99.94
4 82 24 3.2095 | 99.83
5 82 51 3.2095 | 99.93
6 70 38 2.05 89.2
7
8

100 38 2.05 98.83

9 100 60 2.05 99.58

10 100 38 2.05 98.92

200 28 90 100

11 100 15 2.05 94.52

400 14 140 60

12 100 38 2.05 98.69

600 12 100 120

13 82 51 0.8905 | 53.34

oo~ iw

80 73 130 30

Three parameters were identified based on the initial
screening experiments. The parameters were varied
at two levels and three parameters were identified.
Reaction time, reaction temperature, and the
relationship between mole of hydroxide per mole of
OzD were all found as the most significant
contributors to the conversion of OZD to MEA.

3.2.1 Phase 2

Optimization model for OZD conversion
percentage. In phase 1, 3 three variables were chosen
for the second phase: temperature ('C), time (min),
and OH/0ZD molar ratio. The Response Surface
Methodology was chosen because it can fit a second-
order polynomial model that estimates main effects,
interactions, and quadratic terms relying on a
relatively small number of runs. The quadratic terms
are useful because they can capture a possible
curvature in the relationship between the response
and the experimental factors. The three main
variables are represented by the coefficients A, B,
and C; the three two-way interactive terms are
described by AB, AC, and BC; the three quadratic
terms by A?, B2, and C?.

With these considerations, the number of central
points (cp) was set to 3, the number of factorial
points (Cube) was 8, and the number of axial points
was 6. Three additional runs (No NaOH (3a), 1a and
2a) were add to the design resulting in a total of 20
experimental runs. Experimental plan details and the

14 82 24 0.8905 | 48.17

15 118 24 0.8905 | 59.52

16 118 51 0.8905 | 74.63

17 100 38 0.1 10.48

la 130 60 0.8905 | 72.21

2a 130 60 0.1 13.54

3a 130 60 0 0
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NaOH/OZD

OZD conversion
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Table 6: F-ratios and P-values of coefficients values (A:
temperature, B: time, C: OH/0ZD)

Coefficient F-ratio P-value
A 37.7291 0.00085
B 12.5534 0.01217
C 803.7899 0.00000
AB 2.4178 0.17096
AC 27.5179 0.00193
BC 10.5144 0.01763
A? 3.4492 0.11266
B? 0.1520 0.71013
C? 507.2047 0.00000

The model shows several sets of possible variable
combinations (Table 7) depending on desired
reaction condition application.

NaOH/OZD

Table 7: Model responses for selected variable sets

OH- Temp. Time 0zD

/0ZD [°C] [min] conversion

achieved
70 80 90 100 110 120 130 [%]

o 1 130 60 83.46
15 130 60 98.59
Figure 7: OZD conversion in function of OH-/OZD mole 1.8 100 60 96.97
ratio (a) and time at 100°C (fixed temperature) (b) and 1.8 120 45 09.01
temperature at 35 min (fixed time) 2 100 47 99.12
2 110 36 99.11
The summarizing prediction performance (Table 5) 22 100 24 08.96
and the coefficient values of the optimization model 25 76 15 98.99

(Table 6) indicate it to be satisfactory.

Table 5: Optimization model: prediction performance
RMSE P-value R? Adj. R?
2.1958 <0.0001 0.99727 0.993167

Analytic chemical evidence of reaction response
for selected variable combinations is given in

Figure 8.
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Figure 8. Raman spectra of selected experiments: Axial C (high) (a); Axial B (high) (b) and Axial C (low) (d).

3.3 Potential integration of the oxazolidone
splitting reaction into a carbon dioxide capture
unit.

The optimal reaction conditions for oxazolidone
(OzD) splitting (Table 7) depend mostly on the
OH-/OZD mole ratio. The reaction itself could be
run in the reboiler of the CO; stripper or in a separate
reactor connected to it (Figure 1). This would
provide a temperature of the reaction vessel in
excess of 100°C (Poldermann et al., 1955). As
suggested by a US patent (Turoff et al., 2008), a
slipstream of the stripper bottoms could be sent to a
separate reactor where NaOH is added, the reaction
is conducted and the recovered alkanolamine is
separated from the caustic by phase splitting. Some
caustic could be recycled to the reaction vessel while
the rest is treated as solvent reclaiming waste. The
US patent (Turoff et al., 2008) teaches this proposal
for splitting of the oxazolidone
hydroxypropyloxazolidone  (HPOzZD) to di-
isopropanolamine (DIPA) and CO. Our optimal
reaction conditions for OZD splitting would fit well
with the above process integration proposal.

4. Conclusion

- Society needs to stabilize and reduce CO,
emissions. Large-scale post-combustion

carbon capture is expected to be necessary
in the near future. Our contribution puts
focus on the cost reduction of aqueous
alkanolamine carbon capture solvent.

- Alkanolamine recovery by splitting of
oxazolidone (OZD) to the original MEA
alkanolamine solvent and CO; can be
satisfactorily modeled and optimized by
the RSM method.

- The model variables are in order of
importance OH-/OZD ratio, reaction
temperature and reaction time.

- A COq; capture process integration concept
for splitting of OZD to MEA is proposed.
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Abstract

Grid-scale energy storage systems are essential to support renewables integration and ensure grid flexibility
simultaneously. As an alternative to electrochemical batteries, Pumped Thermal Energy Storage is a new storage
technology suitable for grid-scale applications. This device stores electric energy as thermal exergy, which can
be discharged directly for thermal uses or converted back into power depending on the necessities of the grid.
The capability of the proposed energy storage to act as electric and thermal storage fits with the sector coupling
necessities of multi-energy systems in which electrical and thermal energy carriers are involved. This paper
investigates the effects on optimal grid management of integrating a Brayton Pumped Thermal Energy Storage
into a multi-energy system. The case study includes renewable generation from photovoltaic modules and
residential and industrial users' electrical and thermal load profiles. The system day-ahead optimization,
performed through a Mixed Integer Linear Programming approach, aims to minimize the operational cost
computed over a 24-hour horizon. The simulation highlights how the proposed storage technology interacts with
the users' requirements during different seasons. The final results highlight that using multi-energy storage (i.e.,
providing power, heating, and cooling) brings a 5% reduction in operating costs during the year compared to a
traditional electric-to-electric storage operation.

1. Introduction MES can include several energy vectors, such as

electric, heating, cooling, fuels and transport, who

Massive exploitation of Renewable Energy Sources
(RES) is essential to fulfil the European Union
(EU) climate targets for the 2050 net-zero scenario
[1]. As a result of the EU policies aimed to face the
climate change of the last two decades, many
devices for efficiently exploiting RES are
nowadays available, such as photovoltaic (PV)
modules and wind turbines. Besides this, properly
managing and integrating RES into energy systems
is essential for reducing carbon emissions.
Strategies for integrating non-dispatchable RES
have traditionally focused on the electric grid side
since the introduction of the concept of Smart Grids
[2]. Despite that, specific operational and planning
strategies should address all other energy sectors
and their interactions with the electric grid [3]. In
this framework, integrated Multi-Energy Systems
(MES) can improve the economic and
environmental  performance  of  equivalent
independent energy systems [4].

can interact with each other at a district level. MES
usually also involve Energy Storage Systems
(ESS), essential devices to enhance the system
flexibility and fulfil the users' needs [S]. Among the
several ESS solutions, multi-energy storages are
particularly suitable for MES [6].

Multi-energy storage can store different energy
carriers using the same device, thus potentially
achieving better economic and environmental
performances than separate devices. Carnot
Batteries (CBs) are suitable technologies to
accomplish this goal since they store electric
energy as thermal exergy, which can be directly
used or converted back to electricity [7]. CBs are
emerging as an alternative grid-scale storage
technology due to their long operational life (20-30
years), low cost per kWh [8] and independence
from rare raw materials. Since CBs are gaining
interest, many technologies have been proposed in
the scientific literature for MES optimization,
including Liquid Air Energy Storage (LAES) [9],
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Compressed Air Energy Storage (CAES) [10],
Rankine-based Pumped Thermal Energy Storage
(Ra-PTES) [11], and Brayton-based Pumped
Thermal Energy Storage (Br-PTES) [12].

Despite these positive features, the economic
advantages of using CBs as a pure electric-to-
electric storage capacity are still not clearly
assessed [13]. However, using CBs in MES as a
multi-energy  storage capacity could unlock
additional revenue streams, improving the CB
economic performance.

Among all the CBs technologies, this paper focuses
on Br-PTES, given its high round-trip efficiency
(50-70%) [14], compared to LAES and Ra-PTES
(40-60%) [15] [16]. Br-PTES uses electric energy
to power a Br Heat Pump (HP), which charges a
High-Temperature Thermal Energy Storage (HT-
TES). The stored thermal exergy can then be used
directly for heating purposes or as the hot source to
power a Br discharging cycle [17]. An additional
thermal reservoir, i.e., a Low-Temperature Thermal
Energy Storage (LT-TES), can be used to realize a
closed-loop configuration [13]. The latter is
particularly interesting for MES applications since
coupling the electric, heating and cooling networks
is a typical requirement at the city-district level
[18].

Various storage configurations utilizing solid and
liquid media have been proposed [19]. Liquid
media, like molten salts (at temperatures between
500-800 K) and cryogenic hydrocarbons (180-300
K), show good resistance to thermal cycles and
effective heat transfer capabilities [20]. On the
other hand, solid materials such as magnetite,
hematite, concrete blocks and ceramic balls tend to
be cheaper and can be used in a broader range of
operative temperatures [21] when arranged in
arrayed packed beds [22].

Although many Br-PTES configurations have been

RES generation

RES Curtail.

Wkes

va,curt
Wou
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proposed, their integration in MES is barely
investigated. Authors in [23] proposed the
modelling and integration of Br-PTES at a
domestic scale case study which involves different
energy vectors. However, Br-PTES achieve higher
efficiency when their size is at the grid-scale level,
in which they could become cost-effective and
competitive with the Li-ion batteries. For these
reasons, this paper proposes a novel investigation at
a city-district level. Finally, most papers cited in
the literature survey have focused on Br-PTES
optimal design. However, since the integration of
such storage in real systems is recent, the
investigation of the optimized management
strategies still lacks proper space in the literature.
The contribution of this paper, then, is to simulate a
MES which includes electric, heating and cooling
loads, RES generation units (PVs), and a Br-PTES
to optimize the energy dispatchment at the city-
district level. Given this framework, the results
highlight how the storage interacts with each
energy vector during the different seasons. As a
final result, the paper compares the operating costs
achieved by the traditional electric-to-electric
operation and the multi-energy operation proposed
in this study.

2. Methodology

2.1 System architecture

The case study simulates a likely multi-energy
system operating at a city-district level located in
Sicily, Italy, encompassing different user types,
including 35 residential buildings (100 m? each)
and non-residential buildings, such as 1
supermarket (5000 m? of floor area) and 1
healthcare facility (10000 m? of floor area). A
schematic representation of the district is given in

El. Grid

Winj gria
RES bus

Wabs,gria

PTES

Electric bus
Wais

Electric Was
Demand

Wch

[Thermal |_ Qushr
Demand

Users

-

AT |
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v

» Br HP

v Wenin
Chiller

BrHE ——

Cooling Qusir
Demand

Quis,cooL Qcniut

Cooling bus

QuisHEAT

- Thermal bus
Qabs gria

NG grid

Figure 1. City district model scheme including users’ demand, RES production, grid supplies and PTES storage capacity.
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Figure 1. Each user is defined by its electric,
thermal, and cooling load, with the share of these
three vectors varying seasonally. In addition to its
reliance on electric and natural gas grids, the
system is also equipped with PV modules installed
on buildings' rooftops. Finally, the installed storage
capacity of the system is provided by a Br-PTES,
which can meet the district's electric and
heating/cooling necessities.

The electric, heating, and cooling demand profiles
are simulated through the software nPro [24]. The
software creates the profiles starting from the
annual temperature profile (with hourly resolution)
of the selected location. By doing so, the electric
and thermal profiles are coherent reciprocally and
with the outdoor temperature. The latter was
provided by the METAR database handled by lowa
Environmental Mesonet [25]. A synthetic overview
of the district demands is provided in Table 1.
Concerning the energy prices, ENTSO database
[26] and ARERA [27] are used for the cost of
absorbed electric energy from the grid, cgpser
measured in € MWh, and the cost of the absorbed
thermal energy from the Natural Gas (NG) grid,
Caps,cn, Measured in €/Sm?.

The PV generation data are simulated starting from
the solar radiation data collected from satellite
earth observations [28] and processed employing
the PVIib library for Python [29] to produce the AC
power output. The total installed power of the PV is
size 1200 kW, according to the electric and cooling
requirements of the district.

Table 1. Electric, heating, and cooling loads of the
district

Utility ElL (kW) Heat (kW)  Cool. (kW)
Residential 112 544 313
Hospital 230 1044 950
Supermarket 69 629 418

2.2 Br-PTES storage

The Br-PTES charging and discharging phases are
realized through inverse and direct Brayton-Joule
cycles, Brayton Heat Pump (Br-HP) and Brayton
Heat Engine (Br-HE), respectively, as represented
in Figure 2. Argon is used as the working fluid
since it is one of the most common fluids
investigated in the literature [30], thanks to its
capability of reaching higher temperatures with the
same pressure level as other competitive fluids
(like helium, nitrogen and air), thus increasing the
round-trip efficiency. The HP and the HE operate
between a maximum and minimum temperature
equal to 500 °C and -80 °C, respectively, thanks to
the HT TES and LT TES that act as thermal
reservoirs. The storage technology is modelled by
defining specific charging and discharging
parameters for the HT and LT TES, a,;; and a,y,
which links the charging and discharging heat flow
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rates of the TES to the electric charging and
discharging net power of charging and discharging
phases. Equation (1) and Equation (2) show the

definition of these coefficients, where Wy, Wy;s
are the nominal net power, given by the difference
between the compressor charging input power and
the turbine discharging output power or vice versa.

Qcnur and Qgisyr are instead the associated

nominal thermal power for charging or discharging
the HT TES.

_ Qch,HT_ _ Qdis,HT
Ach 0T = = v Adis HT = —= (1)
_ ch dis
_ (1 - Qch,HT) . _ (1 - Qdis,HT)
AcpLr = = ; Qgispr = = (2)
Wch Wdis

These coefficients are determined by modelling the
charging and discharging thermodynamic cycles by
assuming the maximum and minimum cycle
temperatures (Tmax and Tmin), the iso-entropic
efficiency of the compressor, 7., and the turbine
nise, and the ratio between the maximum and
minimum pressure of the cycles, B, as summarised

in Table 2.
Charge Discharge

Figure 2. Br-PTES configuration with charge and
discharge phases realized by the Br HP and the Br HE,
respectively.

The storage model can simulate different operative

conditions. Once the storage is charged through

electric input by powering the compressor of the

HP, the discharge phase can indeed release other

vectors, as follows:

o Electric-to-electric. The HT and LT tanks act as
hot and cold reservoirs to operate a direct
Brayton-Joule thermodynamic cycle, which
produces electric energy.

e Electric-to-heating. The exergy stored in the
HT-TES is directly used to fulfil the heating
requirements of the district.

e Electric-to-cooling. The exergy stored in the LT-
TES is directly used to fulfil the cooling
requirements of the district.

Table 2. Charging and discharging cycle parameters for
the determination of a4;5 and a ., with Argon as working
fluid. Values based on [30].

Parameter Value
Tmax 500 °C
Tmin -80 °C
B (ch/dis) 4.56/6.54 (-)
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nis,c 0.87 (‘)
Mis 0.92(-)

2.3 Sizing of the components

Given the case study's electrical demand and RES
production, the storage nominal power ratings, W,
and W, are calculated by a preliminary analysis
based on the duration curves of the absolute
difference between the electric demand and the
RES generation. Particularly, W,, and W, are
chosen to match the charging/discharging power
required 80% of the time. The charging and
discharging durations, ., T4 are set equal to 6
hours and 3 hours, respectively, which are typical
values for RES integration purposes. From these,
the nominal HT and LT TES capacities are
calculated as in Equation (3):

1

Cur = Cur = Wass - < - 1) “Tais (3
Qais

Concerning the other components of the district,

the nominal power absorbed from the electric and

NG grids and by the chiller are equal to the

maximum of the electric, heating, and cooling

demand, respectively, as follows: Weypg grig =

Tax Waem)s Qabs,grid = max (Qus,HT) and
Qcni = max (Qus,LT)-
Table 3. Storage sizing parameters
Parameter Value
Cyr 1000 kWh
Cyr 1000 kWh
a,(HT/LT) 2717 (-)
a.,(HT/LT) 1.8/0.8 (-)
Wi 200 kW
W 200 kW
Tch 6h
Tdis 3h

2.4 MILP problem formulation

The optimization is realized using a Mixed Integer
Linear Programming (MILP) approach,
representing  state-of-the-art MES optimization
techniques. MILP guarantees to find the global
optimum in the feasible region Q, assuming the
objective function f,,; and the constraints to be
linear, and the optimization variables x to be
continuous or binary ([0,1] domain). The
optimization problem aims to minimize the
Operational Cost (OC) and is solved with an hourly
timestep ¢ among a 24-hour optimization horizon
(T). The optimization problem is formulated as in
Equation. (4), where f,j; is given by the sum of the

economic losses thzl[ Wabs,grid(t) * Caps,e1(t) +
Qaps,gria(t) * cabs'th(t)] - At minus the economic
gain Z?:l[vvinj,grid ®- Cinj el (t)] - At, where
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Wapsgria and Wiy griq are the absorbed and
injected electric power from the grid, and Q.abs,gn-d
is the heat flow rate absorbed by the NG grid.

i, Gon) Q

The optimization algorithm finds the optimal
values of the optimization variables x, among
which the most important ones are:

e W,, and Wy the charging and discharging
power rate for the Br-PTES

® Wops gria and Qabs'g”-d: the electrical and thermal
heat flow rate provided by the electric and NG
grids, respectively.
e The RES curtailment and the PV power input to
the electric bus: va,cu” and Wygs, respectively
e Integer variable controlling the on-off status of
the storage Konors (1 is on, 0 is off)

e Integer variable controlling the charging or
discharging mode of the PTES, k_j, and kg;;

e Integer variables controlling the electrical or
thermal discharging mode of the storage, k,; and
ken

Regarding the constraints, the energy balances on
the electric, thermal, cooling and RES busses are
necessary to guarantee the users' demand
fulfilment. Beyond those, some specific constraints
characterize the PTES operation. The following list
summarizes the most important ones:

® kep + kais < konogsptes- The charging and
discharging phases are mutually exclusive (i.e.,
when the charge is on, the discharge is off, and
vice versa)

o kyy + ko < kgis. The electrical and thermal
discharges are mutually exclusive (i.e., when the
thermal/cooling discharge is on, the electrical
discharge is off)

e The State of Charge SOC;, of the k-component
(i.e., HT and LT TES) is cyclic over the
optimization horizon T (Equation 6) and is
limited within a SOCy e, and SOCy in
(Equation 5).

SOCimin < SOC(t) < SOCkmax  (5)
SOC,(t = 0) = SOC,(T) (6)

e The charging heat flow rate Qch,k that goes in the
HT and LT TES during the charging phase are
related to the charging electric heat flow rate,
W, by specific coefficients Qcp . Which are
constant with the HP load, as expressed in
Equation (1). The same constraint is valid for the
discharging heat flow rates as expressed in
Equation (2).
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e The SOC of the k-component changes according
to the incoming and outcoming heat flow rates, as
in Equation (7) and (8), where Cj is the TES
capacity and Qdis,th is the thermal discharge
equal to — Qg5 nar and +Qqiscoor (t) for the HT
and LT TES, respectively.

S0C, = SOC,(t — 1) + ASOC, (¢)

Qch,k(t) — Qdis,k(t) * des,m(t) A
Ci

7

ASOC,(t) =

t (8)

e The heat flow rate Qp;; given by the chiller is
related to the electric power absorbed by the
electric bus Wp;; by a Energy Efficiency Ratio
(EER), which is supposed to be constant with the
load. The EER value is set to 3, which is a typical
efficiency for chillers for building applications.

3. Results and discussion

3.1 Simulated operation

The optimization process yields the optimal
dispatching of the three energy vectors (i.e.,
electric, thermal, and cooling) the storage delivers.
Figure 3 and Figure 4 show a summer and winter
representative period, respectively, in which the
storage operation faces some typical seasonal
patterns of the district energy production and
demand. The interaction with the PV production is
visible, especially during the summer when the
surplus caused by the RES integration is generally
used to charge the storage, which is later
discharged according to the necessities of the
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district. For the summer scenario, the electrical
discharges usually happen during the first hours of
the day, when the air conditioning units of the non-
commercial building (supermarket, hospital) are
switched on, causing a consumption peak when the
PV production is not yet significant. Electrical
discharges also happen in the late afternoon when
RES production decreases. In that period of the
day, the cooling discharges also occur to meet the
cooling demand, which is still high (considering the
location of the case study). It is worth noting that in
the summer period, the storage covers part of the
heating load during the central part of the day
(required especially in the domestic building for
domestic hot water). In this case, indeed, the
cooling load is fulfilled by the electric bus, which
benefits from the PV production, and the storage
then fulfils the heating load to lower its State Of
Charge (SOC) and be able to be charged by the
surplus in the following timestep. Despite the
storage covering part of the cooling load as
described, its contribution to the district cooling
requirements is limited to a couple of hours in the
daytime. This behaviour is because the separate
chiller installed in the district works with a higher
energy efficiency ratio than the one of the PTES (3
versus 1.7). For this reason, the optimizer chooses
to directly exploit the electric grid during the
daytime when there is a surplus produced by the
RES because it is more convenient and uses the
cold stored in the LT TES in the evening hours
when the RES production is low.
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Figure 3. Summer scenario. First image represents the charge/discharge power rates of the storage; second image the SOC
of HT and LT storages, third image the electric load fulfillment; forth image the thermal load fulfillment.
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Figure 4. Winter scenario. First image represents the charge/discharge power rates of the storage; second image the SOC
of HT and LT storages, third image the electric load fulfillment; forth image the thermal load fulfillment.

A different behavior, instead, happens in the winter
scenario. In this case, the PTES significantly
contributes to the fulfillment of the heating load,
exploiting the HT TES for 5-6 hours per day in the
thermal discharge mode. The HT TES, indeed,
charges and discharges heat with a higher
efficiency compared to LT TES (see values for a4
and a.p, in Table 2). Since the LT TES acts as the
cold reservoir, indeed, has a limited operation
compared to the HT TES, which is the hot reservoir
for the involved thermodynamic cycle. This is the
reason why the LT TES SOC (visible both in
Figure 3 and Figure 4) is not able to follow the HT
TES SOC. In other terms, for an equal electrical
charge/discharge, the SOC slope of the LT TES is
always smaller than the SOC slope of the HT TES.
This results in a worse exploitation of the storage
capacity, i.e., the SOC of the LT TES varies in a
more limited range compared to the HT TES. As a
final result, the PTES contribution for the heating
is more significant than the one for the cooling.
Besides the RES production, the thermal and
electricity prices also affect the storage operation.
Both summer and winter scenarios show that
sometimes the storage is charged directly from the
electric grid during the night-time, buying surplus
electricity compared to the electric load. This is due
to the lower energy price, which characterizes the
night hours. Focusing on the winter scenario, the
storage is charged during the night and releases
thermal discharge during the first hours of the
morning, where the space heating units work with
maximum power to heat residential and non-
residential  buildings. Finally, the electrical
discharges happen mostly during the late afternoon,
when an electric consumption peak occurs.

0OC/0Cy

3.2 Impact of multi-energy storage operation

The previous section provided a qualitative analysis
of the PTES contribution to the analyzed MES,
showing a three-day sample period. However, the
final purpose of the simulation is to estimate the
benefits of using multi-energy storage for a MES
application. For this reason, this section provides a
quantitative yearly comparison between the PTES
operating as a traditional Electric-to-Electric (E-E)
storage and the proposed concept of Electric-to-
Electric/Heating (E-E/H) or Electric-to-
Electric/Heating/cooling (E-E/H/C) storage. Figure
5 compares these three cooperative conditions in
terms of OC. The results are normalized with the
operating costs in case of no storage capacity
installed in the system (OCy). As the plot clearly
shows, the operational costs are reduced when the
PTES interacts with the district to provide
electricity, heating, and cooling. The only E-E
operative condition provides significant cost
reduction compared to the no storage case by
lowering the OC by 5%. Introducing the E-E/H and
E-E/H/C modalities provides an additional

1.00
0.98
0.961
0.941

0.92{ I |
No storage E-E E-E/H E-E/H/C

Figure 5. Yearly operating cost for different Operative
Costs (OC) of the PTES. Electric-to-Electric (E-E),
Electric-to-Electric/Heating (E-E/H) and Electric-to-
Electric/Heating/Cooling (E-E/H/C). The subscript 0
refers to the case of no storage capacity.
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reduction in the OC, equal to 2% and 1%,
respectively. It is worth noting that the E-E/H/C
mode brings to a limited improvement of the
overall OC, because the PTES works as cold
storage for a limited number of hours during the
year. This phenomenon occurs due to the limited
performance of the LT TES, as discussed in the
previous section. Anyway, as a final result, the
PTES working as a multi-energy storage is able to
reduce the OC of 8% overall.

4. Conclusions

The present work aims to simulate the integration
of Brayton-based PTES storage in a multi-energy
system at a city-district size, which involves
electric, heating, and cooling demand. The system
operation was optimized through a Mixed Integer
Linear Programming approach to minimize the
operating costs. The qualitative results of the
simulation showed that the PTES properly interacts
with the community by delivering the optimal share
of electric, heating, and cooling discharges to fulfil
the demand. Beyond that, the quantitative analysis
highlighted that using the PTES as a multi-storage
capacity significantly reduces the operating costs
compared to only electric-to-electric usage,
typically proposed for this technology [13].
Comparing these results with the literature, it is
found that similar performances (overall operative
cost reduction around 10%) were already achieved
in [11], by adopting a MILP formulation as well
and using a Ra-PTES storage device. However, the
cited paper highlights that including the capital
costs makes the PTES technology less cost-
effective than traditional Li-ion batteries. These
findings, then, encourage further analysis to
compare the Br-PTES with the other grid-scale
technologies, and better define its potential for
MES applications. Basing on the benefits showed
in the results section, indeed, the proposed storage
technology gives support to the idea of enhancing
energy communities within multi-energy vector
concept, which has been already supported by the
new Eu policies.

It is worth to note that the discussed results are
related to the single selected case study (i.e., fixed
RES, load profiles and storage capacity). Further
sensitivity analysis on the storage size, RES
penetration and RES profiles (e.g., wind generation
beyond solar radiation) could help better define the
most suitable application for Br-PTES at a city
district level. Finally, from a modelling point of
view, this study only considers a first law approach
(i.e., only energy exchanges are included in the
model). It would then be interesting, as a further
step, to evaluate the actual performances of the
system when heat is exchanged under temperature
differences and assess the potential of Br-PTES

Vasteras, Sweden, September 26-27, 2023

with different temperature levels on the demand
side.
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Acronyms and abbreviations

Br Brayton-Joule
CAES Compressed Air Energy Storage
CB Carnot Battery
COOL Cooling
E-E Electric to Electric
E-E/H Electric to Electric/Heating
E-E/H/C Electric to Electric/Heating/Cooling
EER Energy Efficiency Ratio
ESS Energy Storage System
EU European Union
HE Heat Engine
HEAT Heating
HP Heat Pump
HT High Temperature
LAES Liquid Air Energy Storage
LT Low Temperature
MES Multi Energy System
MILP Mixed Integer Linear Programming
NG Natural Gas
oC Operating Cost
ORC Organic Rankine Cycle
PTES Pumped Thermal Energy Storage
PV Photovoltaic
Ra Rankine
RES Renewable Energy Sources
SOC State of Charge
TES Thermal Energy Storage
Symbols
Electric to heating/cooling power
Compression ratio
Cost
Nominal storage capacity
Difference
Function
Efficiency

Binary optimization variable
Feasible region

Thermal power

Nominal thermal power
Temperature

Optimization horizon
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T Duration

t Time

w Electric power

w Nominal electric power
x Continous optimization variables
Subscripts

abs Absorbed

c Compressor

ch Charge

chill Chiller

curt Curtailment

dem Demand

dis Discharge

el Electric

inj Injected

is Iso-entropic

min Minimum

max Maximum

obj Objective

onoff On-off status

t Turbine

th Thermal

us Users

0 Base-line scenario
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Abstract

With the growing demand, electrification, and renewable proliferation, the necessity of being able to forecast future
demand in combination with flexible energy usage is tangible. Distribution network operators often have a power
capacity limit agreed with the regional grid, and economic penalties await if crossed. This paper investigates how
cities could deal with these issues using data-driven approaches. Hierarchical electric load data is analyzed and mod-
eled using Multiple Linear Regression. Key calendar variables holidays, industry vacation, "Hour of day” and ”Day
of week” are identified alongside the meteorological heating-, and cooling degree hours, global irradiance, and wind
speed. This inexpensive algorithm outperforms the benchmark “weekly Naive” with a relative Root Mean Squared
Error of 35% for the year-long rolling origin evaluation. Learnings from the data exploration and modeling are then
used to evaluate the Al-based model Light Gradient Boosting Machine. Using similar explanatory variables for this
expensive algorithm results in a relative error of 45%, although it outperforms the previous one during the summer.
The models have varying strengths and weaknesses and could advantageously be combined into an ensemble model
for improving accuracy. Incorporating detailed knowledge of local renewable electricity production in combination
with hierarchical forecasting could further increase accuracy. With domain knowledge and statistical analysis, it is
possible to create robust load forecasts with acceptable accuracy using easily available machine-learning libraries.
Both models have good potential to be used as input to economic optimization and load shifting.

1 Introduction ern half of the country. However, due to the rapid
growth and end of life for several southern nuclear
power plants there are short-term issues in the trans-
fer capabilities, meaning the southern demand cannot
be sustainably fulfilled with northern electricity. In-
tense reinforcement and expansion of the high-voltage
grid may eventually make it possible to supply the ad-
ditional demand. In the long-term however, the in-
crease in electricity usage in the northern areas could
lead to a shortage of energy to transfer to the south.
Therefore, there is a need for increased local produc-
tion in the energy-intensive southern cities and regions
for a robust and resilient local energy system (Nik et

A part of the solution to reach the global climate goals
is to use renewable energy sources, which are volatile,
intermittent, and non-dispatchable by nature (Huber et
al., 2014). This poses several questions about con-
tinued grid stability and conventional power plants
need to adapt to this reality by operating more flex-
ibly, ramping up and down at a pace not traditionally
seen (Beiron et al., 2020). Uncertainty and volatility
in electricity production from variable renewable en-
ergy sources could be handled with demand response
(Meliani et al., 2021) and the utilization of energy stor-

age for load shifting (Cebulla et al., 2017). al., 2021).

In Sweden, the electrification of the transport and in- In Eskilstuna, a city located in the Mélardalen region,
dustry sector is crucial for carbon emission reduction, the dispatchable local electricity production currently
leading to significant growth in electricity demand. makes up a small portion of the total demand, the rest
Two outstanding examples of industrial growth are is imported. The addition of several megawatt-size
the HYBRIT green steel project in the northern parts (MW-size) photovoltaic (PV) parks, and a wind tur-
(Ohman et al., 2022), and the southern Milardalen re- bine park will increase the yearly energy self-usage ra-
gion due to its dense population and the addition of tio. However, it does not resolve the issue on an hourly
new electricity intense industries. Electricity has tra- and seasonal basis, as there is no substantial electricity
ditionally been transferred through the national grid generation from PV in the evenings as well as during
from northern hydropower plants, and more recently winter in Sweden. With the growing demand, electri-

offshore wind turbines, to the energy-intense south- fication, and renewable proliferation, the necessity of
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being able to forecast future demand in combination
with flexible energy usage is tangible. Reliable fore-
casts can enable system operators and utilities to better
manage the demand and supply balance in real-time,
and control energy storage units for shifting load from
high to low production periods, i.e. from day to night,
or summer to winter. Use cases for forecasts range
from long-term world trends and national changes to
medium- and short-term changes on a regional or city-
scale level (Hong et al., 2020). Forecasting is essen-
tial for the energy and power sector and the area has
gotten attention for many decades, but with increas-
ing computational power and new advanced models,
the area is regaining focus. Individual investigations
are necessary as each dataset is unique and more com-
plex models do not equal increased accuracy. Manag-
ing energy assets based on bad forecasts can lead to
higher operating costs and, in a worst-case scenario,
blackouts in the power grid.

Forecasting can be divided into three main parts us-
ing a systems engineering perspective; Input, Model,
and Output (Hong & Fan, 2016). Size of historical
data for training and the selection of both dependent
and independent variables are examples of Input vari-
ables. If the data is disaggregated by geographical
location, then hierarchical forecasting can be chosen
as the Model technique (Hong et al., 2020). Other
Model variants are the selection of e.g. non-linear or
linear, black-box or non-black-box models, and their
respective parameters. The predictions (Output) can
be combined into ensembles, which is usually consid-
ered the best practice (Wang et al., 2018). The appli-
cation of the forecasts matters, peak prediction gener-
ally demands an approach that is different from fore-
casts used for operational optimization of energy units
(Gajowniczek & Zabkowski, 2017). While numerous
forecasting techniques have been proposed, there is
no one-size-fits-all, a detailed analysis of the specific
case is needed for maximizing the forecast accuracy.

This paper focuses on forecasts and their usage on
the urban and sub-urban electricity demand levels in
a city via a case study of the Eskilstuna Stringnés
Energi och Miljo (ESEM) electrical grid and energy
system. Short-Term Load Forecasting (STLF) is ap-
plied to the geographically disaggregated hourly av-
erage electric load. The aim of this study is to cre-
ate and explore a framework to analyze and evalu-
ate forecasting models and determine which calendar
and meteorological input variables are best suited for
forecasting the electricity demand in cities similar to
the studied city. Multiple Linear Regression (MLR)
and Light Gradient Boosting Machine (LGBM) are
compared to the benchmark “weekly Naive” to deter-
mine whether advanced Al-based methods provide ad-
ditional value compared to simpler benchmarks. Im-
plementing these forecasts for control of energy stor-
age units and other flexible assets is discussed, and

Vasterds, Sweden, September 26-27, 2023

possible strengths and weaknesses of the two models
are emphasized.

The rest of the paper is structured as follows: In sec-
tion 2: Methodology, data acquisition, algorithm cre-
ation, and model selection are presented. In section
3: Results and Discussion, the choice of explanatory
variables and model results is presented and criticized.
The study is concluded in section 4: Summary and
Conclusions, where the road ahead is elaborated.

PV
80A

Figure 1. Three central and four outer transformer sta-
tions, together with PV-park of different sizes,
make up the city’s total energy usage.

2 Methodology
2.1 Data acquisition and pre-processing

The dataset used herein comprises hourly average
electrical load in MW from 2020-09-11 to 2022-10-
31 (2 years, 1 month, 20 days) and is collected for
all entry points (transformer stations) between the re-
gional and the local grid. Local electricity production,
e.g. small-scale hydropower generation, has been ac-
counted for according to which transformer station
they are connected to. The summation of the seven
transformer station loads, together with the generation
from all large (63 and 80 Ampere) PV installations,
makes up the total energy usage of the city, denoted as
”total energy usage” in this paper (and ”Tot” in Fig. 1).
The electricity generation from smaller local PV in-
stallations, such as private households, is not included
in the total energy usage. The PV installations are not
separated into individual time series according to their
location; therefore, they must be excluded from the
grouped forecasting part of this study. Instead, each
individual transformer station and the sum are used for
grouped forecasting.
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2.2 Data exploration, correlation, and other statistics

To build an accurate forecast model, several meteo-
rological and calendar explanatory variables are eval-
uated in terms of correlation with total energy usage
and improvement in model accuracy. Some of the me-
teorological variables are reanalysis data of wet and
dry temperature, wind speed, rain, and global irradi-
ance from SMHI (2023). Measured in-situ tempera-
ture from the central power plant is also used, includ-
ing smoothed variants, i.e. moving averages with dif-
ferent window sizes. Cross-effects can be calculated
by multiplying meteorological and calendar variables
(Hong et al., 2010). Degree days and -hours for heat-
ing and cooling, which is the temperature difference
below or above a certain threshold multiplied by time
(Chabouni et al., 2020), are examples of cross effects.
The correlation coefficient between each transformer
station’s load and the reanalysis dry temperature varies
between -0.32 to -0.80 (-0.56 for the total load). Such
a varying correlation with temperature is indicating
the different patterns of usage for different parts of the
city. A closer look reveals that the dry temperature
gives higher accuracy more often than the wet.

By plotting the load versus different categories, e.g.
in a box plot with the hour of the day on the x-axis,
the daily load distribution is shown. The load is sig-
nificantly lower during the night compared to the day.
During autumn, winter, and spring a morning peak at
09:00£1h, and an afternoon peak at 17:00 £=1h, is iden-
tified. However, the load pattern during summer is
different, with a single peak at 11:00 +1h.

Public holidays are considered non-typical days
(Eroshenko et al., 2017) where the load is significantly
lower. Additive decomposition of the trend, sea-
sonal and residual components (Hyndman & Athana-
sopoulos, 2018) is applied using the Python library
Statsmodels (Seabold & Perktold, 2010). Similar to
Isik et al. (2023) the MSTL (Multi Seasonal Trend De-
composition using LOESS (Locally Estimated Scat-
terplot Smoothing)) reveals daily and weekly season-
ality.

2.3 Forecast models and benchmark

The benchmark model is selected as the well-known,
in energy forecasting, "weekly Naive” (copy-paste the
previous week’s values as the forecast for the next).
It captures the weekly seasonality in the data and
therefore outperforms the ”daily Naive” (Kolassa et
al., 2023). A persistence-based benchmark, meaning
finding and copying days that are more similar than
simply the weekly pattern, is used in a recent forecast-
ing competition (Farrokhabadi et al., 2022). It can lead
to a more accurate Naive benchmark but at a higher
cost of implementation and reduced transferability to
other cases, therefore not selected in this study.
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The machine learning algorithm MLR is widely used
for electric load forecasting and produces forecasts at
low computational cost (Kuster et al., 2017). Eq. 1
shows MLR with two independent variables (Hong et
al., 2010) as an example:

Y = Bo+ i X1+ BoXo+e (1

where Y is the dependent variable, X; and X, are inde-
pendent variables, s are parameters to estimate, and e
is the error term. See Supapo et al. (2017) for a more
detailed explanation of MLR. Even though it cannot
capture nonlinear relationships by definition, MLR
is used because of its scalability and interpretability,
while also achieving state-of-the-art performance in
many cases. The Al-model LGBM, on the other hand,
was highly represented in a recent energy predictor
competition (Miller et al., 2020). It is recognized as
suitable for electric power modeling, and explained in
more detail in the open literature (Tan et al., 2021).
One obvious benefit of this model is that it can capture
non-linear relationships while still remaining compu-
tationally feasible.

The proven track record and community support
alongside their simplicity (no hyperparameter tuning),
and compatibility (use of the same past and future co-
variates) conclude that MLR and LGBM are suitable
for this comparative study. The models are available
in the Python library Darts, which is used in this study
(Herzen et al., 2022).

2.4 Algorithm creation

The algorithm (referred to as Historical Forecasts in
this study) is depicted in Fig. 2. First, necessary in-
puts are given to the algorithm; forecast horizon, size
of historical load for training, number of lagged (past)
target values to use, how many hours to jump before
making a new prediction, how many predictions to
make before retraining, and when to stop. Future and
past covariates including their lags can also be given
to the model, e.g. temperature and day of the week.
A prediction start date is given for splitting the data,
otherwise, it will start as soon as possible given the
size of the training and available data set. The model
is trained, and predictions are made according to the
inputs, and at some points retrained. Historical Fore-
casts uses a rolling window approach for the rolling
origin evaluation of the forecast (Hewamalage et al.,
2023). Each prediction, error, and error metric are
saved for further analysis.

2.5 Forecast evaluation: the full-year run

A rolling origin evaluation of the model is applied
via the Historical Forecasts algorithm using a fore-
cast horizon of 168h, jumping 17h forward between
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Figure 2. Flowchart of the algorithm Historical Forecasts
created for this study.

each prediction, retraining every 100th prediction and
hence doing a total of 515 predictions. The forecast
horizon is selected to match the horizon of available
weather forecasts, and the jump between predictions
is chosen as a prime number to minimize the chance of
resonance with any of the seasonal patterns. Past lags
for the load and lags for the future- and past covariates
are set to 168h. The evaluated period is approximately
1 year and 1 week, referred to as the full-year run”.

Given the size of available data, the maximum training
size is approximately one year, one month, and two
weeks for doing a full-year run. Varying the training
size between lower than a year, one year, one year plus
two weeks, and maximum size, the ”one year plus two
weeks” gave the best accuracy. Including a year of
training data and predicting a week ahead means the
model has seen the predicted week once, but adding
at least one more week to the training data means the
predicted week has been seen twice. Including max-
imum available data showed no significant accuracy
improvement. This study is not aiming to prove the
optimal training size, as there are many other possible
approaches that have not been evaluated. The models
are trained four times over the course of the full-year
run, as the load profile and temperature dependency is
known to be different for the four seasons. During the
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analysis where the number of retraining was varied,
it was shown that re-training too often (every day or
week) did not necessarily have a positive effect on ac-
curacy, and certainly not on computational expense.
Not re-training at all gave increasingly diverging er-
rors, therefore the final re-training is set to four times.
For every full-year run, 86 520 errors (multiply fore-
cast horizon by the total number of predictions) are an-
alyzed, together with 515 average errors (one for each
prediction made), and a single average error. Which
error metric to be used for different datasets can be
derived from Hewamalage et al. (2023). Root-Mean-
Square Error (RMSE) and Mean Absolute Percentage
Error (MAPE) are concluded as the two most com-
mon ones used for STLF of electrical load in Nti et
al. (2020), the former used in this study and presented
in MW. The relative RMSE (rRMSE), defined as the
RMSE of MLR and LGBM respectively divided by
RMSE for the "weekly Naive”, is used to quantify the
performance against the benchmark.

An extensive analysis is done where the least com-
putationally expensive model MLR is used for run-
ning hundreds of full-year runs, each generating er-
rors that are compared. Periods with the largest er-
rors, such as public holidays, are focused on sepa-
rately, as well as the yearly peak, and the summer
period. One explanatory variable is added after the
other manually, including several combinations, the
model parameters are varied, and the results are eval-
uated. Through combinations of visual inspection of
the animations and plotting the model errors in dif-
ferent graphs, calculating and comparing the error
metrics, the key explanatory variables are concluded.
When no significant improvement is achieved with
this semi-structured scrutiny of the MLR, the analy-
sis is stopped. The same analysis is not done with
the LGBM due to the computational expense, where
only a few selected parameter changes are made to
verify the model behavior, e.g. reducing training size
reduces accuracy.

3 Results and Discussion
3.1 Final set of explanatory variables

By applying the methodology and analyzing the re-
sults, eight explanatory variables are selected, denoted
as “’the final set”, shown in Table 1. The impact of
adding each explanatory variable to the models is an-
alyzed. The first row of the table shows the aver-
age RMSE for the full-year run, including only one
explanatory variable; “Day of Week”. In the sec-
ond row, the "Hour of day” is added to the models,
and the resulting full-year run RMSE is presented.
Consequently, the models in the last row contain all
the seven above explanatory variables, including the
eighth, Wind speed.
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Figure 3. Additive load MSTL with seasonality periods of 24 and 168. Temperature is added to the bottom residuals graph.

Table 1. Final set of explanatory variables and the full-
year run average RMSE (MW) for both MLR
and LGBM, consecutively adding the explana-
tory variables in order of appearance

Explanatory variable MLR LGBM
Day of week [0-6] 4.54 4.74
Hour of day [0-23] 4.56 4.72
Holidays [0 OR 1] 4.44 4.53

Industry vacation [0 OR 1]  4.31 4.35
Heating hours [Kh, < 10°C]  2.20 2.89
Global irradiance [W/m?] ~ 2.12  2.68
Cooling hours [Kh, >20°C]  2.06 2.65
Wind speed [m/s] 2.04 2.71

The choice of the calendar variables ”Day of week”
and “Hour of day” as explanatory variables are jus-
tified with the load decomposition, as a daily and
weekly seasonal pattern is shown in Fig. 3. Analyzing
the bottom residuals graph shows a negative correla-
tion with temperature for this winter example. When
not explained by temperature, large peaks in the resid-
uals can be explained with knowledge of public hol-
idays (Christmas and New Year). Further, there is a
significant reduction in load due to the common indus-
try practice of closing their operations during the sum-
mer vacation period. A binary variable which is set to
zero for those four weeks is added, further improving
the accuracy shown in Table 1. A variable for cover-
ing the thermal load is needed, as electricity is used
for heating and cooling. Degree hours are part of the
final set, as they give better results than degree days
and temperature. Global irradiance and Wind speed

improve the accuracy, apart from several of the other
meteorological variables, and are therefore included.

For justifying degree hours and the use of Holidays,
MSTL is applied to the entire dataset, and the residu-
als are plotted against outdoor temperature in Fig. 4,
with public holidays plotted separately. A portion of
the residuals are significantly lower than the rest of
the residuals during public holidays. Excluding public
holidays and adding a LOESS line of the best fit gives
a curve explaining how the residuals vary with temper-
ature, depicted as "Smoothed” in Fig. 4. Residuals are
negatively correlated with temperatures below 10°C
while positively correlated with temperatures above

20°C.
® Ordinary day
10 A X Public holidays
Smoothed
5 | Y
ER A -
= 0d xR M BEREBRIE o L. ]
©
=]
=]
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Figure 4. MSTL residuals vs temperature.

3.2 Impact of explanatory variables

Adding certain explanatory variables means only a
slight improvement in the full-year run accuracy, and
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their existence in the final set needs to be questioned.
Adding Wind speed in LGBM reduces large errors for
some hours of the year at a cost of a higher average er-
ror for the full-year run. Quantifying the economic im-
pact of reducing high errors for a few e.g. windy days,
at the cost of a slightly worse overall performance, is
a possible way to solidify the existence, and estimate
the worth, of the explanatory variables.

The addition of the second explanatory variable ”Hour
of day” means that the forecast is performing worse
for the MLR as seen in Table 1. However, "Hour of
day” is making the LGBM forecast better and there-
fore kept in the final set, also because it shows a cor-
relation with the electrical load in the data exploration.
Discussions with the stakeholders about the future use
of the models can also help in determining whether an
explanatory variable should be included in the model.

—— MLR (average 2.04)
81 —— LGBM (average 2.65)
Naive (average 5.86)

51 |

1 [

34 \M
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Figure 5. RMSE for MLR, LGBM and “weekly Naive”.

3.3 Model results comparison

The results in this paper show that there is no one-size
that fits all. When comparing on a single error metric
for the full-year runs, the MLR is concluded as supe-
rior in terms of accuracy over the LGBM. This despite
the fact that a single metric is not giving any detailed
insights into the performance of each model. Compar-
ing the performance over the course of the year gives
different winners for different periods.

The full-year run results for comparing MLR with the
LGBM, including the Naive benchmark, are shown in
Fig. 5. The best-performing models according to Ta-
ble 1 give an average RMSE of 2.04 (rRMSE of 35%)
for MLR and 2.65 (rRMSE of 45%) for LGBM, com-
pared to 5.86 for "weekly Naive” in the full-year run.
MLR is performing better for three of the four seasons
ofthe year, while LGBM is periodically more accurate
during summer, as Fig. 5 shows. A single noon peak
during summer, and morning and afternoon dual peaks
for the rest of the year in the dataset could be a reason
why the LGBM outperforms MLR during periods of
the summer and vice versa.
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Figure 6. Left) Probability Density Function of the errors.
Right) AutoCorrelation Function of the errors.

Another way of comparing the two best-performing
models is by analyzing the shape of the histogram of
the errors (all 86 520 errors for the full-year run), as
seen to the left in Fig. 6. Both models produce errors
close to a normal distribution centered close to zero
for the full-year run. The centers of the distributions
are slightly tilted towards a negative number for MLR,
and a positive number for LGBM.

The autocorrelation plots, to the right in Fig. 6, are
shown for the same prediction (out of the 515 pre-
dictions made, i.e. the 55th) for both models. First,
they show that most of the past (lagged) errors are
not significantly autocorrelated, except for the first 3—
10 errors. This is concluded as serial autocorrelation,
meaning if the model is wrong in one direction for the
first time step, it will likely be wrong in the same direc-
tion in the next step. Second, seasonal autocorrelation
is also observed, meaning if the prediction is too low
one day, it is likely to be too low on the following day,
in a seasonal pattern. Third, these plots highlight that
both forecast models produce different errors from an
autocorrelation perspective, and are therefore suitable
for combining.

Model errors

10 1

MLR
S)

—-10 1 ..: - -
e + + Correlation coefficient 0.431

-10 =5 0 5 10
LGBM

Figure 7. MLR vs LGBM full-year run model errors.
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The errors from the two best-performing models are
plotted against each other in Fig. 7, and they show a
weak correlation. This, together with the distribution
of the errors in Fig. 6, shows good potential for com-
bining into an ensemble model. Accuracy improve-
ments are expected when combining models accord-
ing to the literature (Wang et al., 2018) and forecasting
competitions (Miller et al., 2020) but a deeper analysis
of this specific case study is needed. The MLR is the
winner computationally-wise, it takes about 60 times
more time for the LGBM to finish the full-year run.

3.4 Grouped forecasting

The available data are spatially separated and grouped
forecasting is applied. The same explanatory variables
as the best-performing MLR model and the same set-
tings, e.g. forecast horizon, have been used for the
modeling of each individual transformer station. A
full-year run is made for all seven transformer stations
and the predictions are added together, called Pre-
dict Then Sum (PTS). This is compared to the model
trained on the sum of the individual transformer sta-
tions, called Sum Then Predict (STP), which is slightly
different from the total energy usage used in this pa-
per (see Methodology for explanation). The differ-
ence between PTS and STP is larger during the heating
period, shown in Fig. 8. In general, the grouped PTS
forecasting method performs worse, apart from a few
exceptions for the full-year run.

—— X 4.98 Predict Then Sum
8 —— X 2.21 Sum Then Predict
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Figure 8. RMSE when forecasting each individual trans-
former station separately versus their sum.

Comparing PTS with STP show that forecasting on
a more aggregated scale is preferred. The correla-
tion between the electrical load and each transformer
station, presented in the Methodology section, varies
between -0.32 and -0.80. This suggests that the im-
portance of temperature (or temperature variants such
as degree hours) when describing the load can vary
considerably. Knowledge of each PV park and cus-
tomized models for each transformer station could im-
prove accuracy further.
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3.5 Model dynamics

The algorithm Historical forecasts can produce ani-
mations of the predictions plotted against the actual
load. In Fig. 9, frame 6 out of 25 from an example
prediction, which includes the yearly peak of 2021, is
shown. The best-performing MLR model is used to
produce this frame. The inputs used can be seen at the
top left, and the error metrics calculated for this frame
are at the bottom left. The bottom error graph shows
the difference between the prediction and the actual
load for the 168h forecast horizon framed between the
two vertical dashed lines. Zooming in around the day
of the yearly peak and analyzing the accuracy of the
prediction three days before shows that the model un-
derpredicts with approximately 3 MW and 31 MWh
for the entire day. If the same analysis is done a few
frames later, just 12h before, the numbers change to 1
MW and 10 MWh respectively.

During visual inspection of the predictions, dynamic
behaviors are revealed. In some cases, when the
model underpredicts the load on the next day, it also
underpredicts the day after that, and the following,
meaning the average prediction is too low. Dealing
with seasonal data makes the presence of seasonal au-
tocorrelation expected. Not until the first day of un-
derprediction has passed does this level out and the
model corrects the average level to fit the upcoming
days better. This is a good simulation example of how
the forecast would have reacted in such a case, it does
not know it is underpredicting until the days pass.
Another important performance indicator, which is
not straightforwardly easy to measure, is the trustwor-
thiness and explainability of the models. The LGBM
produces predictions that do not have a smooth pat-
tern, meaning the first derivative of the predictions
during midday alters between positive and negative
values consecutively. MLR on the other hand pro-
duces predictions where the first derivative less often
changes sign and can be seen in Fig. 9. Introducing a
forecast model to decision-makers or operators, which
don’t like or trust it, could affect its usefulness, suc-
cess, and arguably profitability (Kolassa et al., 2023).

4 Summary and Conclusions

In this paper, a framework to analyze and evaluate
forecasting models is explored. The performance
of two models, MLR and LGBM, are evaluated us-
ing a dataset from the local grid operator of Eskil-
stuna. Different sets of explanatory- and model vari-
ables are tested, concluding the calendar variables;
”Day of week”, "Hour of day”, Holidays and Indus-
try vacation period, and the meteorological variables;
Global irradiance and Wind speed together with the
cross-effect variables; Heating hours below 10°C and
Cooling hours above 20°C as the final set. While
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Figure 9. A frame of the animation produced by the algorithm Historical Forecast.

public holidays and non-typical periods still cause
the largest errors, adding binary explanatory variables
for these significantly improves accuracy. The best-
performing MLR and LGBM models outperform the
“weekly Naive” benchmark model with TRMSE of
35% and 45% respectively. MLR is producing lower
errors compared to the more computationally expen-
sive LGBM for the heating period, while it is diffi-
cult to unanimously declare a winner for the summer
period. Adding an economical dimension can help in
determining the acceptable level of accuracy, and sug-
gested measures for enhancing the models is hierarchi-
cal and ensemble forecasting. Adding further models
(e.g. Artificial Neural Networks based), has the po-
tential to improve the accuracy. Techniques for se-
lecting training data, and optimizing re-training inter-
vals can be investigated further. Expanding the study
to include more forecasting models and techniques,
and additional explanatory variables (e.g. the national
forecast of PV production), would be an interesting
path to deepen the knowledge of this specific case.

4.1 The road ahead and future usage

The electrical grid environment is rapidly evolving.
Changes in usage patterns, price volatility, and the
installation of intermittent renewable energy are just
some of the factors that affect the future. In that con-
text, an important aspect when deciding the best model
is the ability to adapt and change to better fit the load
evolution, adaptability was a key concern during the
Covid-19 period (Farrokhabadi et al., 2022). MW-size
PV and wind parks are being commissioned from one
day to the next, making the historical data less relevant
for forecasting. Although important, this study is not
evaluating the model’s adaptability, or robustness.

Before implementing forecasts in real-life applica-
tions, such as planning and controlling electrical en-

ergy storage, an economic dimension should prefer-
ably be added to the analysis. Large economic penal-
ties can be the consequence of underpredicting the
annual peak on the grid. The best-performing MLR
model produced an error in the order of 3 MW for the
yearly peak and 31 MWh for that entire day, three days
in advance. Depending on the size and availability of
local storage, this may or may not be acceptable. This
despite the fact that the model accuracy seems to be
in line with, or even better than, the overall Swedish
national load forecast produced by Svenska kraftnét
(Kazmi & Tao, 2022). Forecasting national load is ar-
guably an easier task due to its long history and consid-
erably more in-house knowledge. Internal discussions
with the local grid operator of Eskilstuna suggest that
the errors are not acceptable, considering possible fu-
ture energy storage investments. Consequently, point
load forecasts, produced here, could be used for ev-
eryday short-term management and hourly spot-price
optimization, while other methods should be used for
peak prediction and peak-shaving as shown in the lit-
erature (Gajowniczek & Zabkowski, 2017).

A future energy storage system will be connected to
one of the seven transformer stations. Depending on
the location, the forecasting method needs to be con-
sidered and customized. This customization, and de-
tailed information about PV parks, can result in high-
accuracy forecasts (Hong et al., 2020). Connecting
these forecasts to an energy storage management- and
sizing problem is the potential next step of this study.
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Abstract

The rapid growth of technology and digitalization lead to an increase in the number of data centers around the
world. Data centers produce a considerable amount of heat because of their servers and a large number of
electric components. The heat generated by the data centers can be used as a potential source of heating, but the
quality (temperature level) of the heat is normally low. In this work, the temperature of the excess (cooling)
water from a data center is 45 °C. Generally, there is a possibility to use heat pumps to improve the quality of
the heat. To obtain a district heating temperature of 60 °C, 70 °C and 80 °C, the coefficient of performance
(COP) was calculated to 5.5, 4.3 and 3.5, respectively. This work is about utilization of the excess heat from a
data center with three alternative heat pump solutions with a payback period and economic potential for 10 and
20 years. The simulation process was done by Aspen HYSYS. It was observed that the payback period as
expected increases with decreasing COP. The payback period was calculated to values between 2.6 and 5.5
years, depending on the market situation and the delivery temperature. In this work, it is shown that Aspen
HYSYS is a reasonable tool to calculate alternatives for heat recovery from data centers based on heat pumps.

Key words: Data center, heat recovery, district heating, heat pump, Aspen HYSYS

1. Introduction

1.1. Background

With the development of information in technology
these days, the need for using DCs! has steadily
increased which has led to an increase in the
electricity consumption. On a global scale, the DC
electricity demand has risen from about 1.3% of the
world’s electricity use in 2010 to 2% in 2018 and is
expected to keep growing to reach up to 13% in
2030 (Oltmanns et al.,, 2020). Moreover, the
demand for data processing will be increased day to
day which means the consumption of higher energy
and higher CO, emission into the environment and
consequently global warming as well as the
electricity consumed in a DC almost completely
converts to heat. All heat generated by the DCs can
be used as a potential source of heating. the cold
climate in Nordic countries is extremely suitable
for DCs, providing much-needed cooling energy
while there is a high demand for heat in these
countries. However, the waste heat temperature is
generally lower than the required heating
temperature, which is a crucial obstacle for using
this waste heat.

1 Data centers

The heat pump technology can raise the
temperature of waste heat to the required heating
temperature by using high-grade energy like
electricity and make this approach economically,
financially, and environmentally profitable. Also,
there are many options for waste heat recovery
location in DC, such as the waste heat of return air
from CRAC?, CRAH3, the waste heat of the
cooling water from IT room, and the waste heat of
cooling water from chillers which will make
different capacity and temperature for waste heat
recovery. Moreover, required heating temperature
and different cycle type of heat pumps can lead to
different thermodynamic and financial evaluation
(Li et al, 2021). In summary, in this study,
thermodynamic and economical evaluation is based
on the required heating temperature and a basic
cycle of heat pump and then economic
consideration is investigated.

1.2. Literature review on energy recovery from
DCs

There are different techniques for recycling waste
heat for low temperatures. A simple way to reuse

2 Computer room air conditioner

3 Computer room air handler
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low-quality energy is in HVAC* or hot water
production systems. The temperature of heat waste
from air-cooled servers is around 35-45°C. This
range is sufficient for reuse heating needs such as
domestic heating. By using liquid cooling in DCs it
is possible to provide a slightly higher quality of
waste heat up to 50-60°C and by two-phase cooling
systems, the temperature is as high as 70-80 which
is more than sufficient for any heating or hot water
application which can be used in DH®. Also, this
heat provides an income for the DC. District
heating is used in Europe more than in the US,
particularly in Nordic countries. Moreover, this
waste heat can be used for preheating domestic hot
water which can lead to energy savings and
emission reduction by reducing the use of fossil
fuels. And if a higher temperature is required for
DH, there is necessary to use heat pumps due to the
increase in the temperature of waste heat. The next
heat recovery technique is the heating of water in
the thermal Rankine cycle of a power plant. The
waste heat from the DC is used to preheat boiler
feed water which can reduce the consumption of
fossil fuels and pollution. They show that it will be
more beneficial if a two-phase DC cooling system
is used because of the high temperature (Ebrahimi
etal., 2014).

Electricity can also be generated by DC waste heat
directly through ORC® which is investigated by.
This technology work as the steam Rankine cycle,
but use an organic fluid with a lower boiling point
as working fluid. They depict ORC consisting of a
turbine, condenser, pump evaporator, and
superheater. The superheater is only necessary
when the fluid is wet (Chen et al., 2010).

Waste heat of a DC can be used for preheating the
water in a coal-fired power plant. One investigation
shows that by utilization of waste heat the
efficiency of the power plant is increasing up to
2.2% under certain optimized conditions and this
performance can lead to a high saving in fuel cost
and decrease carbon emission (Marcinichen et al.,
2012).

Another investigation is the utilization of excess
heat of a DC in the technical university of
Darmstadt, Germany (Oltmanns et al., 2020). They
show that Direct hot-water cooling for the high-
performance computers is provided in the new DC
at a temperature 45 °C instead of the current air-
cooled servers with water-cooled rear doors at 17-
24 °C in the old one. The project shows that
between 20-50% of the waste heat generated by

4 Heating ventilation air condition.
5 District heating.

6 Organic Rankine cycle
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high-performance computers can be utilized for
heating purposes while the remaining heat is
wasted by free cooling. Also, there is a 4% of CO;
emission reduction on the campus Lichtwiese.

The utilization of DC waste heat for an indoor
swimming pool in Barcelona is studied (Oro et al.,
2018). Results show that liquid-cooled DC can
reduce energy consumption up to 30% in
comparison to air-cooled DC.

Waste heat utilization from both the DC and district
heating networks in the city Espoo, Finland was
investigated. The results showed that the operation
cost saving in the system was 0.6 — 7.3%. Also, it
was observed that the price of obtained waste heat
affects the utilization level of waste heat (Wahlroos
etal., 2017).

DC energy efficiency and potential of waste heat
capturing analyses showed that waste heat could be
captured from 97 % of the total power consumed.
Also, it was observed that waste heat from a 1 MW
DC could provide the heat demand for over 30,000
m? non-domestic building annually (Lu et al.
2011).

1.3. Possible temperatures in cooling principle in
DCs

Due to proper and efficient utilization of DC waste
heat, the temperature of the cooling system not
only is very essential but also very sensitive. The
quality of heat recovery can be evaluated by the
temperature range. Thus, there is some guideline
and investigation about the temperature.

One of the important references to determine the
favorable environment and temperature and also
standard range for DC is provided by the American
Society of Heating, Refrigerating, and Air
Conditioning Engineers (ASHRAE, 2015). The
technical committee recommends that DC
equipment should be in the temperature range 18-
27°C to fit the manufacturer’s provided criteria and
also give some information about the allowable
range of equipment environmental specifications
which shows in Fig. 1. In addition to this, the
guideline classify DC to four classes from Al to
A4. Class Al is a data computer room with tightly
controlled environmental parameters such as
temperature, dew point, and relative humidity and
Class A2/A3/A4 are an information technology
space with some controlled environmental
parameters.
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Figure 1: Ambient“t(e‘r'ﬁ‘beréfuré classification of IT
equipment by ASHRAE (Zhang et al. 2023)

The temperature of captured waste heat depends on
the location where it is captured and on cooling
technology. In air-cooled technology, the
temperature of captured waste heat is between 25-
35 °C. And by liquid cooling technology waste heat
can be captured at a higher temperature between
50-60 °C which is better for district heating
(Wahlroos et al. 2017).

It was observed that the high cooling inlet
temperature can be up to 60 °C for the water-
cooling DC and it means better waste heat
utilization (Oltmanns et al. 2020).

Based on investigation for having an energy-
efficient air cooling (AC) DC, the cold inlet air to
all the systems should be maintained at typically 25
°C and, output hot air is 40 °C and fluidic
separation of cold and hot streams is necessary
(Patel, 2003).

The optimum temperature range to utilize the waste
heat in air cooled DC was shown to be 35-45°C, in
water-cooled DC systems and the output
temperature could be higher in the range of 60-70
°C. Also, by two-phase cooling systems, the
temperature was as high as 70-80 °C (Ebrahimi et
al. 2014).

Another investigation showed that the inlet
temperature of the water could be 60 °C to keep
junction temperature under 85°C. it showed that
around 85% of board heat is collected. Due to
providing this criterion, the maximum inlet
temperature can be increased to 75 °C
(Brunschwiler et al., 2009).

2. Methodology

2.1. Process description

Heat pump technology provides an efficient and
sustainable solution for utilizing low temperature
heating sources. A conventional heat pump is
defined as a compression refrigeration cycle
powered by either mechanical energy or electricity.
In most DC which use waste heat, it is necessary to
use a heat pump for increasing output temperature
and high quality of waste heat. Ammonia and
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chlorinated or fluorinated hydrocarbons are usually
used in heat pumps as refrigerants. Since
chlorofluorohydrocarbons are ozone depleting
other refrigerants which are environmentally
friendly such as pure hydrocarbons are useful.

The heat pump is made of a number of individual
components, including a compressor, a condenser
an evaporator, an expansion valve, and a refrigerant
circulating from high pressure (red line) to low
pressure (blue line). Fig. 2 depicts a mechanical
compression of a conventional heat pump. The
cooling effect is generated by the cold liquid
refrigerant in the evaporator and the heating effect
is generated by the hot refrigerant in the condenser.
The refrigerant circulates due to the temperature
and pressure difference between the components so
that the closed-loop is divided into a high-pressure
side and a low-pressure side. A two-phased
refrigerant goes into the evaporator where the
vaporization of liquid provides the cooling effect
and then the refrigerant leaves the evaporator and
goes to the compressor. In the compressor, the
refrigerant gains high pressure and becomes
superheated. The output from the compressor
enters to the condenser where the vapoured
refrigerant is cooled and condensed to a saturated
liquid. In the condenser, the heat of the refrigerant
is released to the ambient. After that, the refrigerant
enters the expansion valve where it is expanded to
lower pressure and the liquid refrigerant is
vaporized because of the expansion valve before
entering the compressor (Johansson, 2021).

— =

Expansion valve

— <=

- | -

Compressor
Figure 2: Main components of heat pumps (@i and
Tirados, 2015)

The merit of a refrigerator or heat pump is
measured by a parameter called COP. It is the ratio
of useful heat given off or taken up by the system
to net work done on the system in the one cycle.
The equation 1 and 2 represent how to calculate
COP of the heat pump (@i and Tirados, 2015).

QCondenser
COP = ——— 1
W = Qcondensor — QEvaporator 2
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In equation 2, Qcondenser 1S the amount of released
heat from the condenser. Qevaporator IS the amount of
giving off heat to the evaporator, and W is the
power required in the compressor. If there is no
heat loss, the difference between input and output
heat in the refrigeration cycle is equal to net work
of the system.

2.2. Simulation by Aspen HYSYS
Due to calculation and simulation of the cooling
system Aspen HYSYS is used. Two pure
components, water which is used in the cooling
process of DC and refrigerant which is refrig-22
(R-22) are selected in the component list. R-22 is
selected as a typical refrigerant, but it is however
gradually phased out in the industry due to the
ozone depleting effect. After that, Peng-Robinson
is selected as a thermodynamic package for
simulation in the Aspen HYSYS since it is relevant
for these components and applicable for large range
of temperature and pressure and two phases, also
has a large binary interaction parameter database.
The default parameters for the package are used.
Then the mechanical equipment of the heat pump
which is evaporator, condenser, compressor, and
expansion valve is defined with relevant streams.
Three alternative heat pumps are simulated in the
Aspen HYSYS. Initial conditions are provided in
Tab. 1, 2, and 3.
Table 1: input condition for alternative 1 in Aspen
HYSYS
Water Water Fluid Fluid
1 6 2 3
Temperature 45 60 UN UN
(°C)
Pressure 101 101 1300 3000
(kPa)

Name

Table 2: input condition for alternative 2 in Aspen
HYSYS

Water Water Fluid Fluid

1 6 2 3

Temperature 45 70 UN UN
(°C)

Pressure 101 101 1300 3500
(kPa)

Name

Table 3: input condition for alternative 3 in Aspen
HYSYS

Water Water Fluid Fluid

1 6 2 3

Temperature 45 80 UN UN
(°C)

Pressure 101 101 1300 4000
(kPa)

Name

Vasteras, Sweden, September 26-27, 2023

Modelling of heat pump by Aspen Hysys is
presented in Fig. 3.

liud fliud
p 3 water
5
water q water Q-10
1 vap 2 K-100

fliud
1

(I)

copdensor

fliud
Valve 4

water
6

Figure 3: Simulation model of heat pump in Aspen
HYSYS

Water 1 is output cooling water from the DC and
water 6 is water supplied to the district heating
network after using a heat pump.

3. Results

3.1. Simulation results of Aspen HYSYS

The simulation results for three alternatives are
shown in Tab. 4, 5 and 6 respectively. As it can be
seen, thermodynamic properties of components are
calculated by Aspen Hysys software and the heat
flow of water and fluid are shown which can be
easily calculated the compressor work and
condenser heat transfer to calculate COP of heat
pumps for three delivery temperatures.

Table 4: Results of material and energy balance achieved
from Aspen HYSYS for alternative 1.

Wat [Fluid |Wat [Fluid |Fluid |Wat |Wat |Fluid
1 1 2 2 3 5 6 4

V, 0 032 |0 1 1 0 0 0
frac

Temp |45 333 |35 333 931 |45 60 69.8
©0)
Press {101 |1300 ({101 |1300 (3000 |101 {101 {3000
(kPa)

Mass |1000 |362.3 {1000 (362.3 |362.3 [814.9 [814.9 [362.3
flow
(kg/h)

Heat |-1.580(-2.151(-1.584(-2.108|-2.098|-1.288 |-1.282 |-2.151

flow
(ka/h) 7 e6 e7 e6 e6 e7 e7 e6

)

Table 5: Results of material and energy balance achieved
from Aspen HYSY'S for alternative 2.

Wat |Fluid (Wat [Fluid |Fluid |Wat [Wat |Fluid
1 1 |2 2 3 5 6 |4
V. o 0.40 [0 1 1 0 0 0
frac
Temp|45 (3326 [35 [33.26 (1049 [45 |70  [77.45
(§®)
Press [101 [1300 [101 [1300 [3500 [101 [101 [3500
(kPa)

Mass |1000 |414.5 {1000 (414.5 |414.5 |520.4 [520.4 |414.5
flow
(kg/h)

Heat |-1.580(-2.454|-1.584 (-2.411|-2.398|-8.223|-8.166 |-2.454
flow
(kJ/h)
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Table 6: Results of material and energy balance achieved

from Aspen HYSY'S for alternative 3.
Wat [Fluid [Wat [Fluid [Fluid [wat [wat [Fluid

1 1 2 2 3 5 6 4

V. 0 0.4965(0 1 1 0 0 0
frac

Temp |45 33.26 (35 33.26 |115.4 (45 80 84.32
©0)
Press (101 |1300 |101 |1300 |4000 (101 |101 (4000
(kPa)

Mass (1000 |487.6 1000 |487.6 (487.6 |400.4 [400.4 (487.6
flow
(kg/h)

Heat |-1.58 |(-2.88 |-1.584(-2.836-2.819|-6.327 |-6.266 |-2.88

flow
(kalh) 7 e6 e7 e6 e6 e6 e6 e6

@

3.2. Calculation of COP for heat pump

After simulation by Aspen Hysys, the COP of three
alternative Heat Pumps is calculated.
For alternative 1:

Qcondenser 52800
COP = = =5.45
w 9687

For alternative 2:

Qcondenser _ 56310

COP = = = 4.282
w 13150
For alternative 3:
Cop = Qcondenser — 60740 = 3.455
w 17580

So, when the supplies water to district heating are
60, 70 and 80 the COP are 5.45, 4.282 and 3.455
respectively.

3.3. Economic calculation

To calculate the energy cost, it is used simple
assumptions. Economic calculation is done for two
market situations. In the first market situation,
electricity price is assumed 0.107 EUR/KWh in
winter and 0.05 EUR/KWh in summer and in the
second one the electricity price is equivalent 0.107
EUR/kWh or 1.07 NOK/kKWh during the year, and
the district heating price is obtained from DH
company which is 0.05 EUR/kWh (Li et al., 2021).
Calculation of economic potential is presented by
equation 3.

Economic potential = Price X Recovered heat
(El Price X Recovered Heat) 3)

cop

One 7 MW DC is investigated, and 100% heat
recovery is assumed, so the recovered heat is
calculated to 60 GWh/yr in the DC. The economic
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potential for no heat pump and three alternative
heat pumps by the first economic market situation
are calculated below.

Economic potential without heat pump
= Price X Recovered heat

0,05 EUR 0 GWh
~ T KkWh yr
MEUR

=3.00 ——

— 005 EUR % 60 GWh
"7 kWh yr
0.107 + 0.05, EUR GWh
N T
5.45
MEUR
=2.136 ——

Economic potential with heat pump 2

_ 005EUR % 60 GWh
7T kWh yr
(0.107 + 0.05) EUR % 60 GWh
_ 2 kWh yr
4.282
MEUR
=19
yr

Economic potential with heat pump 3

— 005 EUR 60 GWh
= P%awn * yr

0.107 + 0.05. EUR
——=— )xwn
3.455

h

X 60 W
yr

MEUR
1.637 ———
yr

For the case of no heat pump, all energy of the DC
is utilized which is worth 3 MEUR while for three
alternative heat pumps the economic potential
decreased.

Economic potential for heat pumps also are
calculated by the second market situation and the
results are 1.82 MEUR/yr, 1.5 MEUR/yr and 1.14
MEUR/yr, respectively. However, If there is cheap
surplus renewable energy available in special
circumstances, it may improve the economy
compared to the calculation.
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3.4. Investment cost

The total investment cost for heat pumps based on
excess heat as heat source according to all
categories are shown Tab. 7 (Li et al., 2021).

Table 7: total investment cost for HP project (Li et al.,

2021)
. Specific  cost,
HP capacity million €/MW
0.5 MW< HP capacity<l MW 1.3t00.97
1 MW< HP capacity<4 MW 0.97t00.72
4 MW< HP capacity<10 MW 0.72 to 0.67

Therefore, the investment cost of a heat pump in
the 7 MW DC is in the third category, it is between
the amount of 0.72 to 0.67 M€MW, and for
simplicity 0.7 M€/Mw is assumed in the
investigation. Since the DC is assumed 7 MW the
total investment cost is 4.9 M€.

3.5. Calculation of the payback period

The payback period is the time that the initial
investment is fully recovered. The payback period
PB is calculated in equation 4 (Li et al., 2021).

1+)PF -1
Bsav W — Invt

(1 -1+ i)‘PB)
=By | ————— | — Inwt

L
=0 4)

In the equation, Bsy is the annual energy bill
saving, Invt is the initial investment. The interest
rate is i which in this study is 7 %. The payback
period, PB, indicates the number of years for the
recovery of the investment.

The payback period is calculated for three delivery
temperatures by two market situations and the
results are shown in Fig. 4 so that when the
delivery temperature goes down or the COP of heat
pumps goes up, the payback period reduces.

comparison of payback period
1

W First market

M second market

Payback period (year)
O Rr NWRUON OO

5.45 4.282 3.455
COP of heat pupms
Figure 4: Comparison of payback period for three
delivery temperatures by two market situations
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3.6. Economic result

The economic result for all four alternatives is
calculated when the project are run for 10 and 20
years. The factor for constant income is given by
equation 5.

1-(1+ i)‘")

Factor = (
i

)

For n=10 years and i=7% the factor is 7.02, and for
n=20 years and i=7% the factor is 10.59. Therefore,
the economic result for the four alternatives is
calculated by equation 6 (Sharfuddin and @i,
2020).

Economic result = (Economic potential
X factor) — Investment cost (6)

It is noticeable that for the case without heat pump,
there is no investment cost for installing heat pump.
Therefore, the economic result for 10 years is 21.06
MEUR and for 20 years is 31.77 MEUR. Also,
economic result is calculated for three delivery
temperatures based equation 6. The results of 20
years investigation are shown in Fig. 5, 6 for all
alternatives and by the first and second market
situations respectively, so that there is an increased
trend of economic potential by increasing COP of
heat pump or decreasing delivery temperature.
Also, the same pattern is for 10 years calculation.

Comparision of economic results for different
heat recovery solutions
0
5
]
545
COP of heat pumps
Figure 5: Comparison of economic result of investigation

4.282 3.455 No heat pump
in 20 years by first market situation

Economic results (MEUR)
T Vi
[ =B ]

Comparision of economic results for different
heat recovery solutions

Economicresults (MEUR)

4.282 3.455 No heat pump

10

5

0
5.45

Figure 6: Comparison of economic result of investigation
in 20 years by second market situation

COP of heat pumps
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4. Summary and Discussion

The excess heat of DCs can be utilized as a
renewable source of energy. Due to having efficient
utilization of excess heat DC, the excess heat
should be connected to a district heating network.
However, the quality of heat from the DC is low
and needs to be improved. A heat pump can be
used for the purpose of improving heat quality.
Aspen HYSYS software is used for simulation and
economic optimization under different conditions.
In all cases, water will leave the DC at 45°C, and in
one case without a heat pump and three alternatives
with heat pumps entering the district heating
network at 60°C, 70°C and 80°C are simulated.
After simulation by Aspen Hysys, it is observed
that the COP of three alternative heat pumps
decreases by increasing water supply temperature
(5.5, 4.3, and 3.5 respectively).

Economic considerations including investment
cost, payback period, and the economic result for
10 and 20 years have been done by two market
situations with specified prices for electricity and
district heating costs.

It is observed that the payback period as expected
increases by decreasing COP and higher supply
water temperature so that it changes from 2.6, 2.9,
and 3.5 years to 3.1, 3.8, and 5.3 years for the three
delivery temperatures with the first and second
market situations of calculation respectively.
Moreover, the economic potential for three delivery
temperatures show that a higher COP will produce
a higher economic potential and a lower COP will
give lower economic values. Also, it is shown that
the first market situation provides higher economic
potential when the price of electricity cost has been
calculated in two parts.

However, it is noticeable that the same price for
district heating cost is assumed for all alternatives
while the water supply temperature using a heat
pump is higher than without a heat pump. That is
why without heat pump scenario is the most
economical alternative for two market situations.
Also, the price of electricity and district heating
may vary from one place to another which can
affect the results. Another item that can affect the
results is pipeline cost for the district heating
network which has a dependency on climate, length
of connection, and environmental situation. All in
all, the calculation and investigation depict that a
high potential for utilization of waste heat is
available from DC.
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Abstract

The need to improve reliability and support decision-making in manufacturing has drawn attention to the
application of diagnostic and decision-support tools. Particularly in the investment casting industry, data-
driven methods can be the enabler for process diagnostics and decision support. Images from the microscopic
examination in the investment casting process are used as data input, to detect defects in produced pieces.
The microscopic examination usually relies solely upon the ability of the operator to determine whether an
image from the microscope contains a defect. Therefore, an effective strategy for this decision-making
process is crucial to improve the reliability of the examination. The use of the machine learning classifier
Random Forest is introduced to derive predictions on the existence of a defect in the input image. This work
focuses on employing machine learning tools for image recognition and the developed approach constitutes

a decision support model to assist the operator and improve the reliability of their assessment.

1. Introduction

During the last decade, machine learning (ML)
techniques have been widely implemented in
different production processes, aiming to enhance
the quality of the products, apply process
diagnostics, or  support  decision-making
(Esmaeilian et al., 2016) Utilization of ML
methods has found application in production
operational management centers to facilitate
decision-making processes (Gonzalez Rodriguez
et al., 2020), or use predictions to support
decisions in inventory management (Mohamed &
Saber, 2023). The need to improve the reliability
of decision-making for fault detection and
diagnostic processes represents one of the
strategic objectives of many industries. In
manufacturing, reliability refers to machines,
equipment, and systems being able to perform
their intended functions with consistency and
predictability. Providing reliable products is vital
to the success of the industry, as traditionally
reliability is evaluated by the final product quality
(Safhi et al., 2019). Numerous measures can be
taken to increase manufacturing reliability, such
as regular maintenance and calibration of
equipment, as well as diagnosing faults in
components or systems.

The microscopic examination mentioned in
this work is a part of the investment casting
process, a process aiming to create components
that can be used in turbomachinery applications,

characterized by high geometrical complexity,
and later subjected to demanding performance
conditions. The production of such parts has
multiple subprocesses and is a very sophisticated
procedure with much attention to detail (Warren
etal., 2021).

Most current practices in industry involve
experts inspecting individually each piece
produced and detecting defects manually
(Jawahar et al., 2021). Particularly in the
aerospace  manufacturing  industry, visual
inspection still dominates the testing of parts
including engine blades, accounting for
approximately 90% of all inspections (Aust et al.,
2021). With quality assessment being one of the
essential steps of the process, relying solely on the
ability of an inspector to detect faults could be of
high risk (Aust et al., 2021). Studies have shown
that during the inspection of parts, the judgment
of professionals can be biased by expectations
coming from contexts such as prior knowledge or
experience and inspectors may be unaware when
their judgments are affected (MacLean & Dror,
2021). Bias can come from different sources,
either case-specific, such as data, reference
materials, and contextual information, depending
on the environment and experience, or cognitive
architecture and human nature. Many studies have
so far been carried out on using ML techniques to
identify faults and improve the reliability of other
processes such as fluorescent penetrant inspection
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(Niccolai et al., 2021) (Shipway et al., 2019), or
X-ray inspection (Jiang et al., 2021), (Garcia
Pérez et al., 2022), but little has been done on the
microscopic examination of the parts, and even
less on the investment casting products.

The microscopic examination process in
investment casting appears to be an excellent
opportunity for the application of ML methods
that could improve the reliability of fault
diagnosis by assisting in decision-making. This is
due to the requirement that the inspector
conducting the examination detects
discontinuities in materials and decides whether
they could endanger the structural integrity of the
produced part and its functionality. The purpose
of this research work is focused on improving the
reliability of the decision-making mechanism of
the inspector’s assessment during the microscopic
examination, through the application of ML
techniques. As it is essential to reduce the risk of
false assessment when diagnosing faults while
minimizing possible bias and increasing
objectivity, an assisting ML model for the
operator is proposed.

2. Methodology

2.1. Background

Investment casting is a manufacturing process
that produces dimensionally accurate components
and is a more cost-effective alternative to forging
or machining since waste materials are reduced to
a very low level (Li & Wang, 2021). During the
process, molten wax is injected into a metallic
mold to create a wax pattern with the desired
component shape. The wax mold is repeatedly
dipped into a ceramic slurry which then hardens
to create a ceramic casing around the wax design.
The wax is then removed from the shell by
melting, leaving a cavity inside that exactly
resembles the shape of the component. The
casting procedure itself is carried out by filling the
thus-produced ceramic shell with molten alloy
after hardening the ceramic shell by heating. The
shell is separated as the molten metal hardens to
produce the components which will then undergo
various finishing and inspection processes (Del
Vecchio et al., 2019).

As one of the final inspection methods, the
microscopic examination contains assessments
whose results determine if a part is ready for
delivery, based on the requirements of each
customer. Usual requirements might be the
maximum allowed percentages of a specific
defect found on a part, such as porosity. The
conditions of the casting process in its entirety

Vasteras, Sweden, September 26-27, 2023

strongly determine the occurrence of defects
during the observation. The operation of
microscopic examination within the factory
typically relies solely upon the ability of the
operator, without any assisting model. The
inspection is carried out using portable equipment
and conventional optical microscopy procedures.
For the microscopic examination to be successful
and with accurate results, the operator is required
to search for and detect irregularities by visually
examining the cut surface of the material, an
example of which is shown in Figure 1.

1 mm

Figure 1: The cut up of a piece produced by
investment casting.

When inspecting the material in the
microscope, the operator comes across images
that are either clean or contain a defect. It is up to
the operator to decide the status of every image
(faulty or non-faulty). Faults appearing on the
image can be:

o Porosity (often forming as microporosity),
which appears in the microscope as dark
repeated streaks with smooth edges. It is
known to be the most common defect found
during investment casting and dramatically
limits the life of aerospace components
(Torroba et al., 2014). A possible porosity
cause is shrinkage during solidification,
where there is a shortage of molten material
flow in-between the space of connected
dendrites (Mozammil et al., 2020).

o Gas pockets, that are observed as dark circular
shapes during the microscope examination.
Similar to porosity, factors such as metal
solidification time and air entrapment are due
to turbulence during the pouring of the molten
metal into the shell (Kaiser et al., 2011).

o Cracks, which are usually caused by internal
stresses from the solidification of the metal or
rapid cooling, can be identified as either hot
tear cracks, appearing as noncontinuous dark
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lines of variable widths, or cold state, which
indicates thin continuous lines. They can also
initiate  forming by other defects or
intermetallics (Dezecot & Brochu, 2015).

¢ Chemical reactions that might appear due to
refractories used during the forming of the
shell mold (Hao et al., 2020). They can be a
result of the interaction of the metal used in
investment casting and the ceramic mold
where the metal is poured.

Examples of the above are shown in Figure 4.
There are also fewer common cases of other
defects appearing such as missruns, dross, or
segregation, generated mainly during the
solidification process. During the microscopic
assessment, the inspector may come across one of
the defects or possible combinations of them.

2.1. Approach

The method proposed in this paper aims to detect
faults that can occur during the investment casting
process and support the assessment of defect
presence. The steps followed in this work to tackle
the risk of inaccurate assessment and create an
assisting model for the operator were designed as
follows:

Identifying the issue

Assessment might be
affected by bias and
relies solely on operator

Risk of low
reliability

Collection of
Faulty image data Non-faulty

Preprocessing

and classification

Predictions on the
existence of defects

Figure 2: The approach to designing the data-driven
method.
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According to several researchers (Ali et al., 2012;
Bertovic et al, 2013), the examination of a part
requires information processing that contains
signal detection and decision-making. The first
decision-making at this point is not to identify the
specific type of defect but to determine whether
the picture of the cut material contains a defect or
not. In signal detection, the aim is to recognize a
signal from a background interference or noise
(Swets, 1996). Therefore, the operator can give
two right or wrong answers: to correctly or
incorrectly accept or reject the presence of a
defect (Enkvist et al., 1999; Lynn &Barrett,2014).
The four possible outcomes are illustrated in
Figure 3.

| Correct Incorrect-
A risk
A

Assessed as

non defective

Non-defective

part Defective part

Assessed as

defective

Y
False A 4

rejection Correct |

Figure 3: The possible outcomes of the assessment
depend on the true state of the world, according to
signal detection theory.

2.2. Data Preprocessing

The input for the model was both images that
contained defects and images that did not. The
images in the dataset were taken from a database
of microscopic examinations and were previously
used to manually inspect portions of the parts to
find defects. Initially, 1787 photographs were
retrieved from the database that had various kinds
of defects, while 462 images had no signs of any
defects. Without a form of data augmentation that
would provide a wider and more balanced training
dataset, it can be challenging to obtain appropriate
performance because datasets from real
applications (such as production) are frequently
limited (Shorten & Khoshgoftaar, 2019; Xu et al.,
2023).

For the initial processing of the images, data
augmentation was applied. A usual form of data
augmentation  technique is altering the
geometrical characteristics of the initial images.
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The first step of augmentation consisted of using
the PIL Python library to alter the dimensions of
the images. PIL is widely used in Python, as a
potent tool for processing images. It can alter
different kinds of image formats, sizes, and
orientations (Guan et al., 2019). The images were
cropped to the ratio of 1:1, to facilitate the rotation
process that took place later. The initial
dimensions were 722*990 pixels, and the final
images were 722*722 pixels, cropped regarding
the defect area. To increase the number of training
data, the images were flipped and subjected to
rotation.

Figure 4 displays the original and altered photos
as well as instances of the four categories of
defects that were stated before.

Porosity
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Figure 4: The original cropped images (left) of and the
artificially edited ones (right) of four different types of
defects (from top to bottom): porosity, gas pockets,
cracks, and chemical reaction.

To enhance the computational performance of
the classifier, the image pixels were reduced to
42*42 instead of 722*722. The classifier was able
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to better predict the existence of a defect on the
image tested when the pixels were reduced to 42
per side, as shown in Figure 5, which indicates the
higher accuracy levels achieved with this
particular number of pixels.

90 Accuracy variation with number of pixels

88

y=86,1%,x=42 pixels

Accuracy
(o]
[e)]

&

82

80 0 20 40 60 80

Number of pixels

Figure 5: The accuracy score development during the
repetitions with different numbers of pixels.

2.3. Classification

Considering the specific dataset's characteristics,
including its size and the presence of defects, the
proposed approach employs the ML classifier
Random Forest (RF) to make predictions
regarding the presence of defects in the input
image. In applications with datasets similar to the
one being utilized in this study (Khatami et al.,
2019; Subudhi et al., 2020), RF shows satisfactory
performance. This remains accurate for this stage
of the process and is in line with the requirements
of image recognition and classification between
the two classes. Opting for RF over alternative
methods is supported by its dependable
performance in effectively tackling the challenges
presented by dataset size and complexity.
According to the literature, RF is often used for
small data sets, similar to those from the medical
field because it contributes to solving problems in
industrial applications and has advantages such as
ease of use, robust generalization ability, greater
classification accuracy, and high functionality
(Wang et al., 2023).

The RF method is considered quite a popular
ensemble technique for pattern and image
recognition. As an ensemble learning technique, it
combines multiple decision trees to increase the
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predictions’  accuracy. The training is
accomplished for each decision tree, where all
classifiers generated from different trials are
collected to construct the final classifier (Azar et
al., 2014). The algorithm, when used for
classification, outputs the mode of the classes of
the individual trees. A subset of training data and
a subset of features are randomly selected by the
algorithm to build each decision tree.

The limitations of an RF classifier would
depend on the high dimensionality of the data,
which was tackled by reducing the number of
pixels during data preprocessing, as mentioned in
section 2.2. For pixel-based approaches like the
one in this application, and for this stage and the
requirements of the process, RF can perform
satisfactorily. Research on methods for pixel
analysis of pictures has revealed that RF acts
similar to Neural Networks (NN) in defining
linear borders between classes, such as in the
usage of plantation boundaries (Boston et al.,
2022). When aiming to reduce time consumption
and computational complexity while dealing with
a small number of training samples, RF has been
preferred over NN in situations with diagnostic
applications comparable to this one (Han et al.,
2018).

The images obtained from previous
microscope examinations were pre-processed and
split into training and testing datasets. One of the
possible limitations in training the RF classifier
would be an imbalanced data set, where the
classifier might favor the minority class.
Therefore, a balanced data of 3600 images from
each category (faulty or non-faulty) was used to
create the training and testing datasets, to better
assist the training process and reduce
computational complications. The data set split
was 80% training and 20% testing images, which
was 5760 and 1440 images respectively.

Since the data set was labeled during the
preprocessing stage, comparable  supervised
machine learning classifiers have been employed
on this dataset. These included the Decision Tree
(DT), the Support Vector Machine (SVM), and
the Gaussian Process (GP) Classifier. The goal of
the DT classifier is to create a training model that
can be used to infer learning decision rules from
training data in order to predict the class or value
of target variables (Charbuty & Abdulazeez,
2021). The SVM is a common pattern recognition
classification technique that aims to find a central
hyperplane to partition the data points. The
datasets are therefore divided into different
classes. Along the hyperplane that separates the
classes, SVM establishes a concentrated
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separation boundary (Halder et al., 2023). GP
classifiers offer a probability distribution over all
conceivable functions that can match a given set
of training points. The decision boundary then
corresponds to the midpoint between the two
classes as a result of the prior distribution’s initial
assignment of equal probability to both classes
(Basha etal., 2023). On the basis of their accuracy
score, the three aforementioned techniques were
compared with the RF classifier.

3. Results and discussion

The RF classifier underwent testing with different
numbers of estimators to determine the best
configuration that would produce the most
accurate outcomes. It attained an accuracy rate of
86.5%. This score was found to be higher after
experimenting with several types of classifiers.

100
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80

86.5
e 74.8

70 60.8

60

50

40

30

20
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0

Gaussian Support Random Decision
Process Vector Forest Tree
Machine

Accuracy score(%o)

Classifier type

Figure 6: The accuracy score between the different
classifiers.

As illustrated in Figure 6, the RF classifier
outperformed other classifiers used in comparable
applications, for this particular dataset with
industrial images. The other types of classifiers
that were tested and produced accuracy scores
were the GP (78,6%), the SVM (60,8%), and
finally the DT classifier (74,8%).

The number of assigned estimators, which in
this application was 120 estimators, is typically
used to describe the Random Forest classifier.
This was obtained by several iterations of the
model, each using a different set of estimators.
After achieving peak accuracy at the 120
estimators (86.5%), it was seen that the
computing time increased while the accuracy
score did not, entering a relatively static period.
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The development of the accuracy score regarding
the number of estimators used is illustrated in
Figure 7.

88 Accuracy variation with number of estimators

=86,5%,x=120 est

Accuracy
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Figure 7: The accuracy score development during the
repetitions with different estimator numbers.

The model produced a confusion matrix, a
metric used to evaluate the accuracy of the
classification. The confusion matrix contrasted
the amount of accurate and inaccurate
classifications  made. Correct  forecasts
outperformed incorrect ones (false calls or
misses) by a factor of five in terms of outcomes.
The color gradient scale of the confusion matrix
draws attention to the accurate classifications and
the stark contrast between them and the inaccurate
ones. The three matrices for the other classifiers
were produced in addition to the confusion matrix
from the RF classifier (Figure 8).

As observed in the confusion matrices for each
classifier, the RF classifier demonstrates a more
even distribution along the diagonal of the color
scale. It achieves 1240 correct predictions
(composed of 642 true positives and 548 true
negatives), as opposed to 200 incorrect
predictions (comprising 78 false positives and 122
false negatives). This pattern aligns with the
accuracy scores, as the other classifiers show a
decreased frequency of accurate predictions that
match the true labels. The color-coded cells
within the matrices distinctly indicate that only
the SVM classifier surpasses the RF classifier in
prediction count for a specific class. However, the
SVM's incorrect predictions outnumber the
correct ones, resulting in a lower accuracy score
for this classifier. In essence, the analysis
underscores that the RF classifier outperforms the
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others by maintaining a more balanced and
accurate distribution of predictions, making it the
most reliable choice among the evaluated
classifiers.
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Figure 8: The Confusion Matrix for each classifier.
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4. Conclusions

The present work demonstrated a data-driven
approach to the investment casting microscopic
examination to provide an assisting tool that
supports  decision-making and improves its
reliability. The RF classifier that was chosen has
achieved a level of prediction accuracy that is
adequate given the characteristics of the dataset
that was collected and preprocessed. It established
higher efficiency for the selected dataset when
compared to other classifiers that are employed in
similar applications. Even though production data
are seldom balanced, the model may also be used
to predict unbalanced datasets after it has been
trained. Therefore, this work contributes to
developing a framework for integrating machine
learning into the investment casting process,
particularly in one of its subprocesses. It
encourages further use of the ML classification
algorithms for investment casting defects while
introducing semi-automation of the investment
casting microscopic examination.
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A standard process for CO- capture has been simulated with an equilibrium-based model in Aspen HYSYS. The
simulation has been combined with equipment dimensioning and cost calculation in an integrated spreadsheet
facility. New in this work is that Murphree efficiencies are varied to obtain automatic optimization of absorber
height and inlet temperature. The optimum process was found as the process with minimum calculated sum of
capital and operational cost over 25 years. The cost optimum process parameters for the standard process were
calculated to 15 m absorber packing height, 13 K minimum approach temperature and 34 °C in inlet gas
temperature. This study demonstrates that it is possible to calculate the optimum packing height and inlet
temperature automatically by varying the Murphree efficiency in a case study function.

Keywords: Carbon capture, Aspen HYSYS, simulation, cost estimation, optimization

1. Introduction
1.1. Aim

The general aim of this work is to calculate the cost
optimum absorption column height, minimum
temperature approach temperature in the main
amine/amine heat exchanger and optimum inlet
temperature to the absorber. A specific aim is to
make it possible to calculate these optimums
automatically by varying the Murphree efficiency.

1.2. Literature

Much work has been published on cost estimation of
CO, capture plants (Rubin et al., 2013; van der Spek
etal., 2019; Roussanaly et al., 2021). Several papers
present results from process simulation and cost
estimation (Mores et al., 2012; Agbonghae et al.,
2014); Manzolini et al., 2015; Luo and Wang, 2016;
Nwaoha et al., 2018; Eldrup et al., 2019; Hasan et
al., 2021).

Some of the previous works at Telemark University
College and the University of South-Eastern
Norway (USN) with focus on process simulation,
equipment dimensioning, cost estimation and
optimization are Kallevik (2010), @i (2007), @i
(2012), Aromada and @i (2017) and @i et al. (2022).
The cost estimation part has in most of these works
been based on different detailed factor methods like
the Enhanced Detailed Factor (EDF) method (Ali et
al., 2019; Aromada et al., 2021). In these works, the

main approach for calculating the optimum has been
to use case studies in Aspen HYSYS and varying
only one parameter at a time. Then the optimum is
found as the simulation giving the minimum sum of
capital and operational cost.

In the recent years, a focus has been on automatic
process simulation combined with cost estimation in
Aspen HYSYS (@i et al., 2021; @i et al., 2022;
Shirdel et al., 2022). An lterative Detailed Factor
(IDF) scheme was developed (Aromada et al.,
2022a) where an aim was to make the entire process
simulation, equipment dimensioning and cost
estimation automatic, without requiring any manual
input. This was accomplished in the work by @i et
al. (2022) by linking Aspen HYSYS simulation
spreadsheets with Microsoft Excel by a VBA
(Visual Basic) code. With an automated approach,
process simulation based CO; capture, process
parameter cost optimization studies and sensitivity
analysis can be conducted quickly and obtain
reasonably accurate results.

A limiting factor for automation in the Aspen
HYSYS tool, has been that for a column, the number
of equilibrium stages must be changed manually. To
overcome this, a possibility is to vary the Murphree
efficiency on one or a selected number of absorption
stages. The optimization can then be performed by
performing a case study in Aspen HYSYS. This
work is based on the results from the Master thesis
work of Shirdel (2022), and in addition more
references are included and discussed.
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1.3. Process Description

The use of an amine solvent to remove CO; is the
most widely used and well-studied approach for CO,
removal. Monoethanol amine (MEA) is the solvent
that has been studied most, and it works well due to
its quick interaction with CO.. Fig. 1 is a typical
process flow diagram for an amine-based CO;
removal facility. Traditional absorption is done in a
column using plates, random packing or structured
packing. The CO-containing gas rises, while the
absorption liquid falls. The solvent (rich amine) is
then fed to a desorption column through a heat
exchanger. In the desorption (stripper) column, the
CO, that has been absorbed is regenerated. The
reboiler is heated, and a condenser provides reflux
to the column. The regenerated solvent (lean amine)
is recirculated to the absorption column after the
desorber and cooled in a heat exchanger and cooler.
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Figure 1: Process flow diagram of a standard amine-based
CO:z2 capture process (Aromada et al., 2020).

2. Specifications and simulations

2.1. Specifications and simulation of base case CO-
capture process

In this investigation, Aspen HYSYS version 12 was
used to model a conventional amine-based CO;
capture process, and the simulated results were
utilized to size equipment and estimate costs using
the same calculation method as in Aromada et al.
(2021), @i et al. (2021) and @i et al. (2022). In all
simulations, the Acid Gas property package was
employed, which includes a liquid equilibrium
model for electrolytes. This package is intended to
replace the Amine property package, which has been
widely used when using the Aspen HYSYS tool.
The electrolyte non-random two-liquid (e-NRTL)
model for electrolyte thermodynamics and the Peng-
Robinson equation of state for the vapor phase were
used to create this property package.
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The absorber and desorber were simulated using
equilibrium stages containing user defined stage
(Murphree)  efficiencies.  These  Murphree
efficiencies are defined by dividing the change in
CO; mole fraction from one stage to the next by the
change on the assumption of equilibrium.

Emission data from previous studies (Aromada and
@i, 2017) on a natural gas-based power plant project
on Mongstad, Norway, were utilized to generate the
base case for the simulations. The specifications in
Table 1 correspond to an 85 per cent CO, removal
efficiency and a minimum approach temperature of
10 °C in the lean/rich amine heat exchanger, which
is considered the base case configuration. 85 % CO;
removal rate is traditional for capture from power
plant based on natural gas. The absorber is modelled
with 15 packing stages, while the desorber has 10.
Murphree efficiencies of 15% were employed in the
absorption column and 50% for all stages of the
desorption column where one stage is expected to be
approximately 1 meter packing height. In the
columns, the Modified HYSIM Inside-Out
numerical solver was adopted since it assists in
convergence. The adiabatic efficiency of the pump
and flue gas fan was specified to be 75%.

To obtain an automated simulation model, robust
adjustments and recycles are necessary to aid in the
convergence of the simulations. Traditionally,
manual adjustments can be performed by trial and
error when working with a complex simulation
model.

The calculation sequence is similar to the
simulations in @i et al. (2021) and @i et al. (2022).
It starts with the input gas and the lean amine to the
absorption column (which is first guessed). The rich
amine pump transports the rich amine from the
bottom of the absorption column through the
lean/rich amine heat exchanger. After the heat
exchanger, the temperature is specified, and the rich
amine is sent to the desorber. The CO; product and
the hot lean amine are calculated in the desorption
column. The heated lean amine is passed via the
lean/rich heat exchanger and then pressurized in the
lean amine pump, before being cooled further in the
lean cooler. Water was added to the process (water
make-up) and the make-up was calculated by a water
material balance.

The lean amine is then placed in a recycle block
(RCY_1). Itis determined whether the recycled lean
amine's flow and condition are sufficiently similar to
the previously estimated lean amine stream, which
may be adjusted through iteration.

In order to create an automated simulation model,
three adjust operations were added to the flowsheet.
The removal efficiency can be adjusted based on the
lean amine flow rate by ADJ-1, the minimum
approach temperature in the lean/rich heat
exchanger may be adjusted based on the rich amine
outlet temperature of the lean/rich heat exchanger by
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ADJ-2, and for adjusting the flue gas temperature to
the absorber, ADJ-3 changes the cooling water
supply in the inlet cooler. The default tolerances in
Aspen HYSYS were used in the simulations.

Table 1: Specifications for the base case alternative

Parameter Value

Inlet flue gas temperature [°C] 80/40.0
Inlet flue gas pressure [kPa] 101/115
Inlet flue gas flow rate [kmol/h] 85000
CO; content in inlet gas [mole %] 3.75
Water content in inlet gas [mole %] 6.71
Lean amine temperature [°C] 40.0
Lean amine pressure [kPa] 101.0
Lean amine rate [kg/h] 103500
MEA content in lean amine [mass %] 29
CO; content in lean amine [mass %] 55
Number of stages in absorber [-] 15
Murphree efficiency in absorber 0.15
Rich amine pump pressure [kPa] 200.0
Rich amine temp. out of HEX [°C] 103.7
Number of stages in desorber [-] 10
Murphree efficiency in desorber 0.5
Reflux ratio in stripper [-] 0.3
Reboiler temperature [°C] 120.0
Lean amine pump pressure [kPa] 500.0

2.2. Parameter variation of ATmin

A case study was made to look into the economic
performance of the lean/rich amine heat exchanger
when the degree of heat recovery was adjusted.
More heat recovery will normally increase the
capital cost and reduce the operating cost. The ATmin
was changed for each simulation case. This was
performed automatically by changing the target
temperature from 5 to 20 °C in ADJ-2, whereas the
ADJ-1 and ADJ-3 will aim to maintain a constant
CO; removal efficiency of 85% and a constant
incoming flue gas temperature of 40 °C,
respectively. All flue gas and absorption column
parameters were held constant throughout the case
for a certain total CO, removal efficiency, lean
amine composition and lean amine flow.

2.3. Parameter variation of number of absorption
stages and absorber height

A higher absorption column packing is expected to
increase the capital cost and reduce the operating
cost. Because each change in the number of stages
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in the Design tab of the absorber requires manual
input to run the simulation again, the case study
option cannot be utilized in the sensitivity analysis
for altering absorber height (stages). In all stages,
Murphree efficiency has been set to 0.15. For each
case, the efficiency of new stages, the pressure of
flue gas into the absorber, and the pressure in the
absorber's last stage should all be updated. For this
reason, a new spreadsheet was created, and the
calculations for changing the number of stages of the
absorber and fan outlet pressures based on 1 kP for
each stage (Park and @i, 2017) were performed.

In this study, a strategy was employed to define a
case study by altering the efficiency of one specific
stage. Changing the efficiency at one stage from
0.15 to 0.9 for a configuration with 13 stages is
almost equivalent to increase the number of stages
from 13 to 18. Throughout the case study, the
absorber efficiency, lean/rich amine heat exchanger
minimum temperature approach, all flue gas
parameters and lean amine content were all kept
constant. The lean amine feed in ADJ-1, the
desorber input temperature in ADJ-2, the flow rate
of inlet cooling water in the inlet heat exchanger in
ADJ-3 and the mass balance of makeup MEA and
water in the makeup streams spreadsheet had to be
adjusted to maintain the specification values.

2.4. Parameter variation of absorber inlet
temperature

An analysis was conducted to adjust the flue gas
inlet temperature to the absorber column. A high
column temperature will increase the absorption rate
and reduce the CO; solubility, so it is expected that
the inlet temperature has an optimum. This is done
in ADJ-3 by altering the cooling water input flow
rate and as a result also changing the absorber inlet
temperature. The lean amine composition was kept
constant (by defining the MakeUp Streams
spreadsheet), but the lean amine flow rate was
adjusted in ADJ-1 for each case to obtain the desired
CO; removal efficiency. The ADJ-2 operates to keep
the ATmin constant in the lean /rich amine heat
exchanger.

It is possible to specify the Murphree efficiency for
each absorber stage. The Murphree efficiency must
be adjusted for each new inlet temperature, which
makes this calculation complex. The Murphree stage
efficiency was adjusted to account for the impacts of
varying temperature profiles in the absorber column
at various input gas temperatures. @i (2012) has
made a computational approach for estimating the
Murphree stage efficiency as a function of
temperature for absorber top and bottom conditions.
Based on this calculation scheme, the Murphree
efficiencies were computed only for the top-,
bottom-, and maximum temperature stages, and the
intermediate stage temperatures have been obtained
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using a linearization between these temperatures as
done in Kallevik (2010).

After calculating the average Murphree efficiency
for each inlet flue gas temperature, an equation for
the relationship between the inlet temperature and
Murphree efficiency was made. Another spreadsheet
was created to export the calculated stages
efficiency to the absorber after changing the
incoming flue gas temperature from 30 to 50 °C in
the case study.

3. Cost estimation procedures and assumptions
3.1. Equipment dimensioning and assumptions

The mass and energy balances from the Aspen
HYSYS process simulations were used to dimension
all the equipment as done in previous studies (i et
al., 2022).

The diameters of the absorption and desorption
columns were evaluated from the gas stream’s
volumetric flows. These were based on superficial
gas velocities of 2.5 m/s and 1 m/s respectively as
done in earlier studies (Aromada & @i, 2017). In the
base case, 15 packing stages were specified for
absorber, and 10 for the desorber. Each packing
stage in the absorber and desorber were assumed to
be 1 m high (Aromada et al., 2020). Structured
packing was specified for better operational cost due
to pressure drop (Choi et al., 2005). To estimate the
tangent-to-tangent height of the absorber, the
packing, liquid distributors, water wash, demister,
gas inflow and outflow and sump were all
considered. The condenser inlet, packing, liquid
distributor, gas input and sump were taken into
account in estimation of the desorber tangent-to-
tangent height (Ali, 2019; @i et al., 2021). The
packing height was given from a design of a wash
tower in the catalog (Sulzer Chemtech, 2021). Thus,
35 m and 25 m were arrived at for the tangent-to-
tangent heights of absorber and desorber
respectively.

The separator was sized using Souders Brown’s
equation with a k-factor of 0.15 m/s and a height to
diameter ratio of 1. The heat duties obtained from
the process simulations were used to size the heat
exchange equipment. The overall heat transfer
coefficients specified are 1.20 kW/(m*K) for the
reboiler, 0.73 kW/(m*K) for the lean/rich heat
exchanger, 0.80 kW/(m?-K) for the amine cooler,
and 1.00 kW/(m*K) for the condenser as in
Aromada et al. (2022b). The pumps, compressor and
fan were sized based on their duties with efficiency
75 %.

3.2. Capital cost estimation method

The Enhanced Detailed Factor (EDF) method (Ali et
al., 2019; Aromada et al., 2021) was applied for the
estimation of the CO: capture plant’s capital cost. As
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a detailed factor approach, the installed cost of each
equipment is estimated based on variable installation
factors that depends on each equipment cost. The
capital cost of the CO: capture plant is then the sum
of all equipment installed costs. The updated EDF
factor list is published in (Aromada et al., 2021).

Each equipment unit delivered cost was obtained
from Aspen In-plant Cost Estimator (v.12). This is
based on the capacity or size of each of the
equipment units as determined from the
dimensioning process. The cost currency and cost
year were Euro (€) and 2019. The default location in
Aspen In-Plant Cost Estimator, Rotterdam, was
assumed in this work. The equipment units were
assumed to be constructed from stainless steel
(SS316). To apply the EDF method, the cost of the
equipment units must be converted from their costs
in the original material of construction. The cost
(ECgs) of an equipment unit in stainless steel (SS)
needs to be converted to its cost (ECs) in carbon
steel (CS). This is implemented by applying a
material factor (fi...) Where CS is the reference
material. The cost of each equipment unit
constructed in welded SS is divided by a material
factor of 1.75 to convert it to the corresponding cost
in CS material. While the material factor for units
manufactured in machined SS, e.g. pumps, is 1.30.
Then, the total installation factor (Fr ) and piping
subfactor (f,,,) in CS for each equipment unit are
obtained from the EDF factor lists (Aromada et al.,
2021). They are then converted to total installation
factor in SS (Fr s5) as shown in equation (1):

Frss = [Fres + {(fmae = D(foq + fo)}] (1)
Where f,,= equipment factor = 1.0

The total equipment installed cost (EIC) is estimated
as follows:

ElCss = Frgs* ECcs * (No. of units) (2)

Then the total installed cost (CAPEX) with cost year
of 2019 is:

CAPEX = Y.(EICss for all equipment) (3)

The capital cost of the CO: capture plant is then
escalated from 2019 to 2021 using a consumer cost
index from Statistisk Sentralbyrd (SSB). A
Norwegian cost index is selected because the
detailed factors were originally based on Norwegian
currency.

During optimization or sensitivity analysis, where a
parameter is varied, the capacities/sizes of some
equipment will change. Therefore, there is a need to
estimate new delivered cost for the equipment units
due to the resulting changes in size/capacity. This is
automatically estimated based on the Power law
using an exponent of typically 0.65, from the
previous cost obtained from Aspen In-Plant Cost
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Estimator database as done in (Aromada et al.,
2022a, Aromada et al., 2022b; @i et al., 2022).

3.3. Operating cost estimation and assumptions

The annual operating cost in this work is the sum of
the fixed operating cost and variable operating costs.
The variable operating cost was estimated from
equation (4):

; € . unit
Annual variable cost (y—r) = Consumption (7) X
Operating hours

X unit cost (i) 4

year unit

The assumptions used for estimating the annual
operating cost are presented in Table 2. The values
are similar to values used in earlier work like
Aromada et al. (2021). The steam cost is set to 25
% of the electricity cost because steam can be
converted to electricity with an efficiency of order
of magnitude 25 %.

Table 2: Annual operating cost assumptions.

Item Unit Value
Operating lifetime [Year] 254
Annual hours of operation  [h/year] 8000
Electricity cost [€/kWh] 0.06
Steam cost [€/kWh] 0.015
Cooling water cost [€/m3] 0.022
Water process cost [€/m?] 0.203
MEA cost [€/ton] 1450
Maintenance cost [€/year] 4% of CAPEX
Operator cost (6 oper) [€/year] 80414(*6)

Engineer cost (1 eng) [€/year] 156650

[11 2 years construction + 23 years operation

3.4. CO: capture annualized cost

The economic key performance indicator in this
work is CO; captured cost. This was estimated as:

Total annual cost

COZ Captured cost = Mss of Captured CO,/year (5)
Total annual cost = Annualized CAPEX +
Yearly OPEX (6)

CAPEX

A lized CAPEX =
nnuatze Annualized factor
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i 1
Annualized factor = Y7, [( 1+r)"] ()

Where n is the plant lifetime, 25 years which
includes 2 years for the plant’s construction. And r
is the discount rate and was assumed to be 7.5 %.

4. Results and Discussion
4.1. Base case cost results

The overall equipment cost was calculated to 110
MEUR, and the absorber is the costliest equipment,
accounting for 54% of the total cost. This is
traditional in other calculations (Ali 2019; Aromada
et al., 2021). The structured packing cost accounts
for 55 percent of the absorber's total cost.

The total operational expenditure (OPEX) for the
Base case was calculated to 29 MEUR/yr. Steam is
the costliest utility for this facility, costing 15
MEUR each year. The steam usage is calculated to
3.75 GJ/ton CO; captured and this is in line with
values in literature (Choi et al., 2005; @i, 2012).

4.2. Optimization of minimum AT approach

CO; captured cost and energy consumption as a
function of ATmin is shown in Fig. 3. It shows a flat
minimum between 11 and 15, and a minimum at 13
K. Fig. 3 is based on an automated case study in
Aspen HYSYS. The simulations were also
calculated manually, obtaining a smoother curve
because all the parameters could be adjusted more
accurately by trial and error. The results were
similar, but the optimum ATmin was calculated
manually to 12 K. Similar values have been
calculated in several works (@i, 2012; Shirdel et al.,
2022). In the case of using plate heat exchangers, the
optimum ATmin Will be less than 10 K.
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4200 44
4100 4.8
o8 4000
3
= 43.6
= 3900
,E‘ 3800 43.4
a
5 3700 43.2
S 3600
3 43
2 3500
3400 42.8
3300 42.6
5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
AT,

Figure 3: CO2 captured cost and energy consumption as a
function of ATmin (from Shirdel, 2022).
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Figure 2: Aspen HYSYS flow sheet for the Base case simulation (from Shirdel, 2022).

4.3. Optimum absorber height

CO; captured cost and energy consumption as a
function of absorber packing height is shown in Fig.
4. Results for both manual and automatic calculation
are shown. Also here, the manual simulations give a
smoother curve. However, the resulting optimum
absorption height is 15 meters for both manual and
automatic optimization. This is in the order of
magnitude similar to earlier works where optimum
packing height have been calculated to 20 meters
(Mores et al., 2012), 19 meters (Agbonghae et al.,
2014)) 15 meters (Aromada and @i, 2017) and 19
meters (Shirdel et al., 2022). All the heights were
structured packing except for Mores et al. (2012)
which was based on random packing.

CO, Captured Cost [ EUR/t]
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Figure 4: CO: capture cost as a function of absorber

packing height (from Shirdel, 2022).

4.4. Optimum inlet gas temperature

To perform a reasonable optimization of the inlet gas
temperature, the temperature dependence of the
absorption efficiency must be included. In Fig. 6, the
temperature and Murphree efficiency for the
different absorption stages have been calculated.
The Murphree efficiencies were calculated by the
methods specified in Chapter 2, and one iteration
was performed to include the effect of temperature

on the calculated Murphree efficiencies from the

first iteration.
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Murphree Efficiency
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Figure 6: Murphree efficiency as a function of absorber
stage and temperature (from Shirdel, 2022).

For each inlet gas temperature, an average Murphree
efficiency was calculated by a fitted polynomial.

Em =-0.00004T? + 0.0041 T + 0.08 (8)

A preliminary optimization was performed by
manual simulations of the CO, capture cost with 5 K
steps for 15 and 13 absorption stages. The lowest
cost case was found at 13 stages (meter of packing).
The optimum was then calculated automatically in a
case study for 13 absorption stages with temperature
steps of 1 K'in Fig. 7.

Fig. 7 shows that it is possible to calculate the
optimum inlet gas temperature automatically. The
curve is not very smooth, and this indicates that there
are some inaccuracies in the calculations. To
improve this, a possibility is to adjust the tolerances
in the Aspen HYSYS simulation tool. This was
evaluated by @i et al. (2021). The most optimum
point at the curve is for an inlet gas temperature of
34 °C. There are not found many numbers to
compare with in literature, but @i (2012) calculated
an optimum between 33 and 35 °C.
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Figure 7: Optimization of inlet gas temperature (from
Shirdel, 2022).

4.5. Optimization of other and several parameters

In this work, emphasis has been on the optimization
of packing height, minimum temperature approach
and inlet gas temperature. Other works have
emphasized optimization of other parameters as
absorber gas velocity and pressure drop (Park and
@i, 2017), CO, capture rate (Mores et al., 2012) and
lean loading (Agbonghae et al., 2014). Optimization
of these parameters are most often not independent.
A high % CO; capture rate will e.g. give a lower
optimum CO- loading.

Simultaneous optimization of several parameters
have been evaluated by Mores et al. (2012) and
Agbonghae et al. (2014). Mores et al. (2012) used
a methodology based on Murphree efficiencies, and
Agbonghae et al. (2014) based the work on rate-
based modelling in Aspen Plus including the Aspen
Plus Economic Analyser.

Such simultaneous optimization raises challenges
for future work in complexity, accuracy, consistency
and robustness of the calculations.

6. Conclusion

The case study function in Aspen HYSYS can be
used to perform several simulations by changing one
parameter at a time. The ATwmin Was optimum at 13
K (a flat optimum between 11-15 K) giving 42.8
EURO/ton CO,. The case study function cannot be
used to vary the number of stages in a column.
However, the packing height was varied in an
automated case study by increasing the Murphree
efficiency of one stage gradually from 0.15 to 0.9.
The optimum packing height at 15 meter (15 stages
with 0.15 stage efficiency) gave 42.6 EURO/ton.
Inlet temperature was optimized using the case study
model where the Murphree efficiency was
calculated as a function of temperature. Optimum
inlet temperature was obtained at 34 °C, and the cost
was reduced to 39.6 EURO/ton CO,. The optimums
agree well with earlier calculated optimum
parameter values.

CO, Captured Cost [EUR/t]
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This study demonstrates that it is possible to
calculate the optimum packing height and inlet
temperature automatically by varying the Murphree
efficiency in a case study function.
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Abstract

Norway has a wide range of climatic conditions throughout the country. The climate varies from coastal to inland
areas. Geographic latitude and longitude, as well as the gulf stream oceanic flow, account for this phenomenon.
Different climate types can certainly affect residential building heating energy demands and make overheating
more likely. On the other hand, a building's orientation has an impact on its heating energy requirements. A
building's orientation affects how much solar gain it receives and how much wind it receives over the course of
the year. Employing DesignBuilder® software, This study examines how different orientations affect the energy
performance of a pre-designed house with and without solar photovoltaic panels in typical Norwegian climates.
The results confirm that in different locations, the optimal situation is South-East and the lowest energy
consumption without and with photovoltaic panels belongs to Bergen with 83305 Wh/m? and Oslo with 29442
Wh/m? respectively. This comparative study will be helpful to stakeholders in the building ecosystem
(municipalities, engineers, and designers, building companies, suppliers, and residents) in making more informed

decisions.

1. Introduction

Norwegian households used 48 TWh of energy, or
22 percent of the total energy consumed (Statistics
Norway, 2021). The non-residential sector
contributes almost 18% of total energy which
implies that almost 40 percent of the final energy
consumption in Norway comes from the building
stock (Sartori et al., 2009). Generally, these statistics
apply to western countries as well (EU Energy and
Transport in Figures, 2009). Efforts are being made
by the Norwegian authorities to reduce the energy
demand for buildings (Korsnes et al., 2013). Recent
revisions to the technical building regulations
(TEK17, 2017) require greater insulation, heat
recovery, and airtightness than earlier versions.

In the household as well as in the service sector,
electricity is the most widely used energy carrier
(Fig. 1). Electricity has been increasing in the energy
mix, reaching 83% in 2017 and this confirms the
importance of the possibility of generating
electricity from the house itself via solar panels. The
second largest portion of household energy is
derived from biofuels. About 5.8 TWh of energy
was generated by biofuels in 2017. Fuelwood
constitutes the majority of this energy, but pellets
and bio-oils are also used by households. (“Energy
use by sector”)

Often referred to as prefab or modular homes,
prefabricated houses are manufactured off-site and
then transported to the building site for final

assembly.  Assembling prefabricated houses
involves precutting and prefabricating building
components, such as walls, roofs, floors, and doors,
in a controlled environment before they are
transported to the building site. In general,
predesigned and prefabricated homes offer several
advantages, including lower costs, energy
efficiency, and versatility, making them an
increasingly popular choice in many countries. Due
to these factors, Scandinavia and Norway have a
long history of using prefabricated houses.

There can be a significant impact on the amount of
energy required to heat and cool a house based on
the local climate. In cooler climates, for instance,
homes require more energy to stay warm in the
winter, while in warmer climates, homes require
more energy to stay cool in the summer. On the other
hand, a house's orientation can also affect its energy
efficiency. It is possible to reduce the amount of
energy required for heating a residence with large
windows facing the south during the winter months
by utilizing natural solar heat gain. South-facing
windows, however, can increase heat absorption by
the home in hotter climates, which increases cooling
energy requirements. In addition to influencing the
amount of natural light that enters a home, the
orientation can also have a significant impact on the
energy consumption of the home by reducing the
need for artificial light.
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Figure 1: Norway's final energy consumption by energy carrier in 2020 (adapted from (“Energy use by sector™))

In the present study, a pre-designed house in five
different typical Norwegian climates was tested to
answer the following: 1) In different climates, how
does a house's orientation affect its energy
efficiency? 2) What is the optimal orientation for the
house in the selected location? 3) What is the effect
of climate on energy consumption? 4) What is the
effect of solar photovoltaic panels on the energy
consumption of a house in different climates? A
bioclimatic paradigm was used to assess the
operational energy and daylight performance of this
type of building in various climates.

2. Literature Review

Nordic countries’ cold climate and abundance of
natural resources have created unique challenges
and opportunities in the field of energy efficiency.
This has resulted in a significant amount of research
being conducted on the energy performance of these
countries (Abrahamsen et al., 2023; Carpino et al.,
2020, 2020; Cohen et al., 2007; Liu et al., 2015;
Mahapatra & Olsson, 2015; Molin et al., 2011;
Tommerup et al., 2007).

Many factors can affect the energy efficiency of a
house, including the climate (Cronin et al., 2018; Li
et al., 2021) and its orientation (Abanda & Byers,
2016; Albatayneh et al., 2018; Elghamry & Azmy,
2017; Lahmar et al., 2022). There have been
numerous studies that examine the effects of
climate, building orientation, location, etc. on a
building's energy performance. In particular, the
orientation of the facade has a significant impact on
the performance of building integrated photo voltaic
(BIPV) on fagades (Akbarinejad et al., 2022). As a
consequence of the relatively symmetrical sun path
throughout the day, it is difficult to determine the of
a building located in a warm-humid climate.
Nicoletti et al. (2022) employed EnergyPlus to

evaluate the energy and visual performance of a
building with photochromic glazings in southern
Italy. By considering five climatic locations in Saudi
Arabia, Alyami et al. (2022) examined the effects
of location and insulation material on the energy
efficiency of residential buildings. By observing and
conducting experiments on four existing buildings,
Khaliq and Mansoor (2022) determined the
effectiveness of energy consumption, as well as
developing a model based on different contributing
parameters, including orientation, construction
materials, construction type, etc. Morsali et al.
(2021) investigated the effects of building direction
and roofs on the energy consumption of residential
buildings through simulations using Building
Information Models. Abdul Mujeebu and Ashraf
(2020) examined the impact of location and range of
thermostat set points for cooling and heating on nano
gel glazing energy performance and economics in a
multistory office building, considering 26 climatic
regions across Saudi Arabia. Various climate
regions, Lapsia (2019) investigated the effect of its
geometric shape and orientation on its energy
performance. Fela et al. (2019) evaluated the impact
of climate on daylight performance in a reference
office in which there is only one glazed opening, and
on which a range of window-to-wall ratios are
measured on one of the short fagades facing a variety
of orientations. Tab. 1 summarizes the results from
the literature review. optimal facade orientation for
tropical cities in terms of maximum energy yield and
daylight performance. On tropical building facades,
Mangkuto et al. (2023) determined the optimum
orientation for BIPV. Karthick et al. (2023)
examined the effects of building orientation,
window glazing, and shading techniques on the
energy efficiency and comfort.
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Table 1: Summary of literature review
References Main Parameter Climate Software Location
g:)/lzag)gkuto etal, Building Orientation Tropical Indonasia
Building Orientation, DesianBuilder
(Karthick et al., 2023) | Window Glazing, and Warm-Humid g '
. ; EnergyPlus
Shading Techniques
(Nicoletti et al., 2022) Buﬂ@mg Location, Window EnergyPlus Southern
Glazing Italy
. Building Location and . Saudi
(Alyami et al., 2022) Insulation Material Hot-Humid IES-VE Arabia
(Khaliq & Mansoor Orientation, construction Pakistan
2022) g ’ materials, type of
construction
(Morsali et al,, 2021) | R0Of shapes and building REVIT
orientation
(Abdul Mujeebu & . . Saudi
Ashraf, 2020) Location and deadband Hot-Humid Ecotect Arabia
. . . Sub-tropical Himalayan
(Baruah & Sahoo, Orientations, location types of humid terrain of
roof surfaces, walls and . . eQUEST .
2020) . climate with dry India
fenestrations . o\
winter conditions
. . . Jakarta
. Different climates, geometric TRNSYS, .
(Lapisa, 2019) shapes, and orientation CONTAM Marse_ll_le,
and Poitiers
The middle
Location and design of Green Building east and
(Hammad et al., 2018) windows Studio north africa
(MENA)
(Dobosi et al., 2019) Various locations EnergyPlus in Romania
Sketchup
(Fela etal., 2019) C_)rleljtatlon, window size, and Tropical area Radlanc_e and Indonesia
lighting control Daysim
” T . EnergyPlus in
(Kosir et al., 2018) Location’s climatic specifics OpenStudio
(Elhadad et al., 2018) Building orientation IDAICE 4.7 Egypt
(Khan & Asif, 2017) | Green roofand building Hot-Humid Ecotect Saudi
orientation Arabia
(Poddar et al., 2017) Building orientations and DesignBuilder, South
B seasonal variations EnergyPlus Korea
(Diaz & Osmond, Various locations Hot—Humld WUEI Plus Location
2017) Tropics

3. Simulation Setup

A pre-designed two-story Norwegian house (Fig. 2)
was designed in accordance with the spaces and
areas specified in Tab. 2.

been selected so as to meet the requirements of the
TEK 17 standard (Byggteknisk Forskrift (TEK17)
Med Veiledning, 2017), which has been adopted by
the Norwegian government. A summary of the
requirements for external walls, roofs, floors, and
windows prescribed by TEK 17 can be found in Tab.
3.

To meet the requirements of the Norwegian
regulations, the materials used in this house have
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Figure 2: The overview of the building

Table 2: Names and areas of the building spaces

Name of Areas Area (m?)
Living Room 85.825
Kitchen 10.954
. Toilet-Bathroom 5.995
First story
Bedroom 1 20.289
Bedroom 2 17.351
Hallway 10.144
Living Room 85.825
Kitchen 10.954
Toilet-Bathroom 5.995
Second story
Bedroom 1 20.289
Bedroom 2 17.351
Hallway 10.144
Total Area of Each | 150.558
Story
Total Area of the 301.116
Building

Table 3: Comparison of standard requirements and used
values for the simulations

Requirement

2

Small house (150 m?) of TEK 17 Used
U-value outer walls <0.18 0.176
[W/(m? K)]

U-value roof [W/(m? K)] <0.13 0.127
U-value floors [W/(m? K)] <0.10 0.094
U-value windows and <0.80 0.78
doors [W/(m? K)]

Proportion of window and <25% <25%
door areas of heated gross

internal area

Vasteras, Sweden, September 26-27, 2023

The heating system of the house is ground heating
fed by a hot water boiler which uses electricity from
the grid to heat the water and has a coefficient of
performance (CoP) equal to 0.65 (the default CoP
specified in the software’s library for this system).
Due to the climate characteristics, no cooling system
is considered for the house.

Noteworthy to indicate is that the ventilation rate has
been set to 0.5 air change per hour (the minimum
permitted amount) (Dimitroulopoulou, 2012) and
the air infiltration rate has been set to 0.3 air change
per hour as it must be under 0.6 (Bunkholt et al.,
2021).

Moreover, to check the possibility and the amount
of electricity generation by solar energy in each city,
the pitched roof of the building is covered with solar
photovoltaic (PV) panels with characteristics such as
area of the PV panel equal to 128 m?, efficiency of
0.15, and fraction of surface with active solar cells
equal to 0.9.

Similar to many other studies and simulations, our
study has also limitations. There are other
parameters to be set based on the DesignBuilder®
software requirements which have been set as the
default value of the software itself. Moreover, as
mentioned above, there are some critical parameters
such as CoP, air infiltration and ventilation rates
which the results are sensitive to them, so they are
worthy to be studied in the future.

From another point of view, as seen in the next
section, only eight main orientations have been
considered in the simulations. And necessarily the
optimum orientation is not among these. In addition,
the shading effect of other buildings has not been
considered in this study and the slope of the PV cells
has been set as the slope of the roof which is not
necessarily optimum.

4. Results and Discussion

As a result of setting up all the above parameters in
the DesighnBuilder® software, five Norwegian
cities with differing climates were selected as the
locations for the house, namely Oslo, Trondheim,
Tromsg, Kristiansand, and Bergen. Throughout each
city, one simulation has been performed for each
direction (south, south-east, east, north-east, north,
north-west, west, south-west). To calculate the
energy consumption and energy generation of PV
panels during the year, as well as the percentage of
energy consumption reduction with generation
during the year, the house was rotated in the eight
directions listed above. As a result, the data referred
to above were exported and are shown in Appendix
A

The simulations show that the lowest energy
consumption in each city can be reached in the
facing into the direction of south-east with the
amount of 87715, 102530, 135250, 87759, 83305
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[Wh/m?] per year for Oslo, Trondheim, Tromsg,
Kristiansand, and Bergen respectively (Fig. 3).

The Lowest Energy Consumption without
Generation (Wh/m?)

135250
102530

87I15 | 87I59 —
> >
N 3
Q @ L &
& &@ &

<8 &

Figure 3: The lowest energy consumption in the cities
among all orientations

Furthermore and as it could also be expected,
Tromsg and Trondheim have the highest yearly
energy consumption, which is the result of their
geographical location and climate.

Interestingly, the highest energy generation with the
PV panels is available in a different facing in
comparison to the facing with the lowest energy
consumption in each city. The PV panels are able to
produce the highest amount of energy in the facing
into the West with the amount of 58366, 58920,
49770, 58366, and 49073 [Wh/m?] per year for Oslo,
Trondheim, Tromsg, Kristiansand, and Bergen
respectively (Fig. 4). It is expected that the
performance of the PV panels are highly affected
negatively in cloudy weathers such as Bergen and
Tromsg.

Although it is not surprising that the second lowest
amount of energy generation by PV panels is in
Tromsg because of the angle of the sun light due to
the altitude of the city and because of the long
periods of darkness, it is absolutely surprising that
Bergen has the first lowest amount of energy
generation while it has considerably lower altitude
and also has shorter periods of darkness comparing
to Tromsg.

Vasteras, Sweden, September 26-27, 2023

The Highest Energy Generation of PV
Panel (Wh/m2)

58366 58920 58366
| | 49770 | 49073
i) Qb
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Figure 4: The highest energy generation with the PV
panels in the cities among all orientations

By combining the yearly energy consumption with
and without energy generation by PV panels, it can
be concluded that by adding PV panels to this
building, the maximum energy reduction can be
achieved in the south-east facing by 66.43, 57.42,
36.7, 66.4, and 58.85 percent for Oslo, Trondheim,
Tromsg, Kristiansand, and Bergen respectively (Fig.
5).

66.43 66.40
57.42 58.85
| 36.70
O & &
o & & 5%
&&o&\b < %'5\%&9 o

Figure 5: The highest energy consumption reduction
using PV panel (%) in each city among all arientations

Finally, although the highest energy generation is
achieved in Trondheim (58920 Wh/m?), the highest
percentage of energy consumption reduction with
generation is achieved in Oslo and Kristiansand with
a negligible difference, 66.43 and 66.4 percent
respectively (Fig. 6).
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Figure 6: The highest energy generation and energy
consumption reduction in the cities among all
orientations
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5. Conclusion

The findings of the study highlighted the
significance of considering climate variations and
building orientation when assessing residential
building heating energy demands and the likelihood
of overheating. The geographic latitude and
longitude, along with the influence of the Gulf
Stream oceanic flow, were identified as contributing
factors to the diverse climate types across Norway.

Through the analysis, it was determined that the
optimal orientation for energy efficiency differed
across locations, with the South-East direction
emerging as the most favorable in the examined
scenarios. The study also investigated the impact of
incorporating solar photovoltaic panels into the
house design, noting that different locations
demonstrated varying energy consumption levels.
The city of Bergen showed the lowest energy
consumption without photovoltaic panels, recording
83,305 Wh/m?, while Oslo exhibited the lowest
consumption with photovoltaic panels, at 29,442
Wh/m?2.

By shedding light on these energy performance
variations, this study provides valuable guidance for
stakeholders involved in the design and construction
of residential buildings in Norway.

Appendix A: The extracted data from simulations

Ener Energy
9y consumptio Energy Energy Energy
consumption diff i ; .
City Facing without n difference generation consumption consumption
eneration according to of PV with generation reduction with
g ‘ minimum (Wh/m?2) (Wh/m?2) generation (%)
(Wh/m?)
amount (%)
S 89343 1.86 58221 31122 65.17
SE 87715 0.00 58273 29442 66.43
E 88242 0.60 58333 29909 66.11
NE 92290 5.22 58225 34065 63.09
Oslo N 95970 9.41 58222 37748 60.67
NW 95260 8.60 58297 36963 61.20
w 92760 5.75 58366 34394 62.92
SW 90810 3.53 58248 32562 64.14
S 104210 1.64 58890 45320 56.51
SE 102530 0.00 58870 43660 57.42
E 103260 0.71 58880 44380 57.02
NE 107650 4.99 58850 48800 54.67
Trondheim N 111690 8.93 58890 52800 52.73
NW 111410 8.66 58900 52510 52.87
w 108570 5.89 58920 49650 54.27
SW 106100 3.48 58880 47220 55.49
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S 136980 1.28 49540 87440 36.17
SE 135250 0.00 49640 85610 36.70
E 135990 0.55 49740 86250 36.58
NE 140730 4.05 49600 91130 35.24
Tromsg N 144640 6.94 49540 95100 34.25
NW 144050 6.51 49670 94380 34.48
W 141160 4.37 49770 91390 35.26
SW 138890 2.69 49620 89270 35.73
S 89395 1.86 58221 31174 65.13
SE 87759 0.00 58273 29486 66.40
E 88285 0.60 58333 29952 66.07
NE 92370 5.25 58225 34145 63.03
Kristiansand N 96030 9.42 58222 37808 60.63
NW 95320 8.62 58297 37023 61.16
W 92780 5.72 58366 34414 62.91
SW 90860 3.53 58248 32612 64.11
S 84359 1.27 49040 35319 58.13
SE 83305 0.00 49023 34282 58.85
E 83555 0.30 49051 34504 58.71
NE 86045 3.29 49034 37011 56.99
Bergen N 88497 6.23 49040 39457 55.41
NW 88300 6.00 49039 39261 55.54
W 86681 4.05 49073 37608 56.61
SW 85362 247 49049 36313 57.46
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Abstract

Supported by an identification experiment using random-phase multisines, uncertain parameters in a grey-box model
for a multiple-input multiple-output laboratory-scale heat exchanger are fitted to experimental data. By defining de-
sired trajectories for the controlled system concerning setpoint changes, simulations and a cost function taking control
signal activity into account, we determine both a linear and a nonlinear PI-controller. The resulting control systems
are evaluated through practical experiments and analysis with encouraging results. The approach to modelling and
controller design raises questions about what is needed from an educational point of view, e.g., what skills are needed

for simulation-based control design and analysis?

1 Introduction

The development of increasingly accurate models and
simulations raises questions about whether new ap-
proaches to the design of control systems should be
considered. As an example, models often popularly
referred to as Digital Twins (DTs) (Espinosa-Leal et
al., 2020) that combine sensor information, data-based
black-box models with physical models to develop
a faithful virtual replica of a given system are used
onboard in the electronic control unit for improving
the final tuning phase of the controller for the physi-
cal vehicle in an automobile application (Dettu et al.,
2023). Inspired by similar approaches and the ap-
proach of (nominal) model predictive control (mpc) in
general (Hewing et al., 2020), we explore possibilities
to use simulations directly for controller design. Our
case study considers a laboratory-scale heater and a
heat exchanger. Heat exchangers are vital components
in, among other applications, thermal power stations
and heat pumps. Improved control of heat exchang-
ers based on the creative use of increasingly accurate
models could thus contribute to the much needed in-
creased energy efficiency (IPCC, 2023).

Although it would be appealing to illustrate the ap-
proach on a deterministic, linear model that could be
fully explored analytically, the primary motivation for
using simulations directly is, naturally, for processes
with features not easily captured by linearized mod-
els. Therefore, the approach is illustrated in a non-
linear, multivariable process. In this initial approach,
we, for manageability, focus on the control of one vital
quality variable. Combining first-principles with ex-

periments, a system of coupled nonlinear differential
equations forms the basic model of the heating process
considered. Some uncertain parameters of the model
are fitted based on an identification experiment. A se-
quence of setpoint changes and a control performance
criterion are then defined. Different control strategies
are explored and optimized based on simulations. The
strategies are then implemented in practice, results are
evaluated, and a preliminary analysis of the control
systems is presented.

Reflecting on the approach, what does it imply regard-
ing modelling and model analysis required for teach-
ing control engineering on a general level? If control
design is based on simulations only, does this mean
that the skills needed for analyzing (and linearizing)
differential or difference equations are less critical?
How can traditional requirements on stability analysis,
robustness, control performance and control signal ac-
tivity be explored based on simulations? Connected to
these questions is the opaque nature of general nonlin-
ear black-box models and physical component models
with block diagrams that often make them less suitable
for traditional, linear approaches. The gaining popu-
larity of these modelling alternatives also motivates
the approach presented in this paper.

2 Laboratory-scale heat exchanger

A schematic view of the process is illustrated in the left
panel of Fig. 1. The process has three control signals,
u. controlling the pump on the cold side, u;, control-
ling the pump on the hot side, and u,, controlling the
power to the heater. Given the external disturbances
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T, and Ty, i.e., the temperature of the flow on the
cold side into the heat exchanger and the surrounding
temperature, a model should be able to determine the
power to the heater P, the flows on the cold and on the
hot side, V, and V},, the temperatures entering and ex-
iting on the hot side, Ty; and Tj,,, and the temperature
exiting on the cold side, T,.

Teco Tu
Vi
)
Tci Th
(=]
Ve
u
. T

Figure 1. Schematic view of the heating process. Blue de-
notes the cold side of the heat exchanger, and red
denotes the hot side and the heater.

The main objective is to control V.. as well as T,. The
temperatures on the hot side are less interesting, but
naturally sufficient heat is necessary to enable control
of Tp,.

2.1 A grey-box model

In the approach to the simulation-based design of
controllers, we consider a simplified first-principles
model for the heating process. A net energy balance
can be written

%:P_‘ycpcp(no_ni)_Qloss (1)
where dE/dt is the change of net stored energy in
the system and Q) are the heat losses to the environ-
ment. The term E, cannot easily be used to determine
the temperatures Ty, Tho and To. For this reason, the
net balance is split into three equations. A balance
over the heater yields

dE,

T P —Vpcp(Thi — Tho) — Oloss @

where all heat losses from the system are assigned to
the heater. The stored energy is assumed to be char-
acterized by the temperature Ty,; and given by E, =
C,,(Thi — Tret) Where C), is the heat capacity for the
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heater and Tis is a reference temperature. If C,, is as-
sumed constant, dE, /dt = C,dT;;/dt. A similar bal-
ance over the hot side of the heat exchanger yields

dE ) .
—h Vipcp(Thi — Tho) — One 3)

dr
where Oy is the power transferred in the heat ex-
changer and dE}, /dt is characterized by Tp,. If G, is
the heat capacity for the hot side of the heat exchanger
and assumed constant, dEy, /dt = C,,dTy,/dt. The cor-
responding balance over the cold side of the heat ex-
changer is given by

ddEtC = Ohe — chcp(Tco - Tm) (4)
where dE. /dt is characterized by the temperature Ty,.
If C, is the heat capacity for the cold side of the heat ex-
changer and assumed constant, dE.. /dt = C.dT,, /dr.
In addition to these energy balances, equations for
Oloss> One and equations for dependencies between i,
and V., u;, and Vj, and u,, and P are needed.

For a heat exchanger, it is common to use Qpe =
aAAT,,, where o is the heat transfer coefficient, A
is the exchange area and ATjy, is the logarithmic mean
temperature difference. In this case, the temperature
differences are Ty; — Too and Ty, — Tii. Although ATy,
is motivated by steady-state, we nonetheless use it for
our dynamic model. The heat losses are assumed to be
proportional to Ty — Turrs i-€., Qloss = k(Thi — Teurr)-
For the pumps and the heater, first-order models were
fitted to step experiments to give the equations,

av, 1 ;

—=_ (K, ¢—19,0) =V,

- Tc( max (u —19,0) —V¢)

av '

dith = Fh(l(hmax(uh —19,0)-V,) ©)
dp _ i(K P)

a T, plp

with T, = 1.5 s, K, = 5 (ml/(min)/%), T, = 1 s, K;, = 10
(ml/min)/%), T, = 1 s and K, = 0.016 kW/%.

The models include several uncertain parameters in
addition to the pump and power characteristics given
above, mainly a, k, C., C;, and C,,. Constant esti-
mates for these will, for simplicity, be considered. In
addition, delays are determined by visual inspection
of step changes and possible flow-dependent trans-
port delays as well as distribution of temperatures and
flows, ageing and other time-variant characteristics
are neglected. The identification experiment and how
the parameters a, k, C., C, and C, are fitted is de-
scribed next.

2.2 Identification experiment

Although o and & could be fitted to steady-state data,
estimating heat capacities requires experiments with
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nonzero temperature derivatives. In future work, we
also aim to explore various data-based models for
simulation-based controller design. For this reason, a
6000 seconds identification experiment using random-
phase multisines (Pintelon & Schoukens, 2012) for all
three control signals, u., u; and u,, was conducted.
The main experiment contains two independent sets
of three 1000 seconds long periods each. A short seg-
ment of the experiment illustrating T¢,, corresponding
simulations T¢, ¢ and the three control signals are il-
lustrated in Fig. 2.

u (%)

0
2000 2100 2200

Figure 2. Upper panel: Simulations of T, (blue) and
measurements T, (red) for a short segment of
the identification experiment. Lower panel: The
three control signals for the corresponding seg-
ment of the experiment.

As Fig. 2 shows, significant variations in, especially,
u. and u, have been implemented. Consequently,
the experiment should provide valuable data over a
large range. To fit the uncertain parameters to the
data, simulations are compared to measurements and
a quadratic criterion defined by Eq. 6 is introduced.

1
Vy = W diag(X" X)W (6)
m

In Eq. 6, m is the number of observations, W is a
weight vector that emphasizes the chosen variables,
and X is a matrix with the simulation errors of interest
as columns. The k-th row in X has the four columns

Tco,s(_k) - T(:O(k): Thi7s(k) - Thi(k)a Tho,s(k) - Tho(k)
and V. 4(k) — Ve(k) and 1 < k < m. Controlling T,
is the main objective in our application and motivates
our choice of W' = (v/10 1 1 1).

In addition to the main experiment, experimental step
changes in the control signals were performed to esti-
mate delays. Based on visual inspection, delays from
the control signals were estimated as 2, 2, and 6 sec-
onds respectively. In other words, u.(t —2), uy(t —2)
and up,(t — 6) replaces u., uj, and u, in the equations
for the grey-box model. It can be noted that these es-
timates are somewhat arbitrary, e.g., is the delay from
uy, to Teo, to Ty or to T, ? Maintaining the physical in-
terpretation of the grey-box model, we choose delays
to V., Vj, and P, respectively. Even so, variations be-
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tween different step changes can be discerned. More-
over, for data-based models, other delays can be mo-
tivated.

Using constrained optimization, the estimates o =
0.30kW/(°Cm?), k = 0.0033 kW/°C, C. = 0.17 kJ/°C,
C, = 0.13 kJ/°C and C, = 5.9 kJ/°C are obtained.
Simulations of T, denoted T, s for the fitted model
are illustrated along with measurements in Fig. 2.

3 Designing controllers

Traditionally, controller design is based on linear mod-
els of the dynamical systems. Rules-of-thumb ap-
proaches are based on simple models. With more de-
tailed (linear) models, the design typically addresses
one of, e.g., a desired stability margin, control per-
formance as quantified by quadratic costs in control
error and control signal activity, disturbance rejec-
tion, robustness by guaranteeing stable control un-
der uncertainties, etc. Typically, these approaches re-
quire tools for differential and difference equations,
linearizing equations, state-space descriptions and lin-
ear algebra, block diagrams, frequency analysis and
Bode-diagrams, optimal control, etc. Accordingly, ac-
quiring such skills forms a major focus of control en-
gineering courses.

With increasingly accurate models, it appears that ap-
proaches based on linearized models do not take full
advantage of available insights. Furthermore, maybe
nonlinear approaches to control based on local linear-
ity, such as gain scheduling, primarily are the result
of adapting the design of controllers to traditional ap-
proaches?

As an alternative, mpc is not based on designing a
static control law. Instead, control signal sequences
are determined by optimizing simulations of a model
to follow a desired trajectory over a predictive hori-
zon. With new measurements, optimal control sig-
nal sequences are updated based on the available state.
This approach has many attractive features, e.g., non-
linear models and constraints can easily be included.
A disadvantage is that it may be difficult to determine
the required computational complexity a priori, e.g.,
hard nonlinearities, bifurcations, etc., can render op-
timization unfeasible. Thus, simplifications (lineariz-
ing) can be needed to guarantee necessary computa-
tional efficiency.

In this paper, we instead combine the approach of de-
signing a static control law with that of using simula-
tions. With a static control law, the need for computa-
tional power in the real-time implementation is negli-
gible and this is a key motivation behind our approach
and a clear advantage compared to nominal mpc. The
parameters in the controller are determined by opti-
mization, i.e., similarly to mpc we formulate and min-
imize a criterion that quantifies differences in simula-
tions of process values from desired setpoint trajecto-
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ries taking control signal activity into consideration.
The general criterion is similar to Eq. (6) and is given
by

V. = 1(07 diag(X7X.)0 + K" diag(AuT Au)R ()
m

where X, is given by differences between setpoint (7)
and simulated process value (y) and its k-th row is
given by

X (k) = (ri(k) —yi(k) ra(k)—ya(k) ---) (8)

In our quadratic criterion, control signal activity is
quantified by the change in control signal, Au = u(k+
1) —u(k), but u can naturally be used directly if more
suitable for the application at hand.

The idea of simulation-based controller design is not
new, e.g., neural network controllers can often be seen
as a version of this approach. But the idea and criterion
has to the best of our knowledge not been as explicitly
discussed as we try in this paper. Furthermore, we also
discuss how to incorporate feedback systems analysis
within our framework.

For our specific case study, the focus of the present
study is to explore possibilities for controlling T, us-
ing uy,. In Eq. (7), Xe = Teosp — Teo,s and Au = Auy, ac-
cordingly, and with the heuristic choices of Q = 20y/2
and R = 1 based on evaluations of simulations. For the
other control variables, the flow on the cold side, V.,
with the pump on the cold side, u,, and the tempera-
ture entering the heat exchanger on the hot side, T;,
with u,,, we use fixed PI-controllers.

For the PI-controllers, we use the velocity equation

ui(k) =u;(k—1)+K; <<1 + Tﬁ) ei(k) —ei(k— 1)>
’ ©)

with control signals constrained between 0 and 100%,
u;(k) = min(max(u;(k),0),100). In Eq. (9), K is the
(proportional) gain, 77 the integration time, 7 the sam-
pling period (7; = 1 s in all simulations and experi-
ments) and e;(k) = r;j(k) — yi(k) is the control error,
i.e., the difference between setpoint and process value.
The subscript i is either ¢ for the pump on the cold side,
h for the pump on the hot side or p for the command
to the power in the heater. The PlI-controller for u,
has K. = 0.01 %/(ml/min) and 7; . = 0.5 s and u,, has
K, =20%/°Cand Ty, = 100 s'.

To explore realistic challenges, the setpoint for V,
changes from 150 ml/min to 220 ml/min at # = 1000 s
as a ramp stretching over 5 seconds and then to
100 ml/min at ¢ = 2000 s as a ramp stretching over 10
seconds. These setpoint changes can be seen in Fig. 3.
The setpoint for T, changes from 35 °C to 40 °C at
t =500 s, back to 35 °C att = 1500 s and to 40 °C at

I These choices are at least not intentionally biased for our study as
they are arbitrarily chosen from submitted student assignments.
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t = 2500 s. All changes are ramp-shaped and stretch
over 10 seconds. These setpoint changes can be seen
in Figs. 4 and 6. The setpoint for Ty; is kept constant
at 55 °C.

3.1 PI control

Minimizing Eq. (7) for the simulated response to the
setpoint changes regarding Kj, and 7; , gives the results
K, =4.7%/°Cand T; , = 23 s. Corresponding simula-
tions are illustrated in the left panels of Figs. 3—5. For
reference and comparison, the value for our criterion
of Eq. (7) is V., = 510. In Figs. 3-5, experimental re-
sults using the same setpoint changes are illustrated in
the right panels. In addition to the presence of mea-
surement noise, some differences can be noted. In the
simulations, T, does not reach the setpoint after the
change in V. at ¢ = 1500 and uy, saturates at 100%. In
the experiment, this disturbance in T, is significantly
smaller and compensated for by the controller with uy,
just under 70%. This discrepancy between model and
experiment could be explained by a higher efficiency
of the heat exchanger at higher flows, i.e., & could
better be described as a function of flows and, pos-
sibly, temperatures. For the control, however, it ap-
pears as if the well-known strength of integral action
in the controller is robust against such low-frequency
modelling errors. Perhaps more interesting, the distur-
bance in T, at # = 2000 due to the change in V, causes
slowly converging oscillations, suggesting a bifurca-
tion in the simulated closed-loop system that could
warrant further study. As an advantage in practice,
we note that control of T¢, is similar but better in ex-
periments than in simulations.

For the control of 7,; much larger high-frequency vari-
ation in both 7; and u;, can be noted in the experiment
compared to simulations. Although the control on a
general level is similar in simulation and experiment
and works well since high-frequency variations in u,
are not a matter of concern, this discrepancy will be
briefly discussed in Section 4.

For the experiment, the value V., = 140 is obtained.
This significantly lower value despite measurement
noise compared to the simulation can partly be ex-
plained by the simulated T, not reaching the setpoint
for 1500 <t <2000 as noted before.

3.2 Nonlinear PI control

In addition to enabling the use of detailed and, pos-
sibly, opaque models, one of the points behind us-
ing simulations for controller design is the possibil-
ity for exploring alternative, nonlinear controllers. As
the left panels in Figs. 45 clearly reveal, the model
exhibits challenging nonlinear characteristics. An in-
tuitive solution could therefore be to consider a non-
linear PI-controller. Instead of gain-scheduling with
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Figure 3. Upper panels: Setpoint changes in of V. (blue) and simulated control (red) in the left panel, and the corresponding
experiment to the right. Lower panels: Simulated control signal u, (left)
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Figure 4. Upper panels: Setpoint changes in of T, (blue) and simulated control (red) in the left panel, and the corresponding
experiment to the right. Lower panels: Simulated control signal u, (left) and corresponding experiment (right).

different linear PI-controllers depending on a parame- The experiment with the nonlinear PI-controller yields
ter (typically u, y or r), we explore linear dependen- the value V.., = 52. Compared to the experiment with
cies in the gain and integration time. Specifically, the linear controller, the performance is numerically
in place of K}, and, 77, we use K}, + aup(k — 1) and clearly better. Visual inspection of Figs. 67 reveal
Tpp+bup(k—1). that setpoint tracking is faster and disturbance rejec-

tion better than in the linear case, at the cost of higher
activity in the control signal uj,. In summary, the re-
sults are very encouraging and a significant improve-
ment in control quality can be noted.

Minimizing Eq. (7) for the simulated response to the
setpoint changes regarding K, a, T; , and b gives the
results Kj, = 0.1 %/°C,a =46 1/°C, T; , = 0.18 s and
b = —0.46 s/%. Compared to the linear PI-controller
of Eq. (9) this corresponds to a range of values for K},
between 3.5 %/°C and 18 %/°C and for 77, between
0.14 sand 38 s. Simulations yield the value V. , = 240,
i.e., a significant improvement over the linear case.
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Figure 6. Same as in Fig. 4 but for the nonlinear PI-controller.

4 Control system analysis

It is commonly known that control design methods
“focus on one or two aspects of the [control] problem,
and the control-system designer then has to check that
the other requirements are also satisfied” (Astrém &
Wittenmark, 1997). Using a block diagram and trans-
fer function notation with s as the Laplace variable, a
feedback system following the structure we use is de-
picted in Fig. 8.
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30 ‘ ‘ ‘ ‘
0 500 1000 1500 2000 2500 3000
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G,G G
Y(s)= ——2_R P__w,
“)1+a@(wﬂ+a@1®+
1
—W 10
156G, 2(s)  (10)
and
G, GG,
U(s)= R(s) — Wi (s)—
(5) 1+G,G, (s) 1+G,G, 1(s)
G,
—W 11
16,3, 2(s)  (11)
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Figure 7. Same as in Fig. 5 but for the nonlinear PI-controller.

R(s) + U(s)

Wi (S) Wz(s)

Figure 8. Block diagram for a process G,(s) controlled by (negative) feedback. The diagram includes setpoint R(s), control
signal U (s), process disturbance W (s), measurement noise Ws(s), process value Y (s) and controller G,(s).

As these equations indicate, the control problem can,

in turn, often be analyzed (in the frequency domain)

by addressing the “Gang Of Four” (Astrdm & Murray,

2021), i.e, the four transfer functions
GG,

— 12
1+G,G, (12)

known as the complementary sensitivity function,
G
N (13)
1+ GG,

the load sensitivity function,

1
L 14
1+G,G, (14)

the sensitivity function and

Gr

_— 15
14G,G, (13)

the noise sensitivity function. For linear systems, it
is illustrative to analyze the closed-loop system with

plots of (the gains of) these transfer functions as a
function of frequency. In principle, simulations using
sinusoidal functions of different frequencies for, e.g.,
wy(t) and recording the corresponding amplitudes of
y(¢) and u(t) could provide numerical estimates of
these gains. However, nonlinear systems can exhibit,
e.g., frequency spreading, i.e., a single frequency in
wy () can result in several frequencies in y(¢) and u(z).
This phenomenon can further be amplitude-dependent
and, for multivariable systems, the principle of super-
position is not necessarily applicable. In addition, the
behavior can depend on the region of operation.

In summary, these characteristics render a full explo-
ration of our case study cumbersome at the very least.
We are still grasping at how the abundance of combi-
nations of different variables could be illustrated. As
an initial exploration, and motivated by the challenges
the experiments indicate, we separately explore how
sinusoidal measurement noise in T, and Ty; for dif-
ferent frequencies affect Tc,, uy, Tpi and uy,, respec-
tively. Constant setpoints are used, 37.5°C for T, and
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160 ml/min for V... The amplitude of the measurement
noise was 1°C and possible frequency spreading was
neglected, i.e., only amplitudes of corresponding os-
cillations were recorded. The corresponding results
are illustrated in Figs. 9—10.

%/°C)
E
(=)
o
JoC

Figure 9. Amplitude of variations as a function of fre-
quency resulting from a sinusoidal measurement
disturbance on T, (upper panels) with ampli-
tude 1°. Left to right, amplitudes of T¢o, Uc, Thi
and u;,. Lower panels: Same as upper panels but
for Ty; with amplitude 1°.
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Figure 10. Same as in Fig. 9 but for the nonlinear PI-
controller.

3

As the figures reveal, similar “sensitivity func-
tions” are obtained for the linear and nonlinear PI-
controllers, indicating a (limited) insensitivity to pro-
cess variations. Based on this limited analysis, the
main source of possible concern is in the “noise sen-
sitivity functions”: variations in 7p; can be amplified
to the control signal u,, by a factor of 25 and to u;, by
a factor of 3 using the linear PI-controller and a factor
of 4 using the nonlinear PI. Variations in T, in turn,
can be amplified to the control signal i, by a factor of
9 (linear PI) and by 16 (nonlinear PI).

This analysis can explain the control signal activity
observed in u;, (lower right panels of both Fig. 5 and
Fig. 7) as well as the difference between control signal
activity observed in u, (lower right panels of Fig. 4
and Fig. 6). Most likely, the high gain of 25 is due
to the heuristically designed PI-controller for control-
ling Ti; using u, and it can be noted that the gain
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K, =20 %/°C was used. Still, a comparative study of
different approaches for controller design, possibly in-
cluding simulation-based loop-shaping, could help to
shed light on possible weaknesses in the simulation-
based approach. Moreover, an interesting possibility
could be to include, e.g., the maximum gains of noise
sensitivity functions in the criterion minimized for de-
signing controllers, Eq. (7).

5 Conclusions and future work

In this paper, we explored simulation-based controller
design. Compared to approaches based on linearized
models, this enabled us to explore and tune alterna-
tive nonlinear controllers. Moreover, the approach
does not rely on models that are translucent and easily
linearized. For our challenging case study on a mul-
tivariable, nonlinear heating system, the simulations
were promising and experimental results above ex-
pectations. Further experiments, study, analysis, and
comparisons to other promising frameworks such as
reinforcement learning or mpc will be pursued in order
to explore the general applicability of the presented
approach.
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Abstract

Multiphase flow metering is a challenging task because of the complexity of multiphase flow. In this paper, non-
intrusive multiphase flow metering techniques, including machine learning (ML) / artificial intelligence models
for the identification of flow regimes and estimation of flow parameters of a two-phase flow in a horizontal pipe
are proposed that use data from Electrical Capacitance Tomography (ECT) and conventional measurements such
as differential pressure in the pipe. The flow regimes are classified into five types, namely plug, slug, annular,
wavy and stratified. Two-phase air/water flow experimental data from ECT are collected by running extensive
experiments using the horizontal section of the multiphase flow rig at the University of South-Eastern Norway
(USN). Exploratory data analysis (EDA) is performed on these data to extract features for use in classification
and regression algorithms. Time series of normalized capacitance data from ECT sensors are used to classify flow
regimes and identify flow parameters. ML techniques of Artificial Neural Network, Support Vector Machine
(SVM), K-Nearest Neighbors (KNN) and Decision Tree (DT) are used to classify flow regimes by using features
extracted from ECT data. The cross-correlation technique is used to estimate flow velocity using data from a twin-
plane ECT module. ML regression techniques are used to estimate phase fractions. Fusing data from differential
pressure sensors enhances the flow regime classification. An overall system performance is given with suggestions

for designing dedicated control algorithms for actuators used in multiphase flow control.

1. Introduction

In fluid mechanics, multiphase flow is the flow of
two or more phases of matter in a pipe. Multiphase
flow is a complex phenomenon. Two-phase flow is
a flow where two phases out of solid, liquid and gas
phases are observed simultaneously in a pipeline.
Gas/Solid is prevalent in pneumatic conveyors, dust
collectors, fluidized beds, heterogeneous reactors
and metallized propellant rockets. Gas/liquid flow
can be seen in atomizers, scrubbers, dryers and
combustors. Liquid/liquid droplet flow is observed
in extraction, homogenizing and emulsifying.
Liquid/solid is present in flotation and sedimentation
(Soo, 1990).

The geometric distribution of constituent phases in a
multiphase flow is known as flow regime or pattern
(Tan and Dong, 2023). There are various types of
flow regimes. Slug, plug, stratified, annular, wavy,
bubble, etc., are common and well-known flow
regimes observed in multiphase flow (Vohr, 1960).
Flow regimes depend on the orientation of pipe and
direction of flow. The density of phases, viscosity of
phases and mass flow rates of phases also greatly
affect the creation of flow regimes (Alssayh et al.,
2013). Operating pressure, temperature, valves and
bends have a direct effect on the flow regimes

(Hansen et al., 2019). Classification of flow regimes
in a two-phase flow pipeline is a major challenge in
the field of flow analysis (Pereyra et al., 2012). Flow
regimes can be classified subjectively through
graphics or by employing the probability density
function of pressure or void fractions signals from
sensors (Almalki and Ahmed, 2020; Godfrey
Nnabuife et al.,, 2021). Flow regimes has direct
effect on the measurement of flow velocities, phase
fractions and other parameters (Godfrey Nnabuife et
al., 2021). Some of the flow regimes observed in
horizontal gas/liquid multiphase flows are described
below:

e  Stratified

When gas and liquid flow rates are low, stratified
flow is observed. It is applicable in horizontal flow
direction. There is no mixing of the two phases and
the liquid phase remains as a film at the lower
portion of the pipe (Liné and Fabre, 2011).

e  Wavy

At higher gas flow rates, the stratified flow converts
to wavy flow in which ripples or waves are observed
on the top of the liquid layer. It appears like waves
in a sea. (Jayanti, 2011)
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e Annular

At higher gas velocity, wavy flow converts to
annular flow in which liquid flows at the periphery
of the pipe while gas flows at the center of the pipe.
(Zeigarnik, 2011)

e Plug/Elongated Bubble

Plug is a kind of flow pattern in which large bubbles
of gas float on the top surface of the liquid phase
spanning a large area in the pipe. The gas phase is
dispersed in the liquid phase. (Vohr, 1960)

e Slug

Slug flow is intermittent flow in which slugs of
liquid with dispersed bubbles flow along with large
gas pockets. The flow is always unsteady. The
bubble is in the shape of a bullet. This flow alternates
between high liquid fraction and high gas fraction.
(Vohr, 1960)

(Wang and Zhang, 2009) use an ECT for identifying
flow regimes by applying Support Vector Machine
(SVM) to classify flow regimes and Principal
Component Analysis (PCA) to optimize the inputs
to the SVM model. (Ameran et al., 2015) discuss
velocity measurement of two-phase flow through
ECT using cross-correlation techniques. A study of
flow velocity and phase concentrations of horizontal
two-phase flow is presented by (Stavland et al.,
2021), employing a dual-plane ECT with gamma-
ray tomography to measure volumetric flow rates of
the phases, achieving an accuracy of +10%.

The results presented in this paper are developed
during the master thesis’s work of (Noorain Syed
Kazmi, 2023).

2. System Description

A multiphase flow rig is at the University of South-
Eastern Norway (USN), Campus Porsgrunn. This rig
is equipped with facilities for multiphase flow
studies-using water, air, and mineral oil through a
horizontal pipe. The pipe can be tilted by £10° with
respect to the horizontal surface. The operational
limit of mass flow rate for air is 5 kg/min, whereas
for liquid is 150 kg/min. By injecting various
combinations of air, water and oil mass flow rates,
different flow regimes can be generated and visually
inspected through the Plexiglass transparent section,
as shown in Fig. 1. A simplified piping and
instrumentation diagram (P&ID) of the flow rig is
shown in Fig. 2. Some important parameters of the
rig are given in Tab. 1.

Plexiglass transparent
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Figure 2: P&ID of the rig at USN, Porsgrunn
Table 1: Some parameters of the rig at USN, Porsgrunn

USN Flow Rig
Inside pipe diameter 56 mm
Outside pipe diameter 60 mm
Length of pipe 15m
Water density 996 kg/m3 at 27°C and 1bar
Air density 1 kg/ m3
Oil density 790 kg/m3
Water viscosity 0.00102 Pa-s (20°C)
Qil viscosity 0.00164 Pa-s (25°C)

As depicted in Fig. 1, a TOMOFLOW TFLR5000
dual-plane ECT system from Process Tomography
Limited is equipped on the rig. The ECT system can
measure the flow parameters of an uneven two-
phase flow when the constituents have dielectric
properties (Process Tomography Limited, 2011). In
this rig, air, oil and water permittivities are 1,2.7 and
80, respectively (Dupré et al., 2017).

PDT120 and PDT121 are the differential pressure
meters mounted on the rig, as shown in Fig. 3.
PDT120 measures the differential pressure across a
span of 10.22m in the pipe, and PDT121 captures the
differential pressure across a shorter distance of
5.38m within the same pipe. In addition, the inlet air
flow rate and air pressure are measured separately
by a flow transmitter FT131 and a pressure
transmitter PT131.

Outlet to the
or

in i & U5
F"ﬁ’ | \\M e 0536 M
] . 5 ECT/ERT Sensor
A (o7

I 2/
(FoT)
20/

Figure 3: Measurement areas of differential pressure
meters on the flow rig at USN, Porsgrunn (Dupré et al.,
2017)

3. Electrical Capacitance Tomography

ECT is a non-invasive, non-radioactive flow sensing
method that measures the spatial distribution of
dielectric materials within a pipe using capacitance
readings from peripheral electrodes (Process
Tomography Limited, 2011; Saied and Meribout,
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2016). The capacitances can also be converted into
images for visual depiction of the flow.

Generally used in two-phase liquid/gas flow, ECT
measures permittivity distribution inside a pipe at
two cross-sections of a pipe that can give the
velocity profile of flow while also providing volume
ratio or phase fraction data. ECT is most effective
when working with fluids that have low electric
conductivity and variable permittivity (Process
Tomography Limited, 2011). The working principle
of an ECT (one plane) is shown in Fig. 4.

ALTERNATING SOURCE
VOLTAGE

\\ ov
DY
DIELECTRIC \

FLUID

S SOURCE ELECTRODE D DETECTOR ELECTRODES
A CURRENT MEASUREMENT TO GROUND

Figure 4: Principal of ECT with 8-electrodes (Process
Tomography Limited, 2011)

An alternating voltage is applied between the source
and the ground. The source is charged to one
electrode. Currents, in direct proportion to the
capacitance, are subsequently measured at all
remaining electrodes. Within a single measurement
frame, the currents/ capacitances between each pair
of electrodes are measured. For an N-electrodes ECT
plane, there are in total M = N(N-1)/2 unique
capacitance values per measurement frame (Process
Tomography Limited, 2011). The measured
capacitances can be normalized by using Eq. 1.

Cm - CL

C,=—2 L
)

(1

In Eq. 1, C,, is the inter-electrode raw capacitance.
C,, is the capacitance when the pipe is full with lower
permittivity material such as air. €, is the
capacitance when the pipe is full with higher
permittivity material such as water. C, is the
normalized capacitance. C, is dimensionless and
normalized, making it suitable as input for
mathematical operations and algorithms.

4. Experiments

Based on the flow conditions outlined in Fig. 5, 45
of two-phase air and water experiments are carried
out on the flow rig using the ECT system.
Conventional measurements such as differential
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pressure, temperature and mass flow rate were also
recorded during each experiment.

The flow regimes indicated in Fig. 5 are validated
via visual inspection throughout the experiments.
Fig. 6 displays the active experimental area on the
flow regime map. The lowest flow rates for air and
water are 0.07 kg/min and 2 kg/min, respectively,
while the highest flow rates for both mediums reach
5 kg/min and 77 kg/min. Fig. 7 illustrates the setup
of the sensor array, comprising of 8§ electrodes,
around the pipe. Tab. 2 provides the parameters
setup in the ECT system during the experiments.

Water (kg/min)
Test Matrix
2 3 4 75 76 77
0.07 P P P
0.09 P P P
0.1 ST ST ST
0.11 P P P
0.13 P P P
e)
g 0.15 ST ST ST 4 P P
S
=
2 0.3 S S S
0.4 S S S
0.5 ST ST ST S S S
1
25
4 A A A
5 A A A

ST: Stratified; W: Wavy; A: Annular; P: Plug; S: Slug

Figure 5: Test matrix for two-phase flow with varying
velocities of water and air (in kg/min) generating
different flow regimes

150 / /
£
£
F) Slug
i Plug
e \ Annular
3 15 =
5 Region of Experiment
3

. Wav

3 Stratified 4

1.5 o g P —p—————r P ————TTT

0.015 0.15 1.5 15

Gas Flow rate, kg/min

Figure 6: Active region (blue area) of experiments on a
flow regime map, based on Mandani et al..
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Figure 7: Setup of ECT electrodes and planes on the pipe
and their connection to TOMOFLOW TFLRS5000 system

Table 2: HW/SW related parameters used in the ECT
module for the experiments

Parameter Value
Frames per second per plane 100
Sampling interval per plane (ms) 10
Number of planes 2
Number of electrodes per plane 8
Number of capacitances per measured frame 28
Logging duration per experiment (s) 30

For each experiment, 3000 frames of ECT data were
collected. For example, one of the experiments for
Annular flow regime was conducted by simulating
an Annular flow in the USN flow pipeline by using
the matrix of Fig. 5. This experiment generated 3000
frames of normalized capacitances from the eight
electrodes. This batch of frames was labeled as
Annular to be used for supervised machine learning
algorithms. Each frame consists of 28 capacitance
values. For 45 experiments, a total of 135000 frames
of capacitance data are collected. These capacitance
data were normalized before using them in
classification and regression algorithms. Each frame
was flattened to 28 columns of normalized
capacitances with the observed flow regime in the
29" column of the flattened file enabling 135000
rows as inputs to machine learning models.

5. Methods

This paper defines CXY as the normalized
capacitance between electrodes X and Y, with C12,
for instance, denoting the normalized capacitance
between electrodes 1 and 2. The electrode counts are
given in Fig.7. The classification and regression
models are developed in MATLAB R2020b for this

paper.

5.1 Flow Regime Identification
Flow regime identification utilizes 28 normalized
capacitances from one ECT data frame as
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features/inputs. The associated flow regime types
act as labels/outputs in machine learning (ML)
classification algorithms, as illustrated in Fig. 8.
ML algorithms of Decision tree (DT), K-Nearest
Neighbors (KNN), SVM and Feedforward Neural
Networks (FNN) are used as flow regime
classification algorithms. Classification Learner
App in MATLAB is used to develop the flow regime
classification algorithms of DT, KNN and SVM.
The Neural Network Pattern Recognition App in
MATLAB is used to develop the flow regime
classification FNN algorithm.

In pursuit of enhancing model performance, another
model incorporating both ECT data and differential
pressure data from sensors PDT120, PDT121, and
PT131 is also developed by implementing a sensor
fusion method, as illustrated in Fig. 9

Features/ Inputs

Cl12 C13 C14 C15
Cl6 C17 C18 C23
C24 C25 C26 Cc27
Cc28 C34 C35 C36
C37 C38 C45 C46
C47 C48 C56 C57
C58 C67 C68 C78

Classification Algorithms

Decision K-Nearest Amﬁc-1a1 Stp por-t
Tr Heiahbior Neural Vector
1ee CIENDOLS Network Machine
4
Labels / Outputs
Stratified Wavy Annular Plug Slug

Figure 8: Model for flow regime classification using
normalized capacitances as features in ML algorithms
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Features
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PDTI20 |  PDTI2L | PT131
v

Sensor Fusion

v

Classification Algorithms
; : K-Nearest Support Vector
Decison Tre Neighbors Machine
Labels
Stratified Wavy Annular Plug Slug

Figure 9: Model for flow regime classification using
sensor fusion concept

5.2 Flow Velocity Estimation

To estimate the flow velocity, a cross-correlation
analysis is performed using frames from both planes
in a dual plane of ECT. The normalized capacitances
at these two planes are cross-correlated to find the
peak correlation lag between them. For instance, the
series of C12 at plane 1 is correlated with the series
of C12 at plane 2 in the ECT sensor. The peak
corresponds to the degree of similarity between the
two capacitances. This model specifically considers
Annular, Plug, and Slug flow regimes due to their
dynamic flow characteristics. The distance between
the two planes mounted on the rig is 0.187 m. The
flow velocity is calculated by dividing this distance
by the lag time, where each lag time is 10ms.

5.3 Volume Ratio Estimation

The volume ratio for each phase is estimated by
considering two differential pressure data from
PDT120 and PDT121, and the inlet air flow rate data
from FT131 as inputs to the regression model. The
inverse volume ratio data obtained from ECT
experiments is considered the model training targets,
as explained in Fig. 10.
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Figure 10: Model for volume ratio estimation with two
pressures and flow measurement as inputs.

FNN is used as a volume ratio estimation algorithm.
The trained FNN model features a single hidden
layer containing 10 neurons.

6. Results

6.1 Flow Regime Identification

Using the model illustrated in Fig. 8, the flow regime
classification neural network examines a total of
135000 samples with an evenly distributed array of
flow regimes. For training and testing of the FNN
model, these samples are divided into training,
validation, and testing datasets in a 70:15:15 ratio.
The hidden layer in the FNN employs a tansig
activation function. The performance of the neural
network, as seen in Fig. 11, indicates an overall
accuracy of 96.5%.

KNN, SVM and DT algorithms are utilized for
training flow regime classification models. Half of
the data is reserved for validation purposes. Tab. 3
presents the overall validation accuracy achieved by
these algorithms in classifying flow regimes.

KNN gives the highest accuracy, while SVM has the
lowest accuracy among the three. The confusion
matrix of KNN is shown in Fig. 12. This model will
perform well when the flow is in the region of the
training data as per Fig. 5. The data from transition
zones of the flow regime matrix was not used to train
this model.



Training Confusion Matrix Validation Confusion Matrix
Jf1907ol 0 [0 T o o [ooy Joz[ o ToloTo]
.29 0.0% | 0.0% | 0.0% |0.0% | 19.4% 0.0% |0.0% [ 0.0% |0.0% | 0.0
,| 0 J1zseg 20 [ o [ 0 | 0 [2r38] 8 [ oo o
- |0.0%[13.29%0.0% [0.0% | 0.0% | 0 : o - |00% [13.5%0.0% |0.0% |0.0%
330 43 [12628) 0 | 3 | 530 7 |2641| 0 | 0 o
O *10.0% [ 0.0% [13.4% 0.0% |0.0% | 0.4% © 710.0% | 0.0% [13.0%0.0% [ 0.0% |0 3
340 0 nL::mmsw B 0| 0] o feewazpi
5 *[0.0% | 0.0% | 0.0% [32.0%| 2.3% | ¢ 7 T 100%[0.0% [0.0% B28% 2.1% [ 0
O ["o | o[ o [torafterazf © o o[ o [203esef
0.0% | 0.0% [ 0.0% | 1.1% 17.79¢ & 1 “10.0% | 0.0% [0.0% | 1.0% j18.1%¢ 5.«
1 39,7908 % 6.5 %) 100%§09. 7909, 7907 ).7%406.8%
3.5% 3% | 3.0% [10.39 3.2%
N % L} - © ~ RS ] » A
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
e8] o ToTofol ‘gzm ofofo[o o
19.8% 0.0% | 0.0% | 0.0% [ 0.0% 0% 0.0% | 0.0% | 0.0% |0.0%
) 0 (2098 2 [ o[ 0 po 7omﬁmao»--
w ©]0.0%13.3% 0.0% [0.0% | 0.0% o *00% [13.3%0.0% | 0.0% | 0.0%
33 0| 11 [2701] 0 | 0 fec 33 0 | 61 [17970| 0 | 3 e
O 7/0.0%|0.1% [133%0.0% |00% 0.4 O *10.0% | 0.0% [13.3%0.0% | 0.0% [ 0.4
2. 0| 0| o feser|asafc B ofofo 3030 ) ¢
5 *0.0% | 0.0% | 0.0% 32.49% 2.1% | 2 5 100%[0.0% [0.0% 2.2% 6 ¢
© [0 o[ o |2s0]sser © . [7o | o [ o [1sa7 2307}
0.0% | 0.0% [0.0% | 1.2% [17.7% & 5 0.0% | 0.0% |0.0% | 1.1% [17.8%
0% 6% 956 3 2 EeH 100%199.7%59.8%06.6 b6.57d
34% | 3% | 0.2 4% [11.2%]3.5%
N a2 LY » “ ~ R %5 L L]
Target Class Target Class

Figure 11: Performance of the FNN model for flow
regime classification with 28 normalized capacitances as
inputs and flow regime (1-Stratified, 2-Wavy, 3-Annular,

4-Plug, 5-Slug) as output.

Table 3: Comparison of accuracy from various flow
regime identification models using 28 normalized
capacitances as inputs and flow regime as output

ML algorithms Overall accuracy (%)
KNN (Fine) 98.7
DT (Fine) 96.6
SVM (Linear) 94.7

Annular 100.0%
(3000)

Plug

Slug 96.3%

True Class

(1300a)

Stratified 100.0%

{13500)

Wavy

Annular Plug Slug Stratified Wavy

Predicted Class

Figure 12: Confusion Matrix of KNN (Validation) for
flow regime identification with 28 normalized
capacitances as inputs and flow regime as output. The
corresponding sample amounts are represented by
percentages and detailed in the parentheses below.
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In the sensor fusion-based model, illustrated in Fig.
9, pressure and differential pressure meter signals
merge with normalized capacitances to serve as
features/inputs. Training of the models continues to
use KNN, SVM, and DT algorithms. However, due
to differing data sampling frequencies (PDT and PT
sampled at 20 Hz, while ECT at 100 frames per
second per plane), the total sample count is reduced
for synchronization. The overall validation accuracy
from these algorithms to classify flow regimes is
given in Tab. 4.

Table 4: Comparison of accuracies achieved with
various algorithms for flow regime identification using
28 normalized capacitances and the three pressure signals
as inputs and flow regime as output

ML algorithms Overall accuracy (%)
KNN (Fine) 98.6
DT (Fine) 98.6
SVM (Linear) 99

SVM gives the highest accuracy. The confusion
matrix of SVM is shown in Fig. 13.

100.0%
{180)

Annular

Plug

Slug

True Class

Stratified 100.0%

Wavy

Annular Plug Slug Stratified Wavy
Predicted Class

Figure 13: Confusion Matrix of SVM (Validation) for
flow regime identification with 28 normalized
capacitances and 3 pressure signals as inputs and flow
regime as output. The corresponding sample amounts are
represented by percentages and detailed in the
parentheses below.

6.2. Flow Velocity Estimation

The results of estimating flow velocity are presented
in the subsequent subsections, featuring two cases
for each flow regime: annular, plug and slug.

6.2.1. Annular
e Case 1: Water - 2 kg/min, Air — 4 kg/min

Higher lags are disregarded as they likely arise from
random fluctuations. Thus, from Tab. 5, there are 10
of found lags that are disregarded as seen marked by
the orange-colored rectangles. Therefore, the
domain cross-correlation lags for the remaining
capacitances are at around -13, ignoring the “0” lags.
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8 lags are corresponding to approximately 120 to
130ms time. Therefore, the flow velocity is
estimated to be 0.187/0.13 = 1.43 m/s for this
experiment.

Table 5: Cross-correlation for Water - 2 kg/min, Air — 4
kg/min (Disregarded lags marked by the orange-colored

rectangles)

Normalized Peak Normalized Peak

Capacitance Correlation Lag Capacitance Correlation Lag |
Cl12 0 C35 0
C13 0 C36 -12
Cl4 0 C37 -1664
C15 0 C38 -2992
Cl6 -13 C45 0
C17 -13 C46 -13
C18 -13 C47 -2992
C23 -175 C48 -2992
C24 0 C56 -35
C25 0 C57 -2787
C26 -12 C58 2997
C27 -2993 C67 -13
C28 -2963 C68 -13
C34 0 C78 0

e Case 2: Water - 2 kg/min, Air — 5 kg/min
Higher lags are disregarded as they likely arise from
random fluctuations. Thus, from Tab. 6, there are 9
of found lags that are disregarded. Therefore, the
domain cross-correlation lags for the remaining
capacitances are at around -10, ignoring the “0,-1”
lags. 10 lags are corresponding to approximately 60
to 100ms time. Therefore, the flow velocity is
estimated to be 0.187/0.09 = 2.07 m/s for this
experiment.

Table 6: Cross-correlation for Water - 2 kg/min, Air — 5

kg/min

Normalized Peak Normalized Peak

Capacitance Correlation Lag Capacitance Correlation Lag
Cl12 0 C35 0
C13 0 C36 -9
Cl14 0 C37 -2994
C15 -6 C38 -2997
Cl6 -10 C45 -1
C17 -10 C46 2997
C18 -10 C47 -2997
C23 -2997 C48 -2996
C24 0 C56 -9
C25 0 C57 -10
C26 2860 C58 -9
C27 -2994 C67 -10
C28 2997 C68 -10
Cl12 0 €35 0

6.2.2. Plug
e Case 1: Water - 76 kg/min, Air — 0.11 kg/min

Tab. 7 suggests the domain cross-correlation lags for
the capacitances are at around -12. 28 lags are
corresponding to approximately 100 to 130ms time.
Hence, this experiment estimates a flow velocity of
0.187/0.12 = 1.55 m/s for this experiment.
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Table 7: Cross-correlation for Water - 76 kg/min, Air —

0.11 kg/min

Normalized Peak Normalized Peak

Capacitance Correlation Lag Capacitance Correlation Lag
C12 -13 C35 -12
C13 -12 C36 -12
Cl4 -10 C37 -12
C15 -12 C38 -12
Cl6 -11 C45 -10
C17 -11 C46 -10
C18 -11 C47 -10
C23 -11 C48 -10
C24 -10 C56 -12
C25 -12 C57 -12
C26 -12 C58 -12
Cc27 -12 C67 -10
C28 -12 C68 -10
C34 -11 C78 -11

e (Case 2: Water - 77 kg/min, Air — 0.07 kg/min

As seen in Tab. 8, the domain cross-correlation lags
for the capacitances are at around -13, ignoring the
“0, -1,-2,-3” lags. 23 lags are corresponding to
approximately 100 to 150ms time. This yields a
calculated flow velocity of 0.187/0.13 = 1.43 m/s.

Table 8: Cross-correlation for Water - 77 kg/min, Air —

0.07 kg/min

Normalized Peak Normalized Peak

Capacitance Correlation Lag Capacitance Correlation Lag
Cl12 -15 C35 -15
C13 -15 C36 -15
Cl14 -12 €37 -15
C15 -15 C38 -15
Cl16 -1 C45 -13
C17 -2 C46 -13
C18 -3 C47 -12
€23 -14 C48 -12
C24 -12 C56 -14
C25 -14 C57 -2
C26 -14 C58 0
C27 -14 C67 -10
C28 -14 C68 -10
C34 -13 C78 -11

6.2.3. Slug
e Case 1: Water - 75 kg/min, Air — 0.3 kg/min

Tab. 9 suggests the domain cross-correlation lags for
the capacitances are at around -6. 28 lags are
corresponding to approximately 50 to 70ms time.
Therefore, the flow velocity is estimated to be
0.187/0.06 = 3.11 m/s for this experiment.

Table 9: Lags based on peaks of cross-correlation for
Water - 75 kg/min, Air — 0.3 kg/min

Normalized Peak Normalized Peak

Capacitance Correlation Lag Capacitance Correlation Lag
Cl12 -6 C35 -6
C13 -6 C36 -6
Cl4 -6 C37 -6
C15 -6 C38 -6
C16 -6 C45 -6
C17 -6 C46 -6
C18 -6 C47 -6
C23 -5 C48 -6
C24 -6 C56 -7
C25 -6 C57 -7
C26 -6 C58 -7
Cc27 -6 c67 -5
C28 -6 C68 -5
C34 -6 C78 -6
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e Case 2: Water - 77 kg/min, Air — 0.5 kg/min

Tab. 11 suggests the domain cross-correlation lags
for the capacitances are at around -4. 28 lags are
corresponding to approximately 30 to 50ms time.
Hence, this experiment's flow velocity is estimated
as 0.187/0.04 = 4.67 m/s.

The average flow velocities for three flow regimes
are shown in Tab. 10. The average flow velocity of
Slug regime is in the expected region. A pattern can
be seen with the flow velocity increasing as the flow
changes from complex flow regimes of Plug to Slug.

Table 10: Average flow velocity from cross-correlation
technique on dual-plane ECT

Flow Regime Average Flow Velocity (m/s)
Annular 1.43 to 1.87
Plug 1.24t0 1.43
Slug 2.67 t0 3.74

6.3 Volume Ratio Estimation

In the volume ratio estimation FNN model, a total of
1350 samples are used for training and testing.
These samples are partitioned into training,
validation, and testing datasets with a 70:15:15 ratio.
The activation function in the hidden layer is tansig,
and in the output layer is linear. The model's
performance, shown in Fig. 14, achieves an R-value
of 0.95 for the test dataset, with an overall R-value
also standing at 0.95. Some of the outputs are far
from the target since the regression model is not
perfect and has an R? value of 0.9. This model can
be used to estimate the volume ratio in the pipe with
good confidence.

Table 11: Cross-correlation for Water - 77 kg/min, Air —

0.5 kg/min

Normalized Peak Normalized Peak

Capacitance Correlation Lag Capacitance Correlation Lag
Cl12 -5 C35 -4
Cl13 -4 C36 -1
Cl4 -4 C37 -4
C15 -4 C38 -4
C16 -4 C45 -4
C17 -4 C46 -5
Cl18 -4 C47 4
C23 -3 C48 -4
C24 -4 C56 -4
C25 -4 C57 -4
C26 -5 C5s8 -4
C27 -5 C67 -1
C28 -5 C68 -4
C34 K C78 -4
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Validation: R=0.94404

Training: R=0.95104
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Figure 14: Performance of volume ratio estimation model
with PDT120, PDT121 and FT131 as inputs and
1/Volume Ratio from ECT as output
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7. Summary and Discussions

The data-driven multiphase flow metering models
developed, capable of classifying flow regimes and
estimating phase fractions and velocities for two-
phase air/water flow, are developed after collecting
ECT data from the horizontal flow rig located at
USN.

The flow regime classification model, using ECT,
achieved an accuracy surpassing 94%. Additionally,
a sensor fusion model integrating ECT and pressure
sensor data for flow regime classification exceeded
98% accuracy. For annular, plug and slug regimes,
flow velocity was estimated using cross-correlation.
The volume ratio estimation neural network model
attained an R-value greater than 0.95.

This paper demonstrates the feasibility of
multiphase flow metering through the use of ECT
and pressure sensor data. As depicted in Fig. 15, the
data acquired from these sensors can be directly
channelled into dedicated ML algorithms to provide
insights into multiphase flow in pipeline. This
approach facilitates the monitoring and control of
processes involving multiphase flow with real time
processing of process data on premises or in the
enterprise cloud.

Multiphase Flow Pipeline O

ECT, Pressure sensors . :
. Sensor Fusion Unit
& other modalities

Actuator Control Unit Data—Dr'lven 'Ma?hlne
Learning Pipeline

Figure 15: An algorithm for actuator control using a data-
driven ML metering model.
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Applying ML algorithms to time-series data from
these sensors eliminates the necessity for complex
mathematical time-series and image-processing
methods.
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Abstract

Oil recovery can be enhanced by maximizing the well-reservoir contact using long horizontal wells. One of the
main challenges of using such wells is the early breakthrough of unwanted fluids due to the heel-toe effect and
heterogeneity along the well. To tackle this problem, advanced wells are widely applied today. The successful
design of such wells requires an accurate integrated dynamic model of the well and reservoir. This paper aims at
developing appropriate integrated well-reservoir models for achieving optimal long-term oil recovery from
advanced well models.

In this study, OLGA® which is a dynamic multiphase flow simulator is implicitly coupled to ECLIPSE™ which
is a dynamic reservoir simulator for developing accurate models to simulate oil production from advanced wells
under various production/injection strategies. A realistic heterogeneous light oil reservoir with an advanced
horizontal well is used as a case study. Flow Control Devices (FCDs) are the key component of advanced wells
and the functionality of the main types of FCDs in improving the oil production, minimizing the cost and carbon
footprint is investigated.

According to the obtained results, by implementation of FCDs the water breakthrough time is delayed by 180
days and the cumulative water production with ICD, AICD, and AICV completions is reduced by 26.8%, 33.1%,
and 49.1%, respectively, compared to the open-hole case. Besides, the results show that linking OLGA and
ECLIPSE is a numerically stable and accurate approach for modeling the interaction between the dynamic

reservoir and dynamic well behavior for simulation oil recovery from advanced wells.
Keywords: Advanced well, ICD, AICD, AICV, OLGA-ECLIPSE coupling

1. Introduction

The DNV Energy Transition Outlook 2022 projects
that oil, and gas will still fulfill 39% of the world's
energy needs in 2050 (DNV, 2022). Therefore, in an
energy transition period, improving the efficiency of
the oil recovery methods is important for several
reasons. The improved efficiency of the oil recovery
methods can lead to cost savings. Moreover,
enhancing the oil recovery methods is important to
maximize the amount of oil that can be extracted
from existing fields so that the resources can be
utilized as efficiently as possible (Aakre et al.,
2013).

To maximize the oil production and recovery, it is
important to obtain maximum reservoir contact and
to prevent the negative effects of early gas or water
breakthroughs. Long horizontal wells can be used to
achieve this goal (Aakre et al., 2013).. However,
there are some challenges associated with horizontal
wells, such as early gas/water breakthrough, caused
by the water coning effect towards the heel due to
the heel-toe effect and heterogeneity along the
horizontal well (Moradi et al., 2020). To address this
issue, inflow control technologies like passive

inflow control devices (ICDs), autonomous inflow
control devices (AICDs), and autonomous inflow
control valves (AICVs) are widely used in oil well
completion ( Birchenko et al., 2010; Aakre ef al.,
2013).

ICDs can balance the drawdown pressure along the
horizontal well, thus preventing an early water
breakthrough, but they cannot choke the water once
it eventually enters the well. The use of AICDs will
provide both a delay in the early water breakthrough
as well as the possibility of partially choking back
water or gas automatically after the breakthrough.
AICVs are designed to delay the early breakthrough
behaving like AICD until the breakthrough and they
can almost completely choke back water or gas
autonomously after the breakthrough.
Consequently, applying inflow control technologies
in horizontal well completions and using Enhanced
Oil Recovery (EOR)/Improved Oil Recovery (IOR)
technologies would have significant potential to
extract non-recoverable oil resources cost-
effectively (Mathiesen et al., 2011; Moradi et al.,
2020; Moradi et al., 2022; Moradi, Moldestad and
Kumara, 2023).
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Before implementing new technologies in an
existing reservoir, conducting oil production
simulations is standard practice. OLGA is a dynamic
multiphase flow simulator for production wells and
ROCX and ECLIPSE are reservoir simulation tools.
By coupling OLGA with ROCX or ECLIPSE, multi-
phase flow behavior in the total oil production can
be simulated (Moradi et al., 2022; Moradi,
Moldestad and Kumara, 2023). The ROCX software
is unable to simulate reservoirs with IOR methods
such as water flooding while ECLIPSE does offer
this capability. ROCX simulations also tend to have
relatively longer computation times compared to
ECLIPSE. Moreover, ROCX can be used to model
near-wellbore reservoir, but ECLIPSE has the
facility to model the full reservoir (Schlumberger,
2020). Many studies have focused on linking ROCX
to OLGA due to the limited specifications required.
However, there is a research gap when it comes to
the coupling of ECLIPSE and OLGA for simulation
of oil production through advanced wells. This paper
aims to provide more insight into the simulation of
oil recovery from advanced wells by developing
transient fully coupled well-reservoir models using
OLGA and ECLIPSE.

2. Inflow control technologies

Horizontal wells often face issues like water and gas
coning, as well as early water breakthroughs due to
reservoir heterogeneity and the heel-toe effect. To
address these challenges, passive and autonomous
inflow control technologies have been introduced.
By implementing these technologies in horizontal
wells, balanced drainage can be achieved, leading to
increased oil production and improved recovery
rates.

2.1. Passive inflow control devices (ICD)

ICD limiting the flow by creating an additional
pressure drop to achieve an evenly distributed flow
profile along a horizontal well as shown in Fig. 1.
This pressure drop is a function of the liquid flow
rate, the density of the fluid, and the viscosity of the
fluid, though the viscosity plays a less important
role.

Through open

Into FloReg ICD orifices i Z/ :’/T/ .>.—/ 7

<«— Point of entry

Figure 1: Orifice(nozzle) type ICD (Birchenko, Muradov
and Davies, 2010).

As aresult of an even production rate along the well,
water/gas  breakthrough could be delayed
significantly. Specifically, ICDs are designed to
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apply a specific differential pressure at a specified
flow rate through the device. The main disadvantage
of passive ICDs is that they cannot choke back the
water after the breakthrough. In this situation, the
whole well is choked in order to prevent the increase
of the water cut, greater than the capacity of the
separation facilities, which in turn results in a
reduction in oil production (Moradi and Moldestad,
2020). This study uses the orifice (nozzle) type
ICDs. The orifice type ICDs create a resistance
when the fluid tries to enter the well, by forcing the
flow through a set of small-diameter nozzles or
orifices. The governing equation of the nozzle-type
ICD, derived by Bernoulli's equation, is as follows
(Moradi and Moldestad, 2020):

P N T
IR F T

where Q is the volume flow rate of the fluid passing
through the ICD, AP is the pressure drop over the
ICD and, p is the fluid density and § = d/D (where
d and D are the diameters of the orifice and
production tubing respectively). Cj, is the discharge
coefficient and it is calculated as; Cp, = A,./A. Here,
A, is the minimum jet area just downstream of the
orifice called Vena Contracta.

2.2. Autonomous inflow control devices (AICD)

To address the limitations of ICDs, that cannot
control the water and gas production after
breakthrough, AICDs were developed. The AICDs
can function as an ICD until a breakthrough occurs,
and then automatically control and reduce the water
and gas production. The AICD combines passive
inflow control with an active control element to
produce a pressure drop to autonomously restrict the
flow of the unwanted fluid with no need for surface
control.

Disc Outlet: Into well Outlet: Into well

Figure 2: Schematic diagram of Statoil's RCP valve
(Mathiesen, Aakre and Werswick, 2011).

Among the various designs of AICDs, the most
widely used type is known as Rate Control
Production (RCP), developed by Statoil and this
study used RCP valves as the AICDs. As shown in
Fig. 2, the RCP valve consists of 3 parts, a free-
floating disc, an inner seat, and an outer seat. When
the valve is in operation, the force acting on the disc
is the sum of the pressure forces acting on both sides
of the disc. The working method is based on
Bernoulli’s principle. When more viscous fluids
flow through a valve, friction loss increases and the
pressure recovery of the dynamic pressure
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decreases. As a result, the pressure on the outlet side
of the valve (top side of the disc in Fig. 2), decreases,
leading to a reduced force on the disc towards the
inlet. This causes the disc to move away from the
inlet, thereby increasing the flow area available, and
boosting the flow rate of the high viscous fluid. This
works vice versa for low viscous fluids like water
and gas, resulting in autonomously reduced
production of unwanted fluids. Statoil developed a
governing equation for the differential pressure
across the RCP valve, 6P and it validated with
experimental data, which is:

6P = f(p, 1) - ausep - 9" (2)
Where, ay;cp and x are user input model constants,
which depend on different RCP designs for different
oil fields and their fluid properties. The function
f(p, ) is an analytic function of the fluid mixture
density p and viscosity u, defined as:

floa = (22 Bty )

Pcai Hmix

Here, y is a user-defined constant, p.,; and p,,;, are
calibration and mixture density and p.q; and fyis
are calibration and mixture viscosity, and they can
be defined as follows, while a is the volume fraction
of each phase:

Pmix = Xoil Poil + Awater Pwater + agas pgas (4)

Hmix = Xoi1 Hoit + Awater Hwater + agas :ugas (5)

2.3. Autonomous inflow control valves (AICV)
AICV is a new type of inflow control device
developed by InflowControl AS, and it can equalize
the inflow before the breakthrough like AICD. As
opposed to AICDs, which can partially close against
unwanted fluids, AICVs can almost completely
choke low-viscosity fluid, such as water or gas.

Pillot flowe Bisto)

Different P2 pressure
for gas-water-oil.

P2 pressure used to
actuate the main flow

Pressure

— Gas
— Water
— il

Figure 3: Simplified sketch of the flow paths in AICV

and pressure changes inside for different fluids (Aakre,
Mathiesen and Moldestad, 2018).

AICVs are fully self-regulating and do not rely on
any external control systems and are designed to
achieve the autonomous functionality by
distinguishing between fluids based on their density
and viscosity. The fundamental theory behind the
AICV operation is the difference between the
pressure drop in a laminar flow restrictor and a
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turbulent flow restrictor shown in Fig. 3. The
laminar flow restrictor is like a pipe segment, and
pressure  drop across a laminar  flow
restrictor AP; g minar can be expressed, as a relation
of fluid viscosity u, velocity v, pipe length L and
pipe diameter D (Aakre et al., 2013).
32-u-p-v-L

APLaminar = — pz (6)
The turbulent flow restrictor can be considered as an
orifice plate, and the pressure drop across the
turbulent flow restrictor  APp,,puien: can be
expressed as a relation of fluid density p, velocity v,
and geometric contact K (Aakre et al., 2013).

1

APryrpuient = K 2 P v? (7)
According to these relationships, AP; 4 inar depends
on the viscosity the fluid, while APz, pyene depends
on the density of the fluid. When a viscous fluid such
as oil passes through a laminar flow restrictor, it
experiences a greater pressure drop than fluids with
a low viscosity such as water and gas. A low-
viscosity fluid, on the other hand, experiences a
lesser pressure drop across the laminar flow
restrictor, resulting in a higher pressure in chamber
'B' (P2) in Fig. 3. Due to the high pressure, a piston
in chamber 'B' will be actuated, closing the valve.
AICVs are designed based on these principles to
remain fully open for oil while almost completely
closed to prevent the flow of unwanted fluids.

3. Multi-segment well model (MSW)

The Multi-Segment Well model is a special
extension available in ECLIPSE that offers
comprehensive and accurate modeling facilities for
the fluid behavior in advanced wells. There is a
complex relationship between pressure gradients
and changes in fluid composition induced by
specific components of advanced wells. The MSW
can be used to model this behavior. This model
divides the production tubing into several one-
dimensional segments. There is a node and a flow
path, and each segment contains its own set of
independent variables to describe the fluid
conditions in that region. The variables for each
segment are evaluated by solving material balance
equations for each phase or component, and using
the pressure drop equation that incorporates local
hydrostatic, frictional, and acceleration pressure
gradients (Schlumberger, 2020; Moradi et al., 2022;
Moradi, Moldestad and Kumara, 2023).

4. Development of the OLGA/ECLIPSE model
OLGA serves as a dynamic multiphase flow
simulator for the production well, while ECLIPSE
functions as a reservoir simulator that can be
integrated with OLGA as a plug-in. The
combination of OLGA and ECLIPSE provides a tool
for modeling and simulating multiphase flow from
the reservoir pore to the production pipeline.
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4. 1. Development of the reservoir model in
ECLIPSE

4.1.1. Grid
The dimensions of the synthetically designed
reservoir using MRST are mentioned in Tab. 1.

Table 1: Dimensions of the reservoir.
Dimension Value

Length of the reservoir (x) 1500m
Width of the reservoir (y) 500m
Height of the reservoir (z) 50m

The horizontal oil production well is positioned in
the x-direction of the reservoir (length), 5 m below
the top of the reservoir. For improved oil recovery,
a horizontal water injection well with 20
perforations is used and it is positioned in the x-
direction, 45 m below the top of the reservoir.

Table 2: Number of cells and their sizes in the grid.

Direction Number of Size of the cells
cells

nx =30 50 m (constant)

y ny =10 50 m (constant)

Y/ nz=>5 10 m (constant)

Generally, FCDs are installed with a sand screen and
the length of one production joint is 12.4 m of the
well. Since the reservoir length (x-direction) is 1500
m, 120 FCDs can be placed along the well.
However, it is complex to simulate the real well with
a huge number of FCDs as it consumes a long
simulation time. Therefore, one equivalent FCD is
used to represent 4 real FCDs. Thus, 30 cells are
considered in x-direction and 30 FCDs are used
along the well. In y and z-directions, 10 and 5 cells
are considered respectively. The grid settings in
ECLIPSE, including the number of cells in each
direction and their sizes are given in Tab. 2. The 3D
view of the reservoir and wells completed with
FCDs is given in Fig. 4.

Figure 4: 3D view of the reservoir with wells.

4.1.2. The fluid and rock properties of the reservoir
It is assumed that the synthetically designed
reservoir has conditions similar to the Troll field in
the North Sea, containing a viscous oil with a
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viscosity of 2.7 cP. Therefore, the reservoir fluid can
be considered as black oil type (oil viscosity is 2 to
3 — 100 and up). Reservoir fluid properties and some
rock properties used for the OLGA/ECLIPSE model
are listed in Tab. 3.

Table 3: Fluid and rock properties of the reservoir.

Property Value
Oil density 950 kg/m?
Oil viscosity 2.7 cP
Water density 1100 kg/m?
Gas density 0.67 kg/m’
Solution GOR 50 Sm*/Sm?
Porosity 0.15-0.27
Initial water saturation 0.12
Reservoir pressure 130 bara
Reservoir temperature 68 °C

4.1.3. Relative permeability
The reservoir is considered as a heterogeneous
sandstone reservoir. In this study, the log-normal
absolute permeability of the reservoir is assumed in
the range 100 - 800 mD s to account for the
uncertainty in the reservoir.

Relative permiability curves
1.1
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Figure 5: Generated relative permeability values.
The generalized Corey model can be used to
calculate the relative permeabilities of oil and water
using the ECLIPSE software, and the generated
relative permeability values are plotted in Fig. 5
where, krw and kro are the relative permeabilities of
water and oil respectively.

4.1.3. Initial and boundary conditions

The reservoir model in ECLIPSE assumes an initial
oil saturation of 0.88, water saturation of 0.12, and
no gas saturation. The production well is regulated
with a constant Bottom Hole Pressure (BHP) of 115
bar. With a mean porosity of 0.21, the total void
volume of the reservoir is calculated as 7875000 m?.
For 1500 days in operation, approximately two-
thirds of the reservoir liquid is expected to be
produced. Therefore, the required water injection
flow rate by a single injection well is estimated to be
3500 m’/day. However, this flow rate cannot be
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applied due to the industry's maximum allowable
injection pressure limitation of 180 bar. Therefore, it
was decided to inject water through 20 similar
perforations in the horizontal water injection well,
each one with a water flow rate of 175 m?*day.
Furthermore, in practical oil and gas production, the
total liquid production from a well can be limited by
the maximum capacity of the surface facilities. In
the study, for the open-hole case model, the
maximum liquid production rate is set to 2400
m®/day.

4.2. Development of well model in OLGA

In the OLGA model, production well consists of two
parts: wellbore, and production tubing. It is specified
as both pipes are made with the same material
combination, where the internal pipe is made of 9
mm thickness of API 5L Grade B carbon steel and
other layers consist of two 2 cm concrete layers as
shown in Fig. 6.

API 5 Grade
B carbon steel

Wellbore
pipe N e
\ 4

Production
tubing

Concreate
layers.—
“Annulus

Figure 6: Material structure of wellbore and production
tubing.

4.2.1. Tables and curves

By performing non-linear curve fitting for
experimental data, the relationship of the
autonomous functions of AICD/AICV with respect
to the Water Cut (WC) can be determined (Moradi
et al., 2022; Moradi, Tavakolifaradonbe and
Moldestad, 2022).

AICD and AICV choking valves

Valve opening
s =2 2 © o o o o
=~

e

o

. . . . . .
0 0.1 02 03 04 05 06 07 08 09 1
Water cut

——AICD

Figure 7: AICD and AICV choking valves for oil
viscosity 2.7 cP for 15 bar pressure drop.

AICV
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These autonomous functions of FCDs are
implemented in the OLGA models, based on the
pressure drawdown, 15 bar in this case, by
employing a table controller and a transmitter for
each FCD.

This table controller gets the measured WC data
from the transmitter and provides corresponding
control signals to partially close the FCDs for
choking the fluid passing through them (Moradi et
al., 2022). The generated valve opening values of
AICD and AICV with respect to WC is plotted in
Fig. 7.

4.2.2. Flow component
Fig. 8 shows the simplified sketch of one oil
production zone in OLGA model.

Production zone

- H ' -
Section | H Section I | Fluid flow

; H
tubing 1 B i H
i H i
i ? | k|
rretbere m
T 1 T
i ICD/AICD/AICY i
Packer Packer

Mear-well source:

Figure 8: Simplified sketch for one oil production zone.

The production zones are separated by packers to
prevent reservoir fluid from flowing in between
adjacent zones through annulus. The near-well
source in the OLGA model is used to connect OLGA
with ECLIPSE accordingly. Then the fluid enters the
wellbore through section I after passing through the
FCD in Fig. 10. The fluid that enters the wellbore
passes to the production tubing via the leak in
section II. This setup was proposed by Haarvard
Aakre in 2012 and this method has been used for
many research (Moradi and Moldestad, 2020).

To develop the OLGA model, two flow paths are
required for the wellbore and the production piping
with a length of 1500 m for each. As the internals of
wellbore and production tubing are made out of API
SL Grade B carbon steel, absolute roughness is
considered as 4.572 x 10° m for both pipes
(NEELCONSTEEL, 2022). The diameter of the
production tubing and wellbore are assumed as
0.1397m and 0.2159m, respectively. It is assumed
that oil is produced from 30 zones in the well, each
of which contains two hypothetical sections as
shown in Fig. 10. The production well has 30 FCDs.
Since one valve is equivalent to 4 real valves, the
diameter of one valve (ICD/AICD/AICV) is 0.0042
m considering the Discharge Coefficient (CD) as
0.85. When the valves are not implemented in the
horizontal well, it is called “open-hole” completion.
which is in a fully open state. The open-hole
diameter is set as 0.12 m considering CD as 0.85.
Under the case conditions, it is set to run the model
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for 1500 days with a minimum time step of 0.00001
seconds and a maximum time step of 1000 seconds.
To solve the mass equations, a first-order
discretization scheme is selected.

4.2.3. Boundary conditions
Boundary conditions of the OLGA model are set as
following Tab. 5.
Table 5: Boundary conditions of the OLGA model.
Flow path Boundary Boundary Type in
name Name OLGA

Wellbore Inlet Closed node
Outlet Closed node
Production
. Inlet Closed node
tubing

Pressure node,
Outlet Pressure =115 bar,
Temp. = 68°C

4. Results and discussion

4.1. Results validation with multi-segment well
(MSW) model

Since the OLGA-ECLIPSE combination is a new
approach, a result validation can be performed to
prove its accuracy compared to other modeling and
simulation methods. A case was considered for the
oil recovery from an advanced horizontal well with
AICD well completion followed by vertical water
flooding. As shown in Fig. 9, the results obtained by
the MSW model and the linked OLGA-ECLIPSE
model, are overlapping and this implies that the
effort on coupling OLGA-ECLIPSE has been
successful.

AICD p——

500 600
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Oil Prod Rate (SM3/DAY)
Water Prod Rate (SM3/DAY)

100

o L L | 1
250 500 750 1000 1 SB

Time (DAYS)

Figure 9: Results validation with MSW model.

4.2. Oil production over water breakthrough

When the oil is produced from a horizontal well, the
phenomenon of water coning causes a decrease in
the production efficiency. Over time, this leads to an
early water breakthrough and a significant reduction
in oil production. Typically, the overall oil
production gradually increases until a breakthrough
occurs. However, once the breakthrough happens,
more and more water is pushed toward the well,
which in turn suppresses and reduces the oil
production. Separating water from the oil during
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production involves specialized equipment and
processes, leading to increased costs. Additionally,
the disposal of produced water poses challenges as
it often requires treatment to meet environmental
regulations. Therefore, delaying water
breakthroughs and minimizing water production are
crucial to achieve optimal production efficiency and
cost reduction in the oil extraction process.

Fig. 10 shows the observed results for the WC over
time for different well completions. The open-hole
breakthrough occurs on the 620" day of operation
while it is on the 800" day for all the other advanced
well completions.

OPENHOLE with mit -
—— ICD "

AICD
AlCY

Water Cut
°
=

s o
400 800 1200 1600
Time (DAYS)

Figure 10: Water cut over the time for different FCD
completions.

The implementation of FCDs has significantly
delayed the water breakthrough and significantly
reduced the total water production over time as
expected. This is beneficial for oil recovery with a
minimum cost. Until the breakthrough both AICVs
and AICDs have behaved like ICDs. After the
breakthrough, their autonomous function choked the
water considerably and AICVs show their ability to
choke more water compared to AICDs.

4.3. Accumulated oil and water production

The simulation results for the accumulated oil and
water production are given in Fig. 11. According to
the results, compared to the open-hole case, the
cumulative oil productions from ICD, AICD, and
AICV completions have increased by 2.22%, 1.7%,
and 0.2%, respectively, at the end of 1500 days of
operation. Moreover, the cumulative water
production of ICD, AICD, and AICV is
considerably reduced by 26.8%, 33.1%, and 49.1%,
respectively, compared to the open-hole case. This
indicates that implementation of FCDs in horizontal
wells has enhanced the oil recovery to some extent,
in addition to the reduction of water production.
Interestingly, the AICV completion has reduced
water production by almost half (49.1%), due to the
ability of completely choking of low viscous fluids.
According to Fig.11, at the end of 1500 days of
operation, the WC for AICD and AICV are 0.65 and
0.7 respectively. At this time, based on the vale
opening plot in Fig. 9, the value openings for AICD
and AICV are 0.95 and 0.65 respectively. This
implies that, when the WCs increase with time, the
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more choking effects of AICDs and AICVs can be
expected.

Moreover, it can be noted that, according to the
cumulative oil production, the open-hole case
initially has a higher oil production compared to the
other well completions. But, due to the early water
breakthrough after 620 days (open-hole case), the
water that enters the wellbore has suppressed the oil
production, resulting in higher accumulated water
production and lesser accumulated oil production at
the end of the operation.
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Figure 11: Accumulated oil and water production for
open-hole and for different FCD completions.

4.4. Oil and water production rate

The simulation results observed for oil and water
production rates are given in Fig. 12. Considering
the oil production rates, the open-hole completion
initially has the maximum oil production rate (~2265
Sm®/d) compared to other advanced wells, and that
production rate lasts until the water breakthrough
only. Although the other advanced well completions
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have a 5.61% lower oil production rate at the
beginning, it lasts for a longer period since the water
breakthrough is delayed in advanced wells. But at
the end of 1500 days of operation, the OPENHOLE
case has achieved the lowest oil production rate as it
does not have control over the water production after
the breakthrough. And the open-hole case has also
the highest water production rate from the
beginning. It is generally undesirable to have a high
total liquid flow rate. This is because there is then a
need for larger surface production facilities to
handle the increased liquid volume and higher costs
associated with water separation. Ultimately, this
situation leads to reduced revenue.
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Figure 12: Volumetric oil production rates for open-hole
and for different FCD completions.

Considering volumetric flow rates at the end of 1500
days, the ICD, AICD, and AICV completions have
achieved 16%, 12.1%, and 1.3% increments in the
oil production compared to the open-hole case. But
end water production rates of ICD, AICD, and AICV
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completions have reduced by 6.2%, 15%, and 39.8%
compared to the open-hole case. It appears that
despite advanced well completions having a small
impact on oil production rates because of the total
liquid production limit, advanced wells can
significantly reduce the water production by
improving the oil production process in a cost-
effective manner.

5. Conclusion

To achieve cost-effective oil production, it is
important to address the problem of early water
breakthrough in horizontal wells. Implementation of
ICDs, AICDs, and AICVs evens out the inflows
along the well and delays the water breakthrough.
The AICDs and AICVs show similar behavior to
ICDs before the breakthrough. Advanced wells
equipped with FCD completions result in a
significant decrease in the production of water after
the breakthrough and with a little increase of
accumulative oil production compared to the open-
hole completion, while AICVs show the best
performance in choking water.

The autonomous function of AICD and AICV can
be clearly seen if the WC exceeds around 0.9. But
the oil production should last longer than 1500 days
in order to achieve a higher WC. Therefore, it is
recommended to extend the simulation period to
observe the true impact of utilizing advanced well
technologies for achieving more efficient oil
production processes. Realistic results obtained
from the simulations in this study indicate that the
coupling of the well simulator OLGA and reservoir
simulator has been a successful effort in simulating
total oil production and this combination can be
further applied to more advanced scenarios to
compare its effectiveness with other oil production
simulators.
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Abstract

This paper explores the use of 3D simulation software for visualizing industrial production processes and its potential to
enhance decision-making for improved production efficiency, quality, and profitability. Industrial production processes are
complex and involve many variables and factors that can interact in unpredictable ways. Visualization helps to simplify these
complex interactions, identify patterns and relationships, and enable more informed decision-making.

The research question that guides this paper is: How can the use of 3D simulation software for visualization of industrial
production processes improve decision-making and optimize production efficiency, quality, and profitability? This paper will
investigate the benefits and challenges of using 3D simulation software for visualizing industrial production processes,
including the ability to identify bottlenecks, and optimize the production process. Further, the paper examines the role of
visualization in enabling more informed decision-making, including the ability to analyze production data and make data-
driven decisions. To illustrate this, an industrial automation case study consisting of a manufacturing industry modelled in a
3D simulation software has been presented.

The results of this 3D-simulation model provide insights into the advantages and disadvantages of utilizing 3D simulation
software to visualize industrial manufacturing processes. The article further presents the significance of these findings for
production managers, engineers, and decision-makers. Thus, the purpose of this study is to help readers understand how using
3D simulation software for visualization of industrial production processes can improve decision-making and optimize
production efficiency, quality, and profitability.

Keywords: Industrial production processes, 3D simulation sofiware, visualization, decision-making, production efficiency,
industrial automation, data-driven decisions, manufacturing industry, optimization.

1. Introduction Visualization is the use of graphical or pictorial

representations to convey complex information in an

Industrial production processes are central to the
production of goods in the manufacturing industry.
A series of activities involved in converting raw
materials into finished goods using various
equipment, tools, and machines are referred to as
industrial production processes. Material handling,
assembly, packaging, and quality control are
examples of these processes. Optimizing industrial
production processes is critical to achieving better
production efficiency, quality, and profitability. This
is because inefficient and suboptimal production
processes can lead to bottlenecks, delays, and errors,
which can result in increased costs, decreased
quality, and reduced competitiveness (Xu et al.,
2021). To  overcome these  challenges,
manufacturers are increasingly turning to
technology to improve their production processes.
3D simulation software is one such technology that
has been gaining popularity in recent years, as it
enables manufacturers to visualize and analyze their
production processes in a virtual environment before
implementing changes in the physical world (Abidi
et al., 2020).

intuitive and easily understandable way. In the
context of industrial production processes,
visualization help to simplify complex processes,
make patterns and relationships more evident, and
enable more informed decision-making (Wang et al.,
2015). In the context of industrial production
processes, visualization helps to provide a clear
understanding of the process flow, identify
bottlenecks, simulate, and test different scenarios,
and optimize resource allocation. Additionally,
visualization can help decision-makers to
understand the impact of different decisions on
production processes and outcomes and choose the
best course of action accordingly (Molenda et al.,
2019).

In industrial production processes, there are often a
large number of variables and factors to consider,
such as machine parameters, production rates, and
quality metrics (Xu et al., 2021). These factors can
interact in complex ways, making it difficult to
understand and optimize the production process
(Molenda et al., 2019). Visualization can help to
simplify these complex interactions by presenting
the information in a way that is easier to understand
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and analyze. Furthermore, visualization is used to
identify patterns and relationships that may not be
apparent from raw data. For example, by plotting
machine performance over time, it may be possible
to identify recurring issues that are impacting
machine production efficiency (Atmakuri et al.,
1993). By presenting this information graphically, it
is easier to identify patterns and make informed
decisions about how to address the issues.

Through displaying information in a way that is
clear and accessible, visualization also aids in
enabling more informed decision-making (Atmakuri
et al., 1993). This can assist stakeholders in making
more informed decisions by helping them
understand the effects of wvarious actions on
production efficiency, quality, and profitability
(Yang et al, 2021). Therefore, the topic of
visualization of industrial production processes
using 3D simulation software for enhanced decision-
making is important because it enables
manufacturers to optimize their production
processes, leading to better production efficiency,
quality, and profitability. By visualizing production
processes in 3D simulation software, manufacturers
can identify bottlenecks, test different scenarios, and
make data-driven decisions before implementing
changes in the physical world. This can lead to
reduced costs, improved quality, and increased
competitiveness, all of which are critical factors for
success in the manufacturing industry. Hence, the
research question has been formulated as follows:

How can the use of 3D simulation software for
visualization of industrial production processes
improve decision-making and optimize production

efficiency?
2. Methodology

The problem addressed in this study is the need for
enhanced decision-making in industrial production
processes. Traditional methods of decision-making
may lack comprehensive insights into the complex
dynamics of production systems. Therefore, there is
a growing interest in utilizing 3D simulation
software to visualize industrial processes and
improve decision-making capabilities.

The purpose of this study is to explore the potential
benefits of using 3D simulation software for
visualizing industrial production processes and
examine its impact on decision-making. By
investigating this area, the study aims to provide
valuable insights and practical recommendations for
improving decision-making in industrial settings.
Figure 1 illustrates the research methodology
involved in the development of the simulation
model. A comprehensive review of scholarly and
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research articles was conducted to gain insights into
visualization techniques, simulation software, and
decision-making methodologies. The review
included a range of sources including scholarly
articles, research papers, and industry reports to
understand the current state of research in the field.
Data collection for this study involved gathering
relevant information from various sources.
Keywords related to industrial production processes,
visualization, and decision-making were used to
identify peer-reviewed articles that contributed to
the research area. These articles were carefully
selected and analysed to extract valuable insights.

Problem
Formulation

Figure 1: Research Method

The software Visual Components® has been utilized
by the author to develop the 3D simulation model.
The model represents an industrial production
process consisting of injection moulding machines,
series of conveyor belts, robots and a warehouse for
storage. The model was developed based on the
specific requirements and specifications of the case
study and a dynamic representation of components
flow has been visualized. The experiment design
phase involved defining the simulation resources
and parameters. Key variables, such as production
volumes, cycle times, and system constraints, were
determined to create a realistic simulation
environment. The experimental design aimed to
capture the complexities and dynamics of the
industrial production process under study. The
simulation model was executed to replicate the
production operations. During the simulation run,
process states, utilization rates, and performance
metrics were recorded. This data provided valuable
insights into the functioning of the production
system and allowed for a detailed analysis of the
simulation results.

The collected data was analysed to answer the
research question posed in the study. The analysis
focused on evaluating the effectiveness of the
visualization of industrial production processes
using the 3D simulation software. Performance
metrics, such as throughput, cycle times, and
resource utilization, were examined to assess the
impact of visualization on decision-making. The
results were interpreted to draw conclusions and
provide practical recommendations. Based on the
analysis of the simulation results, conclusions were
drawn regarding the effectiveness of using 3D
simulation software for visualizing industrial
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production processes and enhancing decision-
making. The study provides insights into the benefits
and limitations of visualization techniques and
offers recommendations for further improvements in
decision-making practices within industrial settings.

2.1. Simulation of Industrial Production
Processes

Industrial production processes are fundamental in
the manufacturing industry, encompassing a series
of stages and steps that convert raw materials or
components into finished products (Molenda et al.,
2019). These processes involve crucial operations
such as material handling, assembly, packing, and
quality control (Chawla & Banerjee, 2001), which
have been recognized as essential for simulating
manufacturing processes. However, the complexity
of these processes, often involving multiple
interconnected systems and subsystems, presents
challenges in comprehending and optimizing them
effectively (Atmakuri et al., 1993).

Optimizing industrial production processes holds
immense value as it has the potential to improve
various aspects, including production efficiency,
product quality, and overall profitability (Yang et
al., 2021). By identifying and addressing
bottlenecks, minimizing waste, and maximizing
throughput, optimization efforts can lead to
significant cost savings, enhanced customer
satisfaction, and increased competitiveness in the
marketplace. However, achieving optimization in
industrial production processes is not without its
obstacles. Challenges such as demand variability,
equipment breakdowns, and workforce availability
can impede the optimization journey, necessitating
the adoption of advanced technologies to overcome
these hurdles (Chawla & Banerjee, 2001; Yang et
al., 2021). In this context, the utilization of 3D
simulation software and visualization techniques
emerges as a powerful solution. These technologies
enable a deeper understanding and effective
management of industrial production processes by
providing insights into complex interactions and
facilitating  informed  decision-making. 3D
simulation software allows for the creation of virtual
environments where manufacturing procedures can
be simulated, analyzed, and optimized (Chawla &
Banerjee, 2001). By replicating real-world
scenarios, these simulations enable manufacturers to
test different scenarios, evaluate the impact of
process changes, and identify potential areas for
improvement.

Visualization techniques, particularly in 3D, offer a
more intuitive and comprehensive representation of
the production processes. They surpass the
limitations of traditional two-dimensional (2D)
images by providing a richer visualization of spatial
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information and enabling real-time interaction
(Molenda et al., 2019). By visualizing the processes
in a virtual environment, decision-makers can better
grasp the flow of materials, detect inefficiencies or
bottlenecks, and make data-driven decisions to
optimize the system.

2.2. Building 3D Simulation Model

The use of a 3D manufacturing simulation model
provides a valuable tool for simulating and
analyzing basic manufacturing procedures within a
virtual environment. This technology leverages 3D
visualization, which utilizes computer technology to
depict real-world objects in a virtual space,
surpassing the limitations of two-dimensional (2D)
images in representing complex spatial information
(Xu et al., 2021). By incorporating real-time
interaction capabilities, the 3D visualization
enhances the immersive experience and enables
users to engage with the simulated environment
effectively. The implementation and integration of a
3D simulation model involve several important
steps. Key considerations during this process
include defining resource parameters, selecting
appropriate equipment, establishing fundamental
simulation logic, and incorporating relevant
production data (Xu et al., 2021). These elements
are crucial for creating an accurate and realistic
representation of the manufacturing system within
the simulation model.

The resource parameters encompass various factors
such as material properties, production capacities,
and operating constraints. These parameters define
the characteristics and capabilities of the resources
involved in the manufacturing process, enabling the
simulation model to accurately reflect their behavior
and interactions (Chawla & Banerjee, 2001). The
selection of equipment involves identifying and
configuring the machinery, tools, and systems that
are integral to the manufacturing process. By
modelling these equipment components within the
simulation, their functionalities and interactions can
be evaluated and optimized (Wang et al., 2015).
Fundamental simulation logic refers to the
underlying principles and algorithms that govern the
behavior and dynamics of the simulated
manufacturing process.

Creating a 3D simulation of an industrial production
procedure entails multiple processes (Figure 2).
First, describe the simulation's scope and objectives,
outlining the precise goals to be attained. Next,
collect relevant data about the manufacturing
process and identify the components and processes
that must be modelled. Choose a 3D simulation
program that matches the project's criteria. Create
the simulation model by combining the acquired
data and modelling the manufacturing line's
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components and procedures. This includes
developing 3D models, setting material flow rules,
and determining timing and sequencing. Validate
and improve the simulation model by comparing it
to real-world data and making necessary
modifications. Analyze the simulation findings to
find areas for improvement and to enhance decision-
making.

Figure 2: Building a 3D simulation model.
2.3. Visualization Techniques for Simulation

The use of virtual reality (VR), augmented reality
(AR), and visual simulation technology allows to
create a simulation model that can replicate real
production scenarios in a safe environment (Xu et
al., 2021). By inputting actual production data into
the model, it is possible mimic on-site production in
real-time. This technology helps us convert complex
problems into more understandable ones (Xu et al.,
2021). Furthermore, the simulation model provides
a visual representation of production or
manufacturing processes using terminal equipment
(Abidi et al., 2020). They have further presented
that by analysing and optimizing data, refining the
mathematical model; and a closed-loop control and
monitoring system can be created. This means that it
enables to continuously monitor and adjust the
production process based on the information
provided by the simulation model.

A new strategy to generalizing the manipulation of
industrial process simulation is explored (Abidi et
al., 2020), where it is possible to visualize and
engage with an industrial simulation model. It also
enables industrial actors to visualize the operation of
their factories which is based on virtual reality
technology and behavioural programming of the
production flow.

Xu et al., (2021) in their research describe the
frame of visualization application, where they show
the entire process starting from Cyber Physical
System (CPS) to formulating the visualization
platform. Within this VR and AR have been utilized
for visualizing the created simulation model for the
purpose of scheduling optimization and real-time
monitoring. This results in a 3D recreation of
industrial processes that depicts the production

Vasterds, Sweden, September 26-27, 2023

process that cannot be seen in depth on the 3D
simulation of the production site (Xu et al., 2021).

2.4. Decision Making from simulation model.

Effective decision-making is crucial in industrial
production processes as the decisions made during
production can significantly impact efficiency,
quality, and profitability (Yang et al., 2021). It is
essential to have a clear understanding of the
production processes and the consequences of
different decisions on the outcomes. This is where
the utilization of 3D simulation software and
visualization techniques proves valuable (Xu et al.,
2021). These tools enable manufacturers to create
virtual representations of their production systems,
visualizing the flow of materials, machines, and
resources. Through simulation and visualization,
decision-makers can assess different scenarios,
identify potential issues, and make informed
decisions before implementing changes in the
physical world (Yang et al., 2021).

Figure 3 presents a conceptual model for decision
making which has been designed to capture an
expert's knowledge using simple and understandable
elements, without relying on complex artificial
intelligence or process representation (Garcia-
Crespo et al., 2010). Instead, real-life situations
have been focused, which occur during the
execution of a manufacturing process, which
consider facts (data), action (resources) and
verification (checking the results from action are
valid) through the process of making a decision.

hasDestination B
initialSituation
DasDestination

CmJlE:d

hasVesification®

Figure 3: Decision Making Conceptual Model
(Garcia-Crespo et al., 2010)

The aspect of decision making becomes important
once there is an access to the real-time data through
the created simulation model. Furthermore, Garcia-
Crespo et al.,, (2010) in their research have
presented this ontology for describing the
automation of decision-making processes in the
manufacturing process setting. In that, they have
highlighted the importance of having a semantic
representation of different manufacturing processes
which further enable data representation strategy
based on with the process of decision making is
enabled.
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3. Case Study

This section presents a 3D simulation model as a
case study to showcase the application in real-world
situation. This section further highlights the process
of decision making and finally presents the results
from the simulated model.

3.1. Case Description

Simulation modelling is essential for streamlining
manufacturing procedures and increasing overall
productivity in the area of industrial automation.
Industrial systems can be accurately modelled and
analysed to find opportunities for improvement
using cutting-edge 3D simulation software. This
study presents a simulation model of an industrial
automation case in a sector of manufacturing with a
focus on plastic injection-moulded basket
manufacturing. The purpose of this study is to
demonstrate how decision-making may be improved
in the context of industrial production processes by
using visualization and simulation approaches. The
simulation model depicts a comprehensive
representation of the production shopfloor,
showcasing various interconnected components and
processes.

Figure 4: 3D model of the production shopfloor

Figure 4 provides an overview of the shopfloor,
offering a visual representation of the industrial
automation case. The simulated model consists of
two injection moulding machines, which are
coupled by a conveyor system. This conveyor
system facilitates the seamless transfer of the
manufactured items (plastic baskets), between the
machines. Subsequently, the baskets undergo a
visual inspection process to identify any poor-
quality elements. The conveyor system also enables
the transportation of the approved baskets for further
processing. To streamline the packing process, a
robot is strategically placed between the two
conveyor systems. This robot plays a vital role in
efficiently packing the baskets into boxes. Once the
baskets are securely placed in the boxes, they are
seamlessly transferred to the palletization process.
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Here, another robot is responsible for picking up the
boxes and organizing them on the pallets.

The palletization process incorporates its own
conveyor system, ensuring a smooth flow of
operations. Within the palletization process, the
plastic wrapping and pallet stacking procedures take
place, further enhancing the stability and protection
of the palletized goods. Once the pallets undergo the
stacking process, a stacker crane is employed to
hoist them and place them in the designated
warchouse for storage. This ensures efficient
utilization of space and ease of access when
retrieving the pallets for distribution or subsequent
production stages. Through the integration of 3D
simulation software, this case study showcases the
visualization of an industrial automation scenario in
the manufacturing industry. The subsequent sections
of this paper will delve into the benefits, challenges,
and decision-making aspects associated with the
visualization of this simulation model.

M |

Tt

Zone 4

Figure 5: Different zones in the production
shopfloor

The production shopfloor in the simulation model
has been divided into four distinct zones: Zone 1,
Zone 2, Zone 3, and Zone 4. Each zone encompasses
specific functional procedures and components that
contribute to the overall industrial production
process. Figure 5 provides a visual representation of
the layout and arrangement of these zones within the
production shopfloor. The division of the production
shopfloor into these zones and the incorporation of
specific components and processes within each zone
provide a comprehensive representation of the
industrial production model.

Zone 1 serves as the initial stage of the production
line, comprising two injection molding machines, a
robot positioned overhead between the machines,
and a conveyor transport system. The robot
efficiently picks up the moulded baskets from the
injection molding machines as the machine doors
open. Subsequently, the robot places the baskets
onto the conveyor belts, which then undergo a visual
inspection process. During the visual inspection, any
poor-quality baskets are identified and removed
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from the conveyor belt line to ensure product
quality. Moving on to Zone 2, this area is dedicated
to the packaging system, which is constructed along
the conveyor system. The packaging process begins
with an automated machine that prepares folded
boxes. These prepared empty boxes are then
transported on the conveyor belt and stop near the
robot. With the box in place, the robot organizes the
baskets by picking and placing them in an organized
sequential order within the box. Once the box is
filled, it is transported to another automated
machine, where it is sealed before being moved to
the next conveyor belt.

Zone 3 represents the palletization process which
involves a conveyor system. In this zone, the boxes
filled with baskets are placed on pallets with the
assistance of a robot. Once the pallets are filled with
the boxes, the conveyor system transports them to an
automated plastic wrapping station. At this station,
the pallets undergo a plastic wrapping process,
ensuring their stability and protection during
transportation and storage. After the plastic
wrapping is complete, the pallets are transferred
through the conveyor line to an automated pallet
stacking machine. This machine lifts the pallets and
stacks them on top of one another, optimizing space
utilization and facilitating efficient storage. Finally,
Zone 4 is dedicated to the storage of the pallets in
the warehouse. An automated stacker crane system
is employed in this zone to hoist the pallets and
arrange them in an organized manner. The design of
the stacker crane system ensures that the warehouse
storage racks are within the crane's reach, enabling
seamless storage operations.

As a result, the simulation model described here
provides a comprehensive picture of an industrial
automation case in the manufacturing industry. The
simulation model provides a full portrayal of the
industrial production processes involved in making
plastic injection-moulded baskets by dividing the
production shopfloor into discrete zones and adding
various components and processes. The 3D
simulation software's representation of the
production shopfloor allows for a clear knowledge
of the interconnection and operation of each zone.
This visualization helps in the identification of
potential bottlenecks, areas for improvement, and
the overall optimization of production efficiency,
quality, and profitability. The simulation model
demonstrates the importance of visualization and
simulation approaches in improving decision-
making in industrial manufacturing processes.
Decision-makers can analyze the impact of many
aspects on the production line, such as throughput,
resource usage, and system performance, by
modeling the different zones. This enables educated
decision-making, which leads to better planning,
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optimization, and overall improvement of industrial
manufacturing processes.

3.2. Decision Making

Creating a 3D simulation model for visualizing and
optimizing  industrial  production  processes
necessitates a number of crucial decision-making
elements. The creation of discrete zones on the
production shopfloor gives an organized structure
for analysing and improving each phase of the
production line. The structure and arrangement of
the production shopfloor is the first key decision-
making component. The shopfloor is divided into
particular zones, such as Zone 1, Zone 2, Zone 3, and
Zone 4, allowing for a systematic approach to
understanding and optimizing the many functional
procedures involved. Choosing the best combination
of resources, machinery, and equipment for each
zone is a critical choice that affects the overall
efficiency and productivity of the production line.

Decisions about the arrangement of injection
moulding machines, the overhead robot, and the
conveyor transport system were made within Zone
1. To ensure seamless operation and efficient
material flow, factors such as machine capacity,
cycle times, and coordination between machines and
robots were taken into consideration. Moving on to
Zone 2, the decision-making process constituted of
creating an efficient packaging system along the
conveyor system. Choosing the right automated
machine for folding boxes, deciding the positioning
and sequencing of baskets by the robot, and ensuring
effective box sealing are all important factors that
affect the overall packing process. Decisions in Zone
3 revolve around the palletization process. The
selection and location of the robot for palletizing the
boxes, optimizing the conveyor system for efficient
box transfer, and constructing the plastic wrapping
station to ensure secure and stable pallets for transit
and storage are all important considerations. Finally,
in Zone 4, the decision-making process revolves
around pallet storage in the warehouse. Choosing the
right automated stacker crane system, customizing
the crane's reach and movement, and correctly
organizing the storage racks are all critical decisions
in order to maximize space utilization and
streamline storage operations.

It is essential to examine elements such as system
throughput, resource usage, material flow
optimization, and overall production efficiency
throughout the decision-making process. Simulation
modelling provides for the testing of numerous
scenarios, the evaluation of the impact of various
choice alternatives, and the identification of
potential bottlenecks or areas for improvement.
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3.3. Simulation Results

During the simulation, a total run time of 8 hours
was chosen to align with the duration of a typical
daily shift in the industrial production environment.
This time frame allows for a comprehensive
evaluation of the production processes and the
performance of the simulation model. In the
simulation model, three robots were strategically
positioned at the junctions between the zones to
facilitate the smooth transfer of baskets and optimize
the overall material flow.

The first robot, Robot 1, was placed overhead,
directly above the two injection-moulding machines
in Zone 1. This robot plays a crucial role in picking
up the moulded baskets from the machines and
transferring them to the conveyor belts. Robot 2 was
positioned between Zone 1 and Zone 2, acting as a
key component in the transition from the injection
moulding process to the packaging system. It assists
in organizing the baskets and placing them in the
boxes in a sequential order. Similarly, Robot 3 was
placed between Zone 2 and Zone 3, facilitating the
movement of the filled boxes from the packaging
system to the palletization process. This robot plays
a vital role in placing the boxes on pallets, ensuring
efficient palletization. Figure 6 provides valuable
insights into the utilization of these three robots
throughout the 8-hour simulation run. The
utilization is represented as a percentage, indicating
the proportion of time each robot was actively
engaged in performing its designated tasks.

Utilization Chart

Time in seconds

mRobot 1- Utilization  ®Robot 2 - Utilization Robot 3 - Utilization

Figure 6: Robot percentage utilization

These presented results allow for a deeper
understanding of the robots' workload distribution
and their efficiency in supporting the production
processes. By evaluating the utilization percentages,
it becomes possible to identify potential bottlenecks
or areas of improvement within the production line.
For instance, if a robot's utilization is consistently
high, it may indicate a need for additional resources
or process optimization to alleviate the workload.
On the other hand, low utilization may suggest
under-utilized capacity that can be optimized for
increased productivity. The utilization analysis of
the robots provides valuable insights into the
operational efficiency and resource allocation within

Vasterds, Sweden, September 26-27, 2023

the simulated industrial production system. These
findings can guide decision-making processes to
enhance the overall performance and productivity of
the production processes.

The simulation model incorporates various process
nodes that are programmed to operate within
specific flow groups. In this particular simulation,
there is a single flow group representing the
production of a specific product type, which in this
case is baskets. Each process node within the model
has the capability to assume different statistical
process states, including idle, busy, and blocked.

To establish the interconnection between different
zones, four process nodes were selected in this
simulation model. These process nodes serve as the
critical links between the zones and play a crucial
role in the overall flow of the production process.
Figure 7 visually represents the state results obtained
from these zonal process nodes. The results are
presented as percentages, reflecting the distribution
of different process states throughout the entire
production or simulation run time, which was set to
8 hours in this case.

Zone 2 - Packaging - Stata

Figure 7: Idle, busy, and blocked States

Starting with the Zone 1 state process node, it
represents the initial stage where the baskets arriving
on the conveyor belt are picked up by Robot 2 and
subsequently placed in the Zone 2 (Packaging)
process node according to the programmed
assembly sequence. The Zone 2 (Packed Boxes)
process node captures the state of the final packed
boxes. Here, Robot 3 is responsible for lifting the
packed boxes and placing them onto the pallet,
which is represented by the Zone 3 (Palletization)
process node. Robot 3 follows a specific assembly
sequence while arranging the boxes on the pallet. It
is noteworthy that each pallet accommodates a total
of 8 boxes, organized in a 2x2x2 stack configuration.

By analysing the state results from these zonal
process nodes, it becomes possible to gain insights
into the efficiency and performance of the
production process. The percentages offer a
quantitative assessment of the process states,
indicating the proportion of time spent in each state
throughout the 8-hour simulation run. These results
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enable the identification of potential bottlenecks,
areas of improvement, or process optimization
opportunities within the production flow.

4. Analysis and Discussion

The simulation model focuses on improving
decision-making in industrial production processes,
in the context of plastic injection-moulded basket
manufacturing. The simulation model provides a
visual representation of the production shopfloor,
encompassing various related components and
processes, using 3D simulation software Visual
Components®. This was further tested in Virtual
Reality (VR) environment (Figure 8) to analyse the
simulation model and to initiate the decision-making
process within the different zones which are
representing different stages of the production line.
The simulation model's decision-making process
included identifying the structure and layout of the
production shopfloor, selecting the necessary
resources and equipment for each zone, and
optimising aspects such as material flow and system
throughput. Additional VR analysis enabled the
process of deciding how much space to be available
so that operators can use it for maintenance.

Figure 8: Simulation model testing in VR

Simulation results show the utilization of robots
positioned in different zones, allowing for the
identification of potential areas for improvement. It
was observed from the robot utilization chart (Figure
6), that the utilization percentage for Robot 2 was
less and Robot 3 was much lesser. This tells us that
there is a possibility for further expanding Zone 1
with more injection-moulding machines. The
analysis of process states within the zones provided
insights into the efficiency and performance of the
production process. Similarly, it was also observed
in Zones 1 and 2, the idle time amounted to more
than 90% of the total simulation run time. Because
of this, it is possible to advise the business
management that the current process will be able to
support any future investments in additional
injection moulding machines in the case concerning
increasing the production capacity.
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Therefore, to answer the research question, the use
of 3D simulation software and virtual reality (VR) in
visualizing industrial production processes provides
useful insights to decision-makers for optimizing
production efficiency. It enables informed decision-
making by providing a comprehensive picture of the
production flow, resource utilization, and system
performance.

Decision-makers can increase the overall efficiency
and profitability of manufacturing processes by
identifying areas for improvement and resolving
potential bottlenecks. The validation of the
simulation model was done during the development
phase through the immediate testing of simulation
animation results in the 3D world environment
within the software. This validation was in the form
of correlating and checking if the flow components
were in accordance to the set requirements.

5. Conclusion

In conclusion, this study highlighted the significance
of 3D simulation modelling and visualization
techniques in improving decision-making and
optimizing production efficiency in industrial
manufacturing processes, with a specific focus on
plastic injection-moulded basket manufacturing.
The utilization of 3D simulation software, coupled
with VR testing, allowed for a comprehensive and
immersive representation of the production
shopfloor, showcasing interconnected components
and processes.

Decision-makers can examine and comprehend the
production flow, resource allocation, and system
performance with the help of the simulation model.
Additionally, the developed model is flexible in
order to accommodate future modifications. By
examining the utilization of robots in different
zones, potential areas for improvement can be
identified, leading to enhanced resource utilization
and increased production efficiency. The analysis of
process states within the zones further contributes to
identifying  bottlenecks and  optimization
opportunities within the production process.

By offering visual context, dynamic interaction, and
the capacity to test possibilities, 3D simulations and
VR technologies transform shopfloor decision-
making. They uncover complicated relationships,
possible bottlenecks, and ergonomic difficulties that
statistics overlook. These systems detect problems
early, improve communication, and provide a visual
knowledge of shopfloor processes. They alter
structure, throughput, and efficiency decisions by
displaying the shopfloor layout, equipment, and
processes. Unlike traditional numerical analysis, 3D
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simulations and VR provide decision-makers with
immersive insights, allowing them to make educated
decisions that lead to optimised industrial
production processes. The findings from the
simulation model and visualization techniques
demonstrate the importance of informed decision-
making in industrial manufacturing. Decision-
makers can leverage the insights gained from the
simulation model to make educated decisions
regarding the structure and arrangement of the
production shopfloor, selection of appropriate
resources and equipment, and optimization of
material flow and system throughput.
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Abstract

Buildings are currently non optimally controlled, using a weather compensation controller that depends only on
external temperature. A rich amount of real-time data is available and can be used for better control. This work is
focused on developing a general and dynamic model for utilizing the building as an energy storage for a peak-
shaving control strategy. A dynamic grey-box model is developed using industry standard operators data from a
multifamily building, Building A, located in Vasterds, Sweden. The training period is set to 408 hours, and the
prediction horizon to 48 hours. The model is verified in 4 steps: prediction ability on the historic data, parametric
verification on the time constant, simulation of heat supply separated from the historic data and model generality
by implementing the model on a second multifamily building, Building B. The modelling errors over a two-month
simulated period are 8 % for Building A and 9 % for Building B. To demonstrate the utilization possibilities, an
optimizer is constructed to evaluate a peak shaving control strategy. Different flexibilities for the indoor
temperature have been examined with a range yielding heat load peak shaving between 30 to 45%. Flexibility
paves the way for improvement in pricing models for the heating sector. This work demonstrates the potential of

utilizing building heat storage capacity to reduce peak consumption and costs.

1. Introduction

Currently, District Heating (DH) substations operate
in sub-optimal conditions due to a lack of
information about the supplied buildings, their
future demand, and the operating parameters. The
rich amount of real-time data available from new
sensors implies saving potential if made available to
the energy providers and buildings managers.
Utilizing building thermal inertia as a short-term
storage is a cheap and viable technology (Kensby et
al., 2015), the concept consists of overheating or
underheating the building. When overheating or
underheating the building a change between the set
indoor temperature and the actual indoor
temperature occurs. This results in a divergence
from the set temperature, and it is that temperature
difference that functions as the energy storage in the
building (Stahl, 2009). By utilizing the internal heat
transfer in buildings as heat storage the supply need
can be reduced, assuming that the producers have
knowledge of the relevant storage data. One of the
main constraints in utilization lies in the comfort
requirements of the occupancies (Renstrém et al.,
2021). This work is focused on developing a general
and dynamic model for utilizing buildings as energy
storage for a peak-shaving control strategy. The
work aims to determine how stored heat in buildings
can be modelled using industry standard data
streams. Furthermore, the work investigates the

potential in controlling a building’s heating system
with consideration to stored heat and how a flexible
indoor temperature affects different aspects of
building thermal control.

2. Methodology

2.1. Problem setup

The building used for model development is a 9-
storey multifamily building, called Building A,
located in Vasteras, built in 2017.

The thermal dynamics of the building consist of
multiple different heat sources and heat losses from
building components. The heat sources consist of
two sources; heat supplied from the DH system, and
heat delivered from unmeasured sources (passive
heating). The main sources of heat loss are through
the building envelope and the ventilation. The input
data was originally supplied by the local DH
company Malarenergi (primary side) and a local
landlord Mimer (secondary side). The data has a
time step of one hour and consists of 1501 data
points between 2019-12-01 and 2020-02-02. The
temperature has been taken as an average over all the
individual apartments to give an average
temperature for the building itself, therefore the
standard deviation on the indoor temperature is also
given. The outdoor temperature was measured with
a sensor installed on the building. Supply
temperature, water mass flow and return
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temperature were all measured at the building’s
main heat exchanger.

The heat supply (calculated based on the supply-,
return temperature and the mass flow from the main
heat exchanger), average indoor temperature, and
external temperature are used in this work. The data
is presented in Fig. 1.

. e
W External temperature

35

. —— Indoor temperature
=230

=

Eoazs

0 —— Heat supply

0 200 400 GO0 800 1000 1200 1400
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Text [C]

Qsupply [kW]
=

Figure 1: Historical data for Building A

2.2. Development of Building Model

The finalized model consists of three models that
combine the strength of them all. The first is called
First Order Thermal Model (FOTM) and is based on
simple 1R1C models as described by Harb et al.
(2016) or Monghasemi et. al (2022). The second is
called Degree Day Model (DDM) and is a further
development of the 1R1C model using the degree
day method by Tabatabaei et al. (2017). The third is
called Time Constant Model (TCM) and is based on
Antonopoulos & Koronaki (2000). The cooperation
between the different models is illustrated in Fig.2.

| FoT™

Figure 2: Model flow chart

T

TCM

FOTM is developed as an 1R1C model to ensure
robustness due to the lower complexity. The typical
1R1C model is described with Eq. 1.

dT

CE = R(Toxe — Tin) + qupply €]
FOTM includes an additional parameter to act as the
heat from other sources then the heat delivered from
the building’s substation, Qpassive. This simulates
heat from occupancies, electric appliances, solar
radiation etc. The FOTM model is described with
Eq. 2.
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aT
CE = R(Texe = Tin) + qupply + Qpassive 2

The DDM is set up as a function called from the
FOTM, it utilizes Eq. 2 with % = 0, resulting in Eq.
3Error! Reference source not found..

R(Text - Tin) - Qpassive = qupply (3)

Curve fitting (based on least squares) is then used to
estimate R, qssive AN Qpassive- 1he steady state heat
loss of the building is represented by R. There are
always some daily variations in the indoor
temperature, but the general trend of the indoor
temperature must be steady for R determination.
Qpassive 1S determined as an average of the passive
heating during the training period and will therefore
give an imperfect estimation on the hourly passive
heating in the building.

TCM is also set up as a function called by FOTM.
The equation used is Eq. 4 where the parameters
Cerr & U are determined by optimizing for them
using least squares from the SciPy optimize library
with Eqg. 5 as the cost function.

Tin(t) = Text -

Q Wy
[ = Ty + L L) B

F(X) = Tin,pred — linreal 5)

Given the resulting C.rr and U for the training
period the mean of the values is taken to calculate
the time constant according to Eq. 6.

T= Ceff/U (6)

The time constant is then used to calculate a C based
on the R value from DDM. In contrast to DDM,
TCM requires variance in the indoor temperature to
determine the effective heat capacity, C,sy.

The model detects the trend of the indoor
temperature, thereby not capturing daily variations.
The model is a dynamic model with accuracy
dependent on the accuracy of the temperature data,
as the temperature sensor most likely has the highest
uncertainty. The temperature sensor is unknown;
however a typical range is £+ 1 K according to
manufacturer specification data.

2.3. Verification of building model

The first verification step is to determine the
prediction ability by implementing the model on the
entire available data set and observing the model’s
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ability to predict the indoor temperature for each
time step over different prediction horizons. The
model must replicate the trend rather than the actual
values to avoid overfitting to variance caused by
measuring the input data in the air. The next step is
to verify the parameters. This is done by observing
the resulting values of the time constant and
comparing it to expected values from the literature,
as presented in Tab. 1.

Table 1: Time constants presented by Johra et al. (2019)
Time constant t

Light Medium Heavy

[h]
1980°s house 9 49 181
Passive house 135 169 626

The heat is then simulated using the historical
outdoor temperature without access to the historical
heat data. The generality of the model is also verified
by implementing the model on a different building,
Building B. The data available for Building B is of a
similar character to that of Building A.

2.4. Optimizer

To highlight the utilization possibilities of using the
building as a heat storage, an optimizer is developed
to evaluate the future heat supply. It is developed in
Gekko, which is an optimization library in python
(Beal et al., 2018). The optimizer is based on a
strategy presented by Saletti et al. (2021) that
focuses on minimizing the variations in heat supply
by controlling for the derivative of the heat supply.
To minimize the total variation in the heat supplied
(Qsuppry) the derivative squared is minimized to
ensure that only positive values occur in the
objective, this will assist the optimizer in flattening
out the heat demand. The control objective (Qsuppiy)
is controlled by manipulating the indoor temperature
(T3,) within a set interval. By setting a fixed interval
for the indoor temperature within the comfort
interval, the comfort is still maintained. The
optimization problem is stated below.

Objective:
. i=forecast 2
mln(Ziz{ dQsupply; )

Constraints: T; ST, =T

Nmin Nmax

quPPIYmin
< qupplyi
= quPPIYmax

qupplyi

= (Tini+1 - Tini)c
- R(Texti - Tin,-)
- Qother
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Before the model can be utilized for peak shaving,
the training period and the prediction horizon need
to be determined by parametric analysis to yield the
most accurate results.  The training period is set to
408 hours/data points, and the prediction horizon is
set to 48 hours. Different flexibilities in the indoor
temperature are examined from Tin=22°C + 0.25 to
Tin=22°C % 2.00. The baseline temperature is set to
22 °C to ensure that the indoor temperature is always
within the Swedish health agencies recommended
comfort interval (Folkhalsomyndigheten, 2014).

2.5. Normalized Economics

Currently, economically motivated peak shaving for
customers is not the norm at the local DH company.
The customers have the option to select a “baseload
consumption” with a fixed price in SEKAW,year
and a “peak consumption” with a different fixed
price in SEKAW,year. But they can also allow the
company to choose, and then no fixed cost is added
if the consumption increases above the baseload
level (Landelius & Astrém, 2019). To highlight the
economic benefits in peak shaving from a customer
perspective a normalised economic analysis is
developed. An initial baseload is calculated based on
the average outdoor temperature for December 2019
using Eqg. 3. The different parameters are estimated
on an average of the first 408 data points.

The economic savings are then calculated by
integrating the curves that exceed the baseload and
comparing the integrals for the historic case and the
new peak shaved case, as shown in Fig. 3.

Q [kw] M - Historic
[ - Peakshaved

/A\ Baseline 2

| /év‘\
\/

t [h]
Figure 3: Normalized Economic Analysis

The savings are presented as a percentage and are
calculated according to Eq. 7.

[ Peakuey 100[ %] N

Savings = 100 - ————
fPeakhistoric

The baseload is then varied to illustrate the different
savings achieved depending on the baseload level.
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3. Results

3.1. Building model verification

The mean and max error over the entire prediction
horizon for each time step when choosing the
optimal prediction horizon and training set length is
plotted in Fig. 4.

—— Mean Error
= Max Error

Error [K]

460 6(50 B(iﬂ ]060 1260 14I00
Time [n]
Figure 4: Mean and maximum error for Building A

The maximum error is 0.63K and the mean error of
about 0.14K for Building A.
Wh

The heat capacity of Building A is 108 [sz]

respectively 124 [;/nfz] for Building B. The average

time constant over the entire data set for Building A
is 209 hours, and for Building B 120 hours.
Compared to the values given in Tab. 1., these are
reasonable.

As illustrated in Fig. 5. & Fig. 6., the simulated heat
supply and indoor temperature generated by the
model are reasonably well correlated to the
historical data, as shown in Tab. 2.
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Figure 5: Verification of model for Building A
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Figure 6: Verification of model for Building B
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Table 2: Verification results: comparison between
simulated and historical data for heat supply

Building A Building B
Correlation coefficient 85% T7%
RRMSE 8% 9%

The fact that the simulated heat supply and the
historical heat supply do not match each other
perfectly is not of concern, since it is the trend that
is of interest.

3.2. Utilization potential
Fig. 7. shows the cumulative distribution of the heat
supplied during the simulation period.
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Figure 7: Load duration curve for peak shaving in
Building A

The frequency describes how often (how many
hours) the corresponding heat supply is reached for
each investigated frequency. In general terms, by
increasing the flexibility of the indoor temperature,
less variation in the supplied heat and a lower peak
power is achieved.

In Tab. 3. the results for different temperature
flexibilities are presented. It shows that in general
when implementing the peak shaving control
strategy there is also an overall reduction in heat
supply. However, this is mainly due to a reduction
in the set indoor temperature as the simulated
historical data has an average indoor temperature of
22.6 °C. Therefor it can’t be concluded that utilizing
peak shaving results in energy savings, it can
however reduce emissions. If utilized by DH
companies, peak shaving could reduce the need for
a fossil fuel boiler during peak hours and thereby
reduce overall emissions and the dependency on
expensive and harmful fossil fuels.
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Table 3: Results from peak shaving compared to the
simulated historical data

Temperature  Peak Energy Average
o . indoor
flexibility power consumptlontemloerature
[°C] decreased decreased [°C]
+0.25 30 10 22
+0.50 35 10 22
+0.75 35 12 21.9
+1.00 36 9 22
+1.25 38 14 21.9
+1.50 40 7 22.2
+1.75 42 7 22.3
+2.00 45 6 22.3

As seen in Tab. 3. a temperature flexibility of £1.25
°C generates the most energy savings, however in a
survey by Renstrom et al. (2021) including 88
respondents it was found that approximately 40 % of
respondents thought they would not be affected by
an variable indoor temperature of +1 °C whilst
approximately 60 % thought they would be
negatively affected by a variable temperature of +1.5
°C. This might intel that even though the comfort
impact will be minimal, it will be difficult to
convince consumers to use the developed approach
with higher variability. Renstrom et al. (2021) even
found that 20 % of respondents believed they would
be negatively affected already at £0.5 °C.

To determine the appropriate flexibility a
normalized economics analysis is done, the results
are presented in Fig. 8.

Savings

— Bl=12 kW
— B2 =14 kW
= B3 =16 kW
0.0 — B4 =18 kW

DE]D D|25 DISD D':fS J(I]D léS 1%0 l'l.fS I(I]D
Flexibility
Figure 8: Normalized economics analysis results

As the percentage of the available area is made up of
the difference between the historical peak and the
shaved peak, the magnitude of the baseload is
directly correlated to the possible savings. From the
combined knowledge presented in Fig. 8.Error! R
eference source not found. A higher baseload
results in larger savings, this is demonstrated clearly
in Fig. 9.
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Figure 9: A moving baseload’s impact on savings

In Fig. 9., one can determine that choosing an
appropriate baseload is crucial when it comes to the
economic benefits of peak shaving. The savings in
the fixed cost of the peak consumption depends on
how much of the peaks are above the baseload.
Therefore, the higher baseload reaches savings of
100% since the new peak is below the baseload. In
the lower baseloads, where the new peak never is
below the baseload, the preferred choice of
temperature flexibility is +0.5°C. Due to this a
temperature flexibility of £0.5°C is chosen as the
preferred interval. Fig. 10. and Fig. 11. shows the
potential of peak shaving by allowing a flexibility in
the indoor temperature with 0.5 °C for Building A

and B.
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Figure 10: Peak shaving, Tin = 22°C £0.5, prediction
horizon = 48, Building A

Fig. 10. shows that the highest peak in the heat
supply during the simulation decreased from 26 kW
to 16 kW for Building A, and the total energy
consumed during the simulation decreased from 12
100 kWh to 11 000 kW h.
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Figure 11: Peak shaving, Tin = 22°C 0.5, prediction
horizon = 48, Building B

For Building B as shown in Fig. 11. the highest peak
was decreased from 29 kW to 22 kW, and the total
energy consumed was increased from 14 700 kWh
to 16 000 kWh.

4. Discussion and conclusions

4.1. Discussion

The FOTM and the constructed optimizer is a
general model with a low execution time. Since the
model was developed using the data from Building
A and then also tested on data from Building B, the
generality requirement was met. Execution time has
not been an issue in the tests (448 seconds for a
simulation period of 1085 hours). However, there
are some concerns regarding the reliability when
using online adaptation, since there are certain rules
that must be considered for parameter estimation,
which have not been developed. This have mainly
been the parameter estimation of R and Qpassive.
When estimating these parameters, the most
important part is that the indoor temperature is stable
and does not vary over time. When adapting peak
shaving it is never stable. Vice versa if the indoor
temperature is kept steady Cef f is hard to estimate
since it requires change within the indoor
temperature to be determined. Examining how these
issues might be solved belongs to the future works.
For the results presented the parameters Ry, qssive and
Ceff has been determined on the training set and the
assumed constant for the entire simulation period.
This gives reliable results for the available data as
shown.

By utilizing a control strategy similar to the one
suggested in this work there is a possibility of
increasing the amount of electricity produced in a
CHP plant. A reduction in heat demand from the
consumers yields a larger portion of the produced
heat at the plant available for electricity production.
Currently, most renewable sources cannot keep up
with the higher electricity demand during the winter
where DH companies normally can’t produce any
electricity due to the high heat demand. By
decreasing the heat demand and increasing the
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electricity production the revenue can be greatly
increased.

The authors suggest that a new subscription format
is produced in which the customers subscribe to a
certain comfort interval rather than a certain heat
flux. The authors also believe that customer
participation and engagement should be an integral
part of future business models to ensure customer
satisfaction. The authors also suggest adding a safety
margin in the subscription range.

4.2. Conclusions

In this work a data driven physics-based model has
been produced which directly quantifies the steady
state heat loss, the heat capacity, the time constant
and the passive heating. These parameters are
essential for determining a building’s thermal
storage ability. The model has a RRMSE of 8% for
Building A and 9% for Building B. By having access
to the thermal dynamics of a buildings storage
potential the buildings heating system can be
controlled from a peak shaving perspective which
utilizes over- and underheating to charge and
discharge the building around peaks in heat demand
generated by changes in the external temperature.
Utilizing a peak shaving control strategy has been
shown to generate savings in energy consumption of
up to 14 % and 45 % in peak consumption
(depending on the set indoor temperature and
allowed flexibility). The authors suggest allowing
the customers to choose their preferred flexibility to
ensure their comfort, but also point out that a
beneficial control can be found at an indoor
temperature of 22 +0.5 °C.

There are four aspects to be considered when
allowing for a flexible indoor temperature, comfort,
energy consumption, peak shaving, and economics.
All aspects are correlated and to find an optimal
strategy, compromises must be made. The authors
have shown that economic savings and peak shaving
can be achieved by allowing for small variations in
the indoor temperature to the detriment of comfort
and in some cases energy consumption.
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Abstract

In recent years, green hydrogen has emerged as an important energy carrier for future sustainable development. Due
to the possibility of not emitting CO, during its generation and use, hydrogen is considered a perfect substitute for
current fossil fuels. However, a major drawback of hydrogen production by water electrolysis, supplied by renewable
electricity, is its limited economic competitiveness compared to conventional energy sources. Therefore, this work
focuses on analyzing the sustainability of a green hydrogen production plant, not only considering its environmental
parameters, as well as its economic, energy and efficiency parameters. The polymer electrolyte membrane (PEM) is
selected as the most promising method of green hydrogen production in the medium and long term. Subsequently, a
small-scale production plant is simulated using chemical process simulation software to obtain key data for comput-
ing a set of sustainability indicators. The selected indicators are based on the Gauging Reaction Effectiveness for the
Environmental Sustainability of Chemistries with a Multi-Objective Process Evaluator (GREENSCOPE) methodol-
ogy and are used to compare the sustainability of the simulated PEM plant with alkaline water electrolysis (AWE)
plant. Finally, the process is scaled-up to analyze the feasibility of the simulated PEM system and validated against

data to determine the operation of the electrolyser at a large production scale.

1 Introduction

Green hydrogen is typically obtained via water elec-
trolysis that uses renewable power source to gener-
ate hydrogen from water. This method allows for the
production of hydrogen without any CO;, emissions
(Younas et al., 2022). The key element of water elec-
trolysis is electrolyser, a device where direct electric
current is applied resulting in two chemical reactions:
one at the cathode that produces hydrogen, Equation
(1), and the other at the anode, Equation (2), that gen-
erates oxygen (Noussan et al., 2021). The polymer
membrane-based electrolyser, also known as PEM, is
the most suitable choice for handling power variations
due to its ability to quickly adapt to changes within
seconds, unlike other types of electrolysers based on
alkaline water electrolytes (AWE) that require min-
utes. In addition, PEM can operate at higher pressures
than other electrolysers, reducing the sub-sequence
compression stages (Wang et al., 2022).

Cathode reaction:

2H 4 2¢~ — H(g) (1)

Anode reaction:
1
HO(l) — 5oz(g) +2H" +2e~ ()

Despite the fact that green hydrogen offers an environ-
mentally cleaner solution to reduce society’s depen-
dence on fossil fuels, the reality remains that most of
the world’s hydrogen production, approximately 96%
in 2021, still comes from methods that emit green-
house gases, commonly known as grey and brown hy-
drogen (IRENA, 2021). The reason for the present
scenario is that current green methods, such as PEM or
AWE water electrolysis supplied by renewable power,
are not economical, which makes them less compet-
itive than those based on fossil fuels (Younas et al.,
2022). This article therefore proposes a method for
quantifying the sustainability assessment of the hy-
drogen production process, creating tools to evaluate
of green hydrogen production methods. In addition,
it is considered important to explore cost reduction
measures during sustainability analysis of the process.
Therefore, the advancement of process simulation is
seen as a viable approach to minimise design costs.
However, a challenge arises due to the limited avail-
ability of larger scale simulation models. To address
this limitation, the simulated process is scaled-up to
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evaluate the performance of the electrolyser in large-
scale production scenarios.

2 Sustainability

By examining existing literature, this analysis assesses
the present state of green hydrogen in terms of its envi-
ronmental impact, efficiency, economic viability, and
energy performance.

Environmental

Green hydrogen is considered as an environmentally
friendly, carbon-neutral energy carrier. The contribu-
tion to climate change is minimal, as only oxygen is
emitted during the production process. However, the
environmental impact of hydrogen is not zero, the type
of renewable energy source used, the origin of the wa-
ter for the electrolysis process and the residues gener-
ated after the usage of the production equipment must
be taken into account (Baykara, 2018).

Efficiency

The efficiency of a PEM electrolyser varies depend-
ing on the quality of the materials used, the design of
the electrolyser, the operating temperature, the pres-
sure, and the concentration of the electrolytes. In gen-
eral, a typical Low Heating Value (LHV) efficiency of
PEM electrolyser can range from 67% to 82%. To im-
prove efficiency, efforts should focus on optimising
the geometry of the electrolytic cell, using more effi-
cient catalysts and optimising the operating conditions
of the electrolyser (Wang et al., 2022).

Economic

The current lack of extensive green hydrogen produc-
tion is mainly due to poor economic competitiveness.
Therefore, most of the hydrogen production is done
using fossil fuels. The major costs of green hydro-
gen production are related with the cost of renewable
electricity, the efficiency of the electrolysis process
and the cost of the electrolysis equipment (Yue et al.,
2021).

Energy

In the case of green hydrogen, it is estimated that the
production of 1 kg requires 50-55 kWh of electricity,
which is considered high energy consumption com-
pared to some fossil fuels (Kurrer, 2020). This con-
sumption depends on the efficiency of the electrolysis
process (Antweiler, 2020).

3 Process simulation

The PEM electrolyser flowsheet considered in this
study is simulated using Aspen HYSYS software. The
PEM model is implemented using Aspen Customer
Module (ACM) software. The schematic used in As-
pen HYSYS for the simulation of the entire system is
shown in Figure 1, clearly depicting the division be-
tween the cathode (C) and anode (A) sides.
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3.1 Simulation model

Voltage model

The PEM electrolyser’s voltage model is determined
by Equation (3), which calculates the total voltage re-
quired for a single cell to perform the electrolysis pro-
cess. This model consists of several components, in-
cluding the ideal voltage and the minimum voltage re-
quired, different loses, and factors resulting from the
activation of the reaction incurred throughout the pro-
cess (Colbertaldo et al., 2017; AspenTech, 2021).

Veell = Vid. + AVact. + AVohm, + AViige +AVpar,  (3)

The minimum voltage required to initiate an electroly-
sis process in a cell is known as the ideal voltage (Viq.),
as described by Equation (4).

1 pH, + 1y
= —(AG + RTyp In(———=2

Vi
id. aF a0

) @

Where n is the number of electrons, F is the Faraday’s
constant, AG is the Gibbs free energy value, R is the
gas constant, Ty, is the operational temperature in the
cell, p is the partial pressure for both elements H, and
O, and app0 is the water activity value. For reactions
to take place, an activation voltage (AV,.), Equa-
tion (5), is required, based on the Tafel equation and
incorporating Butler-Volmer’s simplification (Garcia-
Valverde et al., 2012).

AVact. = AVact.caL + AVaCt,anA (5)

Where AV i cat. 18 the activation voltage in the cathode
side and AV ¢ an, is the anode side voltage activation.
These activation voltages have the same equation on
both sides described in Equation (6).

RTop_ Iy
AV et x = In{ — 6
act..x onF n <i0,x> (6)

Where x represents the anode or the cathode, R is the
gas constant, Ty is the operational temperature in the
cell, ay is the charger transfer coefficient, n is the num-
ber of electrons, F is the Faraday’s constant, i, is the
useful current density and i x is the exchange current
density, which depends on the temperature associated
with the Butler-Volmer’s Equation (Garcia-Valverde
et al., 2012). According to Ohm’s law, the electrical
losses (AVonm.) occurring in anode, cathode and mem-
brane during the electrolysis process are represented
by Equation (7).

AVOhm. = (Rcat. + Ran. +Rmem.) iuAcell (7)
Where R, is the cathode side resistance and is cal-

culated using Equation (8), Ry, is the anode side re-
sistance and is calculated using Equation (8), Ryem. 1S
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Figure 1. Process simulation schematic in Aspen HYSYS.

the membrane resistance and is calculated using Equa-
tion (9), 1y is the useful current density and Ay is the
active cell area.

txpx
Ry = 8
= ®)
Where x represents the anode or the cathode, ty is the
electrode thickness, px is the resistivity and Ay is the

active electrode area.

Rmem. = tm% (9)
mem.< *fmem.

Where tpem 1S the membrane thickness, Gmem. 1S the
conductivity based on the Springer model (Springer et
al., 1991) and A em. is the active membrane area. Dif-
fusion voltage (AVir ), Equation (10), represents the
diffusion losses that occur when mass transport is hin-
dered by the concentration gradient between the mem-
brane surface and the main stream where the reaction
takes place. These losses are the result of mass trans-
port limitations due to the concentration gradient.

RTp,
o,nF

Where x represents the anode or the cathode, R is the
gas constant, Top, is the operational temperature in the
cell, oy is the charger transfer coefficient, n is the num-
ber of electrons, F is the Faraday’s constant, i, is the
useful current density and iy is the limiting current
density (assumed as 6 A/cm? the maximum current
density). Parasitic losses (AVpar.), are typically ex-
pressed as a change in current rather than an increase
in voltage. Essentially, the current efficiency is deter-
mined by the ratio of the input current to the useful cur-
rent, Equation (11). This ratio is evaluated using the
Faraday efficiency, which in the case of a PEM sys-
tem, it is common to be close to 100%. Consequently,
the Faraday efficiency used in the simulations is 99%.

Iy
Istack

In(—£ ) (10)

AVgitr x = —
L~ tu

)

Nfar. =

Where I, is the useful current calculated by multiply-
ing the current density (i,) by the active area of the cell
(Acen) and Ig,ck 18 the current in the cell.

Mass balance

The material balance evaluation in the electrolysis
process is divided between the anode and cathode
sides, and it is based on the assessment of the various
flows involved. These flows include the water flow
input, hydrogen production as described by Equation
(12), oxygen production, electro-osmotic, diffusivity
losses as described by Equations (13) and (14), re-
spectively, and the pressure flow compensation as de-
scribed by Equation (15).

: iuAcellNcells
Ny, = ——— 12
HZ nF ( )
Where i, is the useful current density, A is the ac-
tive cell area, N¢qjs 1S the number of cells in the stack,
n is the number of electrons and F is the Faraday’s
constant.

\7e—0 __ ndiuAcellNcells 13
Ho= " p (13)

F
Where ny is the coefficient related with the humidifi-
cation of the membrane extracted from (Colbertaldo
et al., 2017), iy is the useful current density, A,y is
the active cell area, N5 is the number of cells in the
stack and F is the Faraday’s constant.

ff.
- Diff. D?'Iz OACA cellNcells
H,0 —

(14)

tmem

Where D?gb is the diffusivity function based in (As-
pen Technology, 2021), AC is the comparison water
composition in the anode and cathode side, A is the
active cell area, N5 is the number of cells in the stack
and tpem, 1S the membrane thickness.
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. KDarcyAcellszO (Pcat. - Pan.)
HH,0

Ni,o0 = (15)
Where Kparey is the membrane permeability, Ay is
the active cell area, pyp0 is the water density, Pgar. and
Pan. are the pressure value in the cathode and anode
side respectively and 0 is the water viscosity.
Energy Balance

The energy balance is determined by comparing the
energy inputs and outputs of the system equal to the
total energy capacity. The inputs include the electrical
power and the energy content of the inlet water flow,
while the outputs encompass the heat losses (as de-
scribed by Equation (16) as well as the outflow energy
from both the anode and cathode sides.

Oloss = hfreeAext (Top. —10— Tstd.) (16)

Where hgee is the heat transfer coefficient based in
(AspenTech, 2021), Aex:. is the exterior area (Aspen-
Tech, 2021), Tqp. is the operational temperature in the
cell and Tgyq is the standard temperature.

3.2 Process validation

The simulated process is validated using simulated
data, at an operating temperature of 55°C and an oper-
ating pressure of 30 bar, with the model presented in
(Colbertaldo et al., 2017). The chosen operating con-
ditions are based on the literature review performed
during this study. Figure 2 illustrates the polarization
curve demonstrating the relationship between the volt-
age cell and the current density. Furthermore, it pro-
vides insight into how various voltages incorporated in
the model change as the current density increases. The
specific comparison is made at a current density of 1,3
A/cm?, where the voltage value for the simulated plant
in this article is known to be 2,27 V. For the same data
point in the reference article, the voltage is observed
to fall between the values of 2,2 and 2,3 V. For the
rest of the data points, the adjustment between the two
models is carried out in a similar manner. Thus, a cor-
relation can be drawn between the figure presented in
this paper and the one found in the reference paper,
validating the simulated model.

4 Sustainability analysis

The research on the application of the GREENSCOPE
indicators to evaluate a PEM electrolysis process is
scares. Following indicators are used to assess the sus-
tainability of hydrogen production plants that utilize
PEM technology.

4.1 GREENSCOPE methodology

Using the approach of sustainability and aiming to
measure sustainability in any new or existing chemical
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Figure 2. Polarization curve.

process throughout its life cycle analysis, the United
States Environmental Protection Agency (US EPA)
created the GREENSCOPE tool (EPA, 2015). The
methodology in this tool is based on a set of metrics,
GREENSCOPE indicators, used to evaluate the envi-
ronmental performance of chemical products and pro-
cesses in four different principal areas: Environmen-
tal, Efficiency, Economic and Energy. For the nor-
malisation of the GREENSCOPE indicators, Equation
(17) is used, which compares the actual process sce-
nario with the best-case scenario of 100% sustainabil-
ity and the worst-case scenario of 0% sustainability.
The GREENSCOPE tables provide a comprehensive
set of indicators and their corresponding parameters
for calculating both the best and worst case scenarios.
This Equation allows the comparison between differ-
ent process (Li et al., 2016; Lima et al., 2016).

Actual — Worst

x 100 [%] (17)
Best — Worst

IndicatorScore =

4.2 GREENSCOPE indicators

To calculate the indicators selected for the PEM elec-
trolyser, the operating point of the simulation is cho-
sen corresponding to an electrical power of 6 kW, a
temperature of 55 °C and a pressure of 30 bar. This
particular operating point is chosen because it is of a
similar magnitude to the operating point used in the
AWE simulation available in literature, a more ma-
ture technology, is selected for the purpose of compar-
ing the sustainability analyses (Sanchez et al., 2020;
Hancke et al., 2022). The indicators selected for
the sustainability analysis comparison of the simu-
lated electrolyser are as follows: Global warming po-
tential (GWP) — Environmental indicator, Mass Loss
Index (MLI) — Efficiency indicator, Fractional Wa-
ter Consumption (FWC) — Efficiency indicator, Spe-
cific Energy Costs (Cg spec.) — Economic indicator,
Resource Energy Efficiency (ng) — Energy indicator
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(Ruiz-Mercado et al., 2014). Table 1 shows the data
for the selected indicators. Note that for the Cg gpec.
the energy and the product cost are calculated by using
the model develop by (Jovan & Dolanc, 2020). This
model requires estimation of the CAPEX of the sim-
ulated plants, that are calculated using the estimation
model develop by (Reksten et al., 2022). For the other
indicators, data is taken directly from the simulations.

Table 1. Data used for the GREENSCOPE indicators.

PEM AWE Indicator
H, (kg/h) 0,101 0220 GWP, MLI, FWC, ng
0, (kg/h) 0,026 1,355 MLI
CO, (kg/h) 0,000 0,000 GWP
H>0 (kg/h) 0,002 0,002 FWC, ng
Prod.c($/kg Hy) 7,170 6,249 CE spec.
Enc($/kgHy) 1,779 1,363 CE spec.

5 Process scale-up

The linearisation method has been chosen to transform
the data, making it suitable for the computation of re-
gression models. This methodology is introduced to
extrapolate the data, enabling a comparative analysis
with commercially available electrolysers capable of
generating greater quantities of hydrogen. The simu-
lated data pertaining to the operating conditions of 30
bar pressure and 55°C temperature is used for scale-up
purposes.

5.1 Regression and linearization model

The objective of data linearisation is to apply a regres-
sion model that initially do not have a linear depen-
dence (James et al., 2021). In this study, simulated cell
voltage cell (Vcell), specific work (Spc. work) and ef-
ficiency (1) data were taken and scaled-up as a func-
tion of current intensity. These parameters and ratios
are typically the ones present in the reference article
for the comparison of the simulated and scaled data
of electrolysers present in the market (Buttler & Spli-
ethoff, 2018). Table 2 presents the detailed explana-
tion of the relationships of the variables for which re-
gression models have been sought, including the data
transformations performed and the variables to which
it applies. The table also includes the regression mod-
els ultimately used, along with their corresponding R-
squared values determining their suitability for use.
Notably, all R-squared values are close to 1, indicating
the high degree of fit and confirming the suitability of
the generated regression models for the study’s pur-
poses. As an example, Figure 3 shows the application
of a square root transformation to the abscissa results
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Table 2. Data linearisation

X Y Reg. model R-sq.
iy Veell y=0,39 /x+1,85 0,96

iy Spc. work y=0,42 log(x)+5,27 0,94
Iy n y=—0,04 log(x)+0,57 0,99

in the linearisation of the data, which is then modelled

using a regression model.
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Figure 3. Plot of Vcell and Curr.Den linearisation

6 Results

The results of the Aspen HYSYS simulation, the sus-
tainability analysis and the scaling-up process are pre-
sented below.

6.1 Simulation results

Figure 4 provides the correlation between voltage cell
and current density, as well as the relationship be-
tween current density and efficiency. Where effi-
ciency is defined as the ratio of energy extracted from
the process in the form of hydrogen, using its LHV,
and the amount of electrical energy input to the pro-
cess. Solid lines are used to represent voltage cell,
while dashed lines indicate the evolution of efficiency.
For the various simulated points, the voltage of the
cell is different for the same value of current densities.
This is directly correlated with the amount of hydro-
gen produced. In other words, when less product is ex-
tracted, higher losses occur, resulting in a higher volt-
age for the cell. In terms of efficiency, a higher voltage
increases hydrogen production and increases losses.
Consequently, the simulation results represented by
blue lines, corresponding to the highest pressure, has
the worst performance.
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Figure 4. Plot of voltage cell and Efficiency of PEM elec-
trolyser

6.2 PEM sustainability

The GWP indicator is employed as a precise and visu-
ally effective representation of the complete absence
of gas or pollutant emissions in the production of
green hydrogen when the energy used is from a re-
newable source. The score of this indicator is 100 %
for both production methods, that evidence the zero
emission of CO; pollutants during the process. The re-
sults of the MLI indicator shows that the PEM process
achieves a normalization value of 99,74 %, whereas
the AWE process yields a value of 93,84 %. This in-
dicates that AWE processes are less efficient in terms
of hydrogen production. In terms of the FWC indi-
cator, the AWE process demonstrates superior effi-
ciency in utilizing the required water resource for its
operation compared to other processes, such as PEM.
While the PEM normalization of the indicator reflects
a level of 84,68 %, the AWE process achieves signif-
icantly higher levels, reaching close to 92,00 %. The
normalized Cg spec. indicator value for the PEM pro-
cess is 40,91 %, while for the AWE process it is 48,04
%, indicating that energy cost has a greater impact on
both processes. It is possible to see how the more ma-
ture AWE technology has a better cost distribution, al-
though the difference is not very large. The nE indi-
cators for hydrogen production using PEM technology
and AWE are 77,50 % and 79,84 % respectively, in-
dicating that AWE has slightly higher efficiency com-
pared to PEM. Figure 5 displays the normalized values
for all the indicators, along with the comparison be-
tween PEM and AWE technologies, depicted in blue
and orange respectively. The variation in both elec-
trolysers can be justified by method of operation and
technology differences.
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6.3 Scale-up analysis

To verify the suitability of the simulated installation
for large-scale hydrogen production, the benchmark-
ing study conducted by Buttler and Spliethoff is used
as a referenced. This study includes graphical repre-
sentations of the current market’s PEM electrolysers
(Buttler & Spliethoff, 2018). The figure 6 displays
the current density against the voltage, specific work,
and cell efficiency. The polarization line is shown
in blue, while the efficiency using the lower heat-
ing value (LHV) as the reference value is displayed
in grey dashed lines. Furthermore, a second y-axis
is added, representing the specific work values. The
minimum voltage is approximately 1,8 V. In commer-
cial electrolysers, this value consistently remains be-
low 1,75 V and approaches 1,5 V. This discrepancy
arises because the results do not converge at lower
power levels due to small scale nature of the sim-
ulated process. Nevertheless, the results for power
levels of 1 kW and above are satisfactory and facil-
itated a comprehensive analysis. The specific work
values adequately match those shown in the reference
article. Therefore, it can be concluded that this vari-
able can be compared with that of real electrolyz-
ers. Additionally, efficiency values have been ob-
tained that are realistic and, when compared to those
shown in the article, indicate that the scaling of the
simulation is satisfactory for the efficiency parame-
ter. In summary, the initial attempt to scale-up the
process has yielded favorable results. However, it
must be acknowledged that certain challenges, exem-
plified by the encountered setback related to lower
values, have surfaced. To further enhance these en-
deavors aimed at cost-effective design improvements,
consideration should be given to exploring alternative
scaling methodologies. One potential avenue involves
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the utilization of techniques such as Buckingham’s ©
theorem (Polverino et al., 2019) or the incorporation
of Artificial Neural Networks (ANN) strategies (Tian,
2020), both have demonstrated effectiveness in the
context of enlarging hydrogen fuel cells. These ap-
proaches hold promise for facilitating significant ad-
vancements.

Voltage cell (V)

0 1 2 3 4 5
Current density (A/lcm?)

Figure 6. Plotof Scaled-up process variables of PEM elec-
trolyser

7 Conclusions

The PEM simulation exhibited satisfactory perfor-
mance when compared to the reference simulation.
Specifically, the operating range of 1-6 kW was sim-
ulated successfully for subsequent analysis. The anal-
ysis shows that the higher temperature and electrical
power levels increased hydrogen production, while
pressure had an inversely proportional effect. This
finding is consistent with observations made in vari-
ous real and simulated PEM electrolysers documented
in the literature. The sustainability analysis performed
consisted of calculating indicator values according to
the GREENSCOPE methodology, which was used for
the first time in this paper to evaluate hydrogen pro-
duction methods. In addition, a sustainability compar-
ison was made between PEM and AWE technologies.
The environmental indicator, GWP, was found to be
100 for both technologies as green hydrogen produc-
tion with renewable energy sources does not gener-
ate CO, emissions. With regards to the efficiency in-
dicators, the proportion of hydrogen produced, MLI,
was found to be higher for PEM technology than for
AWE, while water consumption, FWC, was better for
AWE technology. These variations can be justified
by technology differences present in both electroly-
sers. In terms of the economic indicator, Cg spec.,
it was observed that the weight of energy costs was
higher in the case of PEM technology. Finally, the ef-
ficiency indicator showed that the energy efficiency,
nE, was slightly worse for PEM technology. The
scaling-up process employed data linearisation and re-
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gression techniques. Through this approach, the sim-
ulation demonstrated satisfactory comparability with
commercially available PEM electrolysers. While
scaling-up processes for hydrogen fuel cells simula-
tions using PEM technology are documented, methods
such as Artificial Neural Networks (ANN) or Buck-
ingham 7 theorem for electrolysers simulations are yet
to be explored. The application of such methods holds
promise for significant cost reductions in the produc-
tion of commercialised electrolysers, further enhanc-
ing viability.
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Abstract

A CO; capture process from a natural gas based power plant has been simulated and cost estimated using an equilibrium-
based model in Aspen HYSYS using the amine acid gas package. The aim has been to calculate cost optimum process
parameters for the standard process and also for a vapor recompression process. After process simulation using Aspen
HYSYS, the process equipment was dimensioned and cost estimated using Aspen In-plant. The Enhanced Detailed Factor
(EDF) method was used to select factors to calculate the total investment. Operating cost for heat and electricity was
calculated from the simulation with estimated cost on consumed heat and electricity. The cost was calculated to 21.2 EURO
per ton CO, removed and a vapor recompression process was calculated to 21.6 EURO per ton. A recompression case with
1.2 bar flash pressure was calculated to 21.3 EURO/ton CO,. The ATmin in the amine/amine heat exchanger was varied, and
the optimum at 15°C was 20.9 EURO per ton CO.. The vapor recompression alternative was in this work slightly more
expensive than the traditional case. In earlier works, the vapor recompression process has been claimed to be more
economical than the standard process. The difference in this work is mainly due to different cost estimates of the compressor
investment. This work shows that Aspen HYSYS is well suited for optimizing process parameters in a CO; capture process

with and without vapor recompression.

Keywords: Carbon capture, Aspen HYSYS, simulation, cost estimation, optimization

1. Introduction

CO;, capture based on absorption into an amine followed
by desorption is an established method to reduce CO;
emissions. Much work has been performed on
simulation and cost estimation of CO; capture
processes, especially from natural gas based power
plants. A traditional tool has been an equilibrium-based
model in Aspen HYSYS using the amine acid gas
package. The aim has often been to calculate cost
optimum process parameters for a standard process. In
this work, the main aim has been to calculate cost
optimum process parameters for a standard CO; capture
process. A special aim has been to compare the standard
process with a process based on vapor recompression.
It shows that it is difficult to state whether the vapor
recompression process is more economical than a
standard CO; capture process.

2. Literature, Process Description and Specifications

2.1 Literature

There are several papers presenting results from process
simulation and cost estimation of CO, capture plants

(Manzolini et al., 2015; Luo and Wang, 2016; Nwaoha
et al., 2018; Hasan et al., 2021). This work is a
continuation of previous work at the Telemark
University College and the University of South-Eastern
Norway (USN). Some references are (Kallevik, 2010;
@i, 2012; Aromada and @i, 2017; @i et al., 2020; Ji et
al., 2021; Shirdel et al. (2022). These projects have
involved process simulation, dimensioning and cost
estimation of CO; capture using the process simulation
tool Aspen HYSYS. Capture rate, energy demand and
capture cost per ton CO; have been calculated. Many of
the projects have optimized parameters by changing one
process parameter at a time, such as the minimum
temperature difference in the main heat exchanger.

In the literature there have been presented many
suggestions for process improvements using different
process configurations (Cousins et al., 2011; Moullec et
al., 2011; Dubois and Thomas, 2017). A simple
alternative is vapor recompression where regenerated
amine is depressurized into a flash tank, and the flash
gas is recompressed and sent to the bottom of the
desorber. Cost optimization of vapor recompression has
been perfomed by Fernandez et al. (2012), @i et al.
(2014), Aromada and @i (2017), @i et al. (2017) and Qi
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et al. (2021). This work is based on a Master group
project (Kermani etal., 2022). In addition to the project
work, simulation and cost estimation of the vapor
compression process from 1.2 to 2 bar was also
included.

2.1. Process description of a standard process

Fig. 1 shows a typical process for CO, capture using an
amine absorbent. In this method, CO, is absorbed and
captured in an aqueous amine solution, in which flue gas
is passed through. The CO,-rich amine is then sent to a
stripper, is heated with steam, and as a result CO; is
released from the solution. In the figure, a gas cooler
before the absorber and a water wash are shown, but
these units are not simulated in this work.
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Figure 1: Process flow diagram of a standard amine-based CO>
capture process (Aromada et al., 2020)

3 Specifications and simulations

3.1 Specifications and simulation of standard CO; capture
process

The specifications for the base case is given in Table 1.
The calculation sequence is similar to earlier works
(Aromada and @i, 2015; @i et al., 2020; Ji et al, 2021).
The absorption column is calculated first based on the
inlet gas and the estimated lean amine flow (which is
specified in the first iteration). The amine from the
bottom of the absorption column is sent to regeneration
via the rich/lean heat exchanger. The amine flow is
entering the desorption column which separates the feed
into CO; product at the top and hot regenerated amine at
the bottom. The regenerated amine is returned via the
lean/rich heat exchanger and the lean cooler to the
recycle block. Due to water loss in the process, water
must be added to the process. The make-up water was
adjusted manually. The specifications in Table 1 aim
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at a 90 % CO. removal efficiency and gives the result of
7.7 °C in the lean/rich heat exchanger. The simulations
were performed in Aspen Plus V12,

Table 1. Aspen HYSYS model parameters and specifications for
the base case alternative

Parameter

Inlet flue gas temperature [°C] 40.0
Inlet flue gas pressure [kPa] 110
Inlet flue gas flow rate [kmol/h] 85000
CO; content in inlet gas [mole %] 3.73
Water content in inlet gas [mole %] 6.71
Lean amine temperature [°C] 40.0
Lean amine pressure [kPa] 110.0
Lean amine rate [kg/h] 110000
MEA content in lean amine [mol-%)] 11.21
CO; content in lean amine [mol-%] 2.93
Number of stages in absorber [-] 10
Murphree efficiency in absorber [m™] 0.25
Rich amine pump pressure [kPa] 200.0
Rich amine temp. out of HEX [°C] 104.9
Number of stages in desorber [-] 6
Murphree efficiency in desorber [m™] 1
Reflux ratio in stripper [-] 0.3
Reboiler temperature [°C] 120.0
Lean amine pump pressure [kPa] 500.0

3.2 Specification of vapor recompression process

The Aspen HYSYS flowsheet for the base case is
presented in Fig. 2. The flowsheet for the vapor
recompression process is presented in Fig. 3. After the
desorber, the amine is pressure reduced through a valve
to a flash tank. The gas after the flash tank with
atmospheric pressure (or higher) is compressed and sent
back to the desorber. Except for this, the process is the
same as in the base case.

3.3 Parameter variations

With a 110000 kg/h amine flowrate, absorption 10
stages, 90 % removal efficiency and 7.7 °C minimum
approach temperature were obtained in the base case
simulation. The minimum approach temperature was
varied. For the vapor recompression case, the flash
pressure was varied. In the parameter variation
simulations, all other specified parameters were kept
constant.

A possibility is to make use of the Case study function
in Aspen HYSYS. In that case a series of calculations
can be performed automatically keeping all other
specified parameters constant.
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3.4 Simulation and cost estimation procedure

The objective of this part is the estimation of the plant's
total cost for the designed CO. capture process.
Calculations are based on dimensions obtained from the
simulation in Aspen HYSY'S VV12. A short version of the
cost estimation procedure is as follows, similar to the
procedure in @i et al. (2020) and @i et al. (2021):

e Calculation of each equipment cost using Aspen In-
Plant Cost Estimator, based on equipment
dimensioning parameters for the base case.

e Calculation of the total installation cost by applying
the Enhanced Detailed Factor (EDF) method.

e Correction of total installation cost by the cost
inflation index (conversion by year).

e Calculation of annualized capital expenditure
(CAPEX) according to the discount rate and lifetime

e Calculation of annual operational expenditure (OPEX)

e Calculation of the total CO> capture cost based on the
plant lifetime

Vasteras, Sweden, September 26-27, 2023

3.5 Dimensioning for cost estimation

The estimation of packing height is based on a constant
stage (Murphree) efficiency corresponding to 1 meter of
packing. Murphree efficiencies were specified to 0.25
for the absorber and 1.0 for the desorber. Structured
packing was assumed.

The estimation of absorption column diameter was
based on a gas velocity of 2.5 m/s and for the desorption
column a gas velocity of 1 m/s was assumed as in Ji et
al. (2020) and @i et al. (2021). The total height of the
absorption column and desorption column were
specified to be 25 m and 16 m respectively. The extra
height is due to distributors, water wash packing,
demister, gas inlet, outlet and sump. The pumps and the
vapor compressor were specified to have 75 % adiabatic
efficiency.

Overall heat transfer coefficient values were specified
for the lean/rich heat exchanger 500 W/(m?K), lean
amine cooler 800 W/(m?K), reboiler 1200 W/(m?K) and
condenser 1000 W/(m?K). These values are the same as
in @i et al. (2021) except for the lean/rich heat
exchanger number (changed from 550 W/m?K), and
slightly less than the numbers in @i et al. (2020).
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Figure 2. Aspen HYSY'S flow-sheet of the base case simulation (from Kermani et al., 2022)
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Figure 3. Aspen HYSY'S flow-sheet of the vapour recompression case simulation (from Kermani et al., 2022)
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3.6 Capital cost estimation methods

Equipment costs were calculated in Aspen In-plant
Cost Estimator (version 12), which gives the cost
in Euro (€) for Year 2016 (1%t Quarter). Stainless
steel (SS316) with a material factor of 1.75 was
assumed for all equipment units, except for pumps
and the vapor compressor where a material factor
of 1.3 was used as in @i et al. (2020) and Ji et al
(2021).

In the EDF detailed factor method, each equipment
cost in carbon steel was multiplied with an
installation factor to obtain installed cost. The
detailed installation factor is a function of the site,
equipment type, materials, size of equipment and
includes direct costs for erection, instruments,
civil, piping, electrical, insulation, steel and
concrete, engineering cost, administration cost,
commissioning and contingency. Installation
factors from Aromada et al. (2021) were used.

Table 3. Cost calculation specifications

Parameter Value

Plant lifetime 10 and 20 years

Discount rate 7.5 %

Maintenance cost 4 % of installed cost

Electricity price 0.06 EURO/KWh

Steam price 0.015 EURO/kWh
Annual operational time 8000 hours
Location Rotterdam

3.7 Operating cost calculation

This project includes OPEX estimations for the use
of electricity and steam (maintenance cost is not
included). Operating cost specifications are given
in Table 3. Electricity cost was specified to be 0.06
EURO/KWh (approximately 0.6 NOK/kWh). The
steam cost was specified to be 25 % of the
electricity cost, 0.015 EURO/kWh.  This is
reasonable for a case where the heat could be
converted to electricity with 25 % efficiency. The
detailed cost estimation of CAPEX, OPEX and
NPV (net present value) were calculated in an
internal spreadsheet in Aspen HYSYS.

4 Results and Discussion
4.1 Base case cost results

In Fig. 4, the results for the capital cost estimation
of the base case are shown for all the equipment
units. The total cost was calculated to 74.6 mill.
EURO. The total cost per ton CO, removed was
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calculated to 21.2 EURO/ton CO,. The numbers
are low compared to many other estimations, but
the values in @i et al. (2020) are similar. One
reason is that some equipment like pre-treatment
and water wash is not included in these
calculations. However, for optimization
calculations, only the units in the recirculation are
necessary to obtain a reasonable optimization.

Equipment Cost (MEuro)

80,00 74,36
70,00
60,00
50,00
33,97
40,00 g 4c
30,00
20,00
10,00 388146 M 1,080,87 %% 033
0,00 - -
X X X X X X
& F P E S LS
\o%o Q/c)o ® é\’b Q\/ @Q Qg)o Qbe/ \(y‘
v 9 < Q&“ N ¢ L
Q\Q

Figure 4: Total CAPEX and the cost of each piece of
equipment for the base case (Kermani et al., 2022).

The equipment cost shows that the most
expensive equipment units are the absorber and the
main heat exchanger. This s traditional. Normally
the absorber is the most expensive unit, so there is
a possibility that the absorber cost s
underestimated. The estimated column efficiency
is 0.25 per meter packing height, which is
optimistic compared to 0.15 in @i et al. (2021). A
water wash is normally a part of the absorber, and
this cost is neglected in this work. The total cost
is probably also underestimated because there are
probably equipment unit details that are more
complex than assumed. The operating cost is
probably underestimated because the maintenance
cost is not included. If both CAPEX and OPEX is
underestimated to the same degree, the trade-off
between them will give reasonable cost optimum
parameters.

4.2 Vapour recompression case

The vapor recompression cost was calculated to
21.6 EURO/ton CO; for a flash pressure of 1 bar.
This is slightly higher than the standard process,
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and in this work this was not optimum. The cost
was also calculated for a flash pressure of 1.2 bar,
and the result was 21.3 EURO/ton CO,. This was
the optimum vapour recompression case, but it was
still not optimum compared to the base case. In

Vasteras, Sweden, September 26-27, 2023

temperature approach, reboiler duty and absorber
height are similar to values found in literature.

Table 4. Comparison of this study with previous base case
scenarios

earlier work (Karimi et al., 2011; @i et al., 2014),

the vapour recompression case was estimated to be study captre | con: Amin (=l
the most optimum process. The difference in this ra el ol felghtml | CCelal
work is mainly due to different estimates of the i I e B 3157
compressor investment. It is possible to reduce the Bresent work ;A[Ilm]inﬂo) 2 i | 10 10 3852
cost of the vapor recompression by optimizing the Bietal. [15] 85 375 | 10 10 3650
flash pressure as in Fernandez et al. (2012). In @i A e 343 aam
et al. (2021), a flash pressure of 1.5 bar was the sipocz etal. [26] o | 42 | 10 | o B8] 3
optimum in the vapour recompression case, but Karimi et al. [9] gg ﬁgg l5O ; ggﬁ

was not better economically than the standard
process.

4.3 Optimum minimum temperature approach

The total cost was calculated for different
temperature approaches. The result is shown in
Fig. 5 with the base case shown for 7.7 K. The
absorber packing height was 15 m in these
optimizations. The optimum value was found as
the one with minimum total cost at 15 K with 20.9
EURO/ton. @i et al. (2014) and Aromada and di
(2017) get about the same optimum. Values for the
optimum minimum temperature approach in
literature are often between 10 and 15 K.

Some of the numbers are optimized and some of
them are typical or reasonable values. Most of
them are for CO; capture processes for natural gas
based power plants with about 4 mol-% CO; in the
exhaust gas as in this work. The rounded values in
the values shown in Table 4 indicate that there is
need for further work to find optimum values for
these parameters.

5. Conclusion

A CO; capture process from a natural gas based
power plant has been simulated and cost estimated
using an equilibrium-based model in Aspen
HYSY S using the amine acid gas package. The aim
has been to calculate cost optimum process
parameters for the standard process and also for a

. 5;:388 ° o CO2Capture..  yapor recompression process.
2 21,800 After process simulation using Aspen HYSYS, the
- & 21,600 '. process equipment was dimensioned and cost
£ © 31'388 Y o estimated using Aspen In-plant. The Enhanced
§ 2 57000 \... pe Detailed Factor (EDF) meth_od was used to sel_ect
¥ 50800 ¢ factors to calculate the total investment. Operating
S 0 10 20 30 cost for_heat qnd eIe_ctricity was calculated from the
AT (°C) simulation with estimated cost on consumed heat

Figure 5. Optimization of minimum approach temperature
for the base case (Kermani et al., 2022)

4.4 Comparison with earlier studies

The numbers in Table 4 show different literature
sources with typical or optimized values for CO;
capture rate, inlet CO; concentration, ATmin,
absorber packing height and reboiler duty. The
table shows that the calculated and estimated

and electricity. The cost was calculated to 21.2
EURO per ton CO. removed and a vapor
recompression process was calculated to 21.6
EURO per ton.

The ATwmin in the amine/amine heat exchanger was
varied, and the optimum at 15°C was 20.9 EURO
per ton CO,. The vapor recompression alternative
also calculated with 1.2 bar flash pressure, was in
this work slightly more expensive than the
traditional case. In earlier works, the vapor
recompression process has been claimed to be
more economical than the standard process. The
difference in this work is mainly due to different
cost estimates of the compressor investment.
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This work shows that Aspen HYSY'S is well suited
for optimizing process parameters in a CO_ capture
process with and without vapor recompression.
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Abstract

In recent years the demand for cooling in buildings has grown steadily due to factors such as climate change and
increased use of technology in Sweden. The increase of cooling demand occurs mainly during peak demand periods,
where there is limited cooling capacity combined with limited distribution capacity in the district cooling network.
Sweden has experienced considerable growth in the solar energy market in recent years, though its utilization has been
mostly limited to power generation. To fulfill the cooling demand increase, solar driven cooling is a viable solution
alternative to traditional cooling methods. The use of solar cooling is still in its early stages in Sweden. The aim of
this work is to design a simulation model of a solar absorption cooling system for a full-service restaurant prototype
building. The system layout consists of photovoltaic/thermal collector, storage tank, single-effect absorption chiller,
auxiliary heater, and cooling tower. The results revealed the system ability to meet the cooling load while delivering
sufficient hot water for the establishment. Higher solar fraction confirmed that using photovoltaic/thermal collector is
more competitive than solar thermal collectors based on restaurant operational activities. A levelized cost of cooling
of 0.164 €/kWh indicated the system cost-effectiveness in comparison to similar setups in other favorable European
locations for solar energy utilization.

Keyword: Solar cooling, Absorption cooling, Photovoltaic/thermal collector, TRNSYS
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Nomenclature

Symbol Description Unit

A Area m?

c Heat capacity k] kg 1 K1

Cp Specific heat Jkg~1K™?
capacity

Cotec Electricity price €kwh?!

G Capital €
investment cost

Com Operating and €
maintenance cost

f Fraction of rated -
capacity

G Solar radiation Wm™?2

h Specific enthalpy k] kg™t

k Thermal Wm™tK™?
conductivity

L Distance m

m Mass flow rate kgs™?

N Lifespan year

P Power kw

Q Heat transfer rate kw

r Discount rate -

T Temperature °C

t Time s

U Heat loss Wm™2K
coefficient

T Transmittance -

W Work kW

n Efficiency -

Subscripts

aux Auxiliary

bot bottom

c Cooling

chw Chilled water

cw Cooling water

el Electrical

edg edge

hw Hot water

j jth node

out Outlet

tank Storage tank

th Thermal

top top

t Thermal
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Abbreviations

ANN Artificial neural
network

COP Coefficient of
performance

LCOC Levelized cost of € kWh™?!
cooling

NPC Net present cost €

PV/T Photovoltaic
thermal

SF Solar fraction

1. Introduction

The building sector within both the EU and Sweden
accounts for about 40% of total energy use (Liu,
Rohdin, & Moshfegh, 2015). Space cooling is the
fastest-growing use of energy in buildings, both in
hot and humid emerging economies where incomes
are rising, and in the advanced industrialized
economies where consumer expectations of thermal
comfort are still growing (IEA, 2018). In Sweden,
about 14% of the service sector buildings apply
space cooling and about half of these cooling
demands were met by district cooling deliveries
(Werner, 2017). There are still several potential
barriers to installing district cooling in Sweden, such
as high upfront costs, a lack of awareness about
district cooling systems, and existing infrastructure
and property technology limitations. Additionally,
legal barriers may also pose challenges for
implementing district cooling on a large scale (Palm
& Gustafsson, 2018). Cooling demand is expected
to continue in the foreseeable future, putting
pressure on the country's energy infrastructure.
Therefore, finding sustainable and efficient
alternative cooling solutions for buildings in Sweden
is of importance.

Solar cooling systems offer a sustainable and eco-
friendly alternative for air conditioning purposes, as
they do not rely on electricity generated from fossil
fuels but rather utilize solar energy (Palomba et al.,
2017).

A solar absorption cooling system is a type of air
conditioning system that uses solar energy to power
its cooling cycle. There are several research efforts
being conducted on the use of solar absorption
chiller systems for cooling applications. Lubis et al.
(2016) evaluated the performance of a single-
double-effect absorption chiller in tropical Asia
regions. During daytime hours, the energy saving
could be up to 48% compared with an equivalent
vapor compression chiller. Abdullah, Saman,
Whaley, and Belusko (2016) investigated the
potential of operating a solar-driven absorption
chiller for a typical Australian home. The modelling
and dynamic simulation of the integrated system
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were performed using TRNSYS software and
GenOpt ("GenOpt," 2009) was used for optimal
sizing of the components. Although the system
exhibited a 75% reduction in critical peak power
demand, the payback period of the investment was
not justified.

Integration of solar absorption systems with other
technologies such as energy storage and heat pumps
increase the flexibility of the system and making it
more practical for use in different applications.
Borhani, Kasaeian, Pourmoghadam, and Omid
(2023) analyzed the dynamic performance of a
photovoltaic/thermal (PV/T) system coupled with an
auxiliary heater and an absorption chiller, enabling
the generation of electricity, heating, and cooling
simultaneously. An artificial neural network (ANN)
forecasting model was also developed to predict the
system’s performance under various climate
conditions. Yue et al. (2023) proposed a solar tri-
generation supply system that combines a PV/T
collector, a heat pump, and an absorption chiller into
a single integrated unit. The findings indicated that
the system satisfied the load demand of a building in
China, achieving an energy efficiency of 32.98%
and an exergy efficiency of 17.62%. Moreover, the
payback period was estimated to be 7.77 years,
which was reasonable in comparison with other
conventional systems.

The use of solar absorption cooling in Sweden is
currently limited. With the anticipation of
increasingly warmer summers in Sweden, the
present study aims to assess the feasibility of a solar-
assisted chiller powered by PV/T for the purpose of
solar cooling. As an added benefit, this system also
provides hot water delivery. The motivation behind
this dual-purpose system for the restaurant
application is threefold. Firstly, it allows the
establishment to meet its high temperature hot water
needs for sanitization and dishwashing. While
district heating is a convenient source of hot water,
its supply temperatures cannot meet these specific
requirements. Secondly, by utilizing a PV/T system,
solar energy is harnessed efficiently for both
electricity and heat production, enabling the
restaurant to maximize solar energy utilization.
Lastly, the system configuration enables heat
recovery through a heat exchanger that captures
excess heat from the chiller outlet flow to preheat
water. Without this heat recovery, the excess heat
would otherwise be wasted in the cooling tower
discharge.

2. System overview

The schematic of the proposed energy system is
shown in Fig. 1. The system comprises a PV/T
collector, heat storage tank, auxiliary fluid heater,
absorption chiller (AC), and cooling tower, and heat
exchanger. The heat storage tank is also equipped
with an auxiliary heater in case the solar hot water
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generation is not sufficient. The AC is a lithium
bromide/water single effect-absorption chiller. The
PV/T panels produce heat and electricity
simultaneously. The thermal storage tank stores hot
water from the PVT for hot water usage (state 6)
based on the hot water demand profile. When there
is a cooling demand, the hot water is transferred to
the absorption chiller (state 12). The generated
electricity will first be dedicated to powering the
chiller and the pumps. The surplus power is then
either used for charging the storage tank via an
electric coil or in case the tank demand is fully met,
it is used in the auxiliary fluid heater to achieve the
desired hot water inlet temperature for the chiller
(state 12). The energy system in this setup operates
without the requirement for battery storage, aiming
to maximize cost-effectiveness. The panels and
storage unit are appropriately sized to meet a portion
of the restaurant’s energy demand independently
from the heating network and electricity grid.
However, the building remains connected to the
electricity grid to ensure a continuous supply of
energy in case of any shortage. The primary function
of the diverter is to control the distribution of hot
water flow, effectively directing it to either the
storage tank (state 10) or the chiller (state 11). When
pump 1 is running, the controller prioritizes
supplying water as heat source for the chiller based
on the cooling schedule demand. The surplus heat is
used for charging the storage tank. The tempering
valve splits the input cold water (state 1) between the
tee piece 1 and the heat exchanger (state 3). The heat
exchanger is used to preheat the cold water before it
enters the storage tank (state 4). The source side
fluid stream carries the water release from the
absorption chiller (state 16) acting as the heat source
for the heat exchanger. After cooling down through
the heat exchanger (state 17), pump 2 sends the flow
back to the tee piece 2 in which it is being mixed
with the chiller cooling water (state 15) before
delivering it to the cooling tower (state 19). This
approach is considered as heat recovery, where the
excess heat from the chiller source side is utilized
before it is ultimately rejected to the cooling tower.
The chilled water is pumped from the absorption
chiller unit into a distribution system (state 13). The
chilled water carries heat away from the medium and
delivers it back to the absorption chiller for the cycle
to repeat (state 14).
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Figure 1. Schematic diagram of the proposed cooling
system.

The simulations are performed using TRNSYS
software, known for its extensive capabilities in
transient modeling of renewable energy systems. All
components adopted in this system were provided
by the components library. The specification of each
component is declared in Tab. 1
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Table 1. The components and parameters of the system.

Parameter Value
PV/T panel
Collector area 150 m?
Collector efficiency
0.7
factor
Collector plate
0.9
absorptance
Collector plate
. 0.9
emittance
Bottom and edge 2
losses coefficient 20 kj/hm*K
Collector slope 40°
Temperature
coefficient of PV cell -0.0003 1/K
Cell efficiency at
. 0.2
reference condition
Packing factor 0.5
Thermal storage tank
Tank volume 3m?d
Tank height I m

Top, edge, and bottom

2
loss coefficient 2.5 kj/hm*K

Absorption chiller

Rated capacity 80 kW
Rated Coefficient of
0.53
performance

Auxiliary electrical
power

5kwW

In this work the chilled water is circulated within a
full-service restaurant to absorb heat from its desired
space. Given the lack of reliable and consistent
experimental data from a commercial building with
proposed energy system, the authors made the
decision to employ a prototype building model as an
alternative. The building model used in this study is
based on the full-service restaurant model developed
by the U.S. Department of Energy (Deru et al.,
2011). The building is divided into three thermal
zones: kitchen, dining space, and an unconditioned
attic. Modifications have been made to the model to
represent the building in Sweden (Boverket, 2019).
The geometrical and thermal properties of the
building are presented in Tab. 2 and Tab. 3,
respectively.
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Table 2: Geometrical parameters of building.

Parameter Value Unit
Area 511 m?
Floor Single ﬂgor )

plus attic
Floor to
ceiling height 3.048 m
South
window-wall 28 %
ratio
East wmdpw- 2022 o
wall ratio
North
window-wall 0 %
ratio
West WlanW— 2022 9,
wall ratio

Table 3. Thermal specifications of model.

Parameter Value Unit
Exterior wall 0.29 W/m?2K
Roof 0.12 W/m?K
Window 2.04 W/m?K

Interior 2
partition 6.3 W/m*K

Internal heat loads consist of plug and process loads
(157 W/m?) and lights (20.4 W/m?). The number
of people per floor area is 0.8. Fig. 2 shows the
occupancy hourly schedule for weekdays that is
used to control the operation of absorption chiller as
well.

Hourly schedule

0.8 4

0.6

Occupancy

0.4

0.2 1

1 3 5 7 9 11 13 15 17 19 21 23
Weekday

Figure 2. Building occupancy schedules on a weekday.

Fig. 3 gives information about the hourly hot water
demand profile of the restaurant based on summer
design schedule (Fuentes, Arce, & Salom, 2018;
Murakawa, Nishina, Takata, & Tanaka, 2005).

100

o 2 4 6 8 10 12 14 16 18 20 22 24
Time (hours)

Figure 3. Building hot water draw-off profile.
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The primary purpose of the absorption chiller is to
meet the cooling requirements of the building. It
does so by absorbing heat from the building's
cooling load, transferring it to the refrigerant, and
ultimately rejecting the heat to the environment
through the condenser. The restaurant is divided into
two thermal zones, one is the kitchen and the other
is the dining area. The cooling setpoint for the dining
area is 24°C, while it is 26°C for the kitchen. The
cooling load of the restaurant model is shown in Fig.
4. The maximum cooling load is 38.8 kW.

P
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oW
<

Cooling load (kW)
s 2
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=
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Time (hours)

Figure 4. Restaurant hourly cooling load.

3. Modeling

The thermodynamic modeling of the system is
divided into multiple subsystems, which include the
PV/T panels, heat storage tank, absorption chiller,
and the auxiliary components.

3.1. Thermodynamic analysis

The energy assessment aims to analyze the energy
conversion quantities, considering the transient
behavior of each component. The calculation
involves determining the mass and energy balance
equations for each component in the system as
below (Behzadi & Arabkoohsar, 2020):

D i = Y rigu (1)
Q-Ww = Z Moythour = Z Miphin 2

By applying mass balance and energy balance
principles to each component, one can assess its
performance.

3.1.1. PVT panels

Th power output from the PV/T panels is directed
toward different components based on their
electricity demands. The generated electricity is
primarily utilized to power the absorption chiller and
its associated components such as solution and
refrigerant pumps. The surplus power will be used
to charge the thermal storage tank via an electrical
coil and operating the pumps. If the storage tank is
fully charged, the excess power is then utilized by
the auxiliary fluid heater.

The electrical and thermal efficiency of the PV/T are
as follows:
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— Pel (3)
Nei TGAp
_ 4)
NMth GA,
in which:
Qu = mscp(T9 —Ts) Q)

where 1, is the electrical efficiency, G is total
incident solar radiation on the collector surface, P is
electric power output, T is the glass cover plate
transmittance, g is water mass flow rate to the
panel at state 8, Ty and Tg are the outlet and inlet
temperature at states 9 and 8, respectively.

The total efficiency of the PV/T panels is determined
by adding the electrical efficiency and thermal
efficiency as:

Npyr = Net + Nt (6)

3.1.2. Thermal storage tank
The component represents a cylindrical constant
volume liquid storage tank with a vertical
orientation. It can interact with up to two flow
streams and incur thermal losses through the top,
bottom, and edges. The tank is divided into
temperature nodes to model temperature
stratification and each node is governed by the tank
energy balance as a function of time (Khan, Badar,
Talha, Khan, & Butt, 2018). Through trial-and-error
testing of models with varying numbers of nodes, 6
nodes were found to provide the balance between
accuracy and computational efficiency. Using more
than 6 nodes provided minimal improvements in
outlet temperature accuracy while increasing
simulation runtimes. The differential equation for
the tank nodes can be written as:
thank,j _ Qin,tank,j - Qaut,tank,j (7)
dt Ctank,j

where T,y is temperature of the tank nodej,
Qin,tankj and Qout tank,j 18 the heat input and output
for node j and can be expanded as follows:

— . 8
Qin,tank,j - Qaux,t + Z minhin ( )
Qout,tank,j = Qloss,top,j + 9
Qloss,bot,j + Qlass,edg,j +

Qcond,j + mouthout + Qmix,j

where the heat loss from the top, edges, and the
bottom of the storage for tank node j are:

Qloss,top,j = Atap,jUtop(Ttank,j - (10)
Tenv,top)
Qloss,bot,j = Abot,jUbot(Ttank,j - (11)
Tenv,bot)
Qloss,edg,j = Aed,j Uedg (Ttank,j - (12)
Tenv,edg)
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Atop,j Tepresents the tank top surface area for thermal
losses (attributed to tank node 1), Apqrj denotes the
tank bottom surface area for thermal losses
(attributed to tank node N), Aqgj is the tank edge
surface area for thermal losses, Uy, is th