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Energy consumption dfeatpump (HP)systems plays a significant role in thebal
residential building energy sector. The conventiddBl system evaluation method
focused on the energy efficiency during a given time scale (e.g., howbgrssly, or
annually). Nevertheless, these evaluation methods or test metrigaadoie tofully
reflectthe thermodynamic characteristics of the system., the startip process)in
addition, previous researchers typically condud#tifield testsno longer thanone
yearperiod Only limited studies conducted the system perform&esteover multiple
years. Furthermore, the climate is changing faster than previously predicted beyond the
irreversible and catastrophic tipping poibtP systems are theain contributor to
global warmingdue to the increased demarulg also can be a part of the solutlmn
replacing fossil fuel burning heating systemsholistic evaluation of thelPs y st e md s

global warming impact during its life cycle needs to accoontife direct greenhouse

gas (GHG) emissions from the



refrigerant leakage indirect GHG emissiongrom the power consumptiomand
embodied equipment emissionkhis dissertation leverages machine learning, deep
learning, data digging, and Life Cycf@imate Performanc€LCCP) approaches to
developnext generatioHP system evaluation methodoleg with three thrusts: 1)

field test data analysj®) datadriven modelingand 3)enhancedife cycle climate
performanc€En-LCCP)analysis This studymade following observationsirkt, time
average performance metrics can save time in extensive data calculation, while quasi
steadystate performance metrics catucidatesome details of the studied system.
Second, deefearningbased algoritms have higher accuracy than conventional
modeling approaches and daa used t@nalyzethe system's dynamic performance.
However, the complicated structure of the networks, numerous parameters needing
optimization and longer training time are the mahallengsfor these methods. Third,

this dissertation improved current environmental impact evaluation method
considering ambient conditions variation, local grid source structure, and next
generation lowGWP refrigerantswhich led the LCCP resultscloserto reality and
providedalternative methods fatletermining LCCP input parameters wlithited-data
casesFuture work could be studyiribe uncertaintyvithin the deep learning networks
andfinding a general process farodeling settingsPeople maalsodevelop a multi
objective optimization model fddP system desigmwhile considering both the LCCP

and cost.
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Preface

This dissertation begins from a field test conducted in a campus office building. | took
over the experimental work of a Variable Refrigerant Flow (VRF) system from my
colleague, Lei Gaoon August 22, 2017. L.G. Electronics sponsored this project. |
never imagined that the VRF field evaluation works had been conducted for six years
and it would be the topic of my Ph.D. thesis at that time. As the test was conducted, the
Data Acquisitim System generated a lagmountof data with different dimensions. |
started to find appropriate methods to deal with the large data, the results of which were
developed as chapter 2 in this dissertation. At the end of the year 2017, the visiting
scholarDrrWenSu, recommended me a paper about
Organic Rankin Cycle. This work inspired me to apply a maeleamingbased
algorithm inHeat Pump (HP3ystem data analysis. | took a machine learning class in
Fall 2018 and started using deep learning to improveélthgystem models. This was

the starting point of chapter 3. In Fall 2019, | began to conduct Life Cycle Climate
Performance (LCCP) analysisrfdifferentHP systems like UnitarjHeat PumpsHeat

Pump Variable Refrigerant Flow (MRF) systems, etc., with my eadvisor Prof.
Hwang andimproved currentenhanced LCCP evaluation approach H# systems

with Dr. Andersen from the Institute for Govante & Sustainable Development. The

result became chapter 4 of this dissertation.

Everyone who had monitored the data from a building or conducted field test3Ror a

N e

system might have the same question: AHow

t



daa?0 I n this dissertat i ocmmachiheearningbasdd t o use
algorithms, data visualization mettgydnd LCCP to answer this question. Previous

HP system evaluations always focus on several energy efficiency metrics. In my
opinion,hi s simple Ascoringo apprdRsgtemswbdOul d not
good evaluation methodology should be araatlund process including cost, energy

efficiency, thermodynamic performance, environmental impacts, thermal comfort, etc.

In addition,as futureHP systems became more complicated and sampling time became

smaller (data revolution became higher), the time consumed by the calculation
functions and model training would also become longer. Thus, instead of only pursuing

veracity, theravould be a tradeoff between accuracy and computational cosner

saving is a significant factor for data analysis and model selection in the dissertation.

| hope you enjoy your reading.

Hanlong Wan

University of Maryland, College Park

May 17", 2021
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1.l ntroducti on

Air conditioning(AC) systems anteatpump (HP) systemsarewidely used toadjust

the temperature and humidity @n occupied space to improve the users' thermal
comfort or provide a unique environment. Not only in residential and commercial
buildings but also in the industry and transportatid@, and HP systems play a
significant role inproviding a healthy and comfortable indoor environment for our
daily life. For brevity,AC systens arereferredto asHP systers operating in cooling

mode in this dissertatiofhis dissertation mainly focuses on residertiBlsystems,

while some mobileHP systems are also covered. € ffirst section introduces the
background knowledge and motivation BiP systems measurement. Thehge
literature review results are summarized and discussed. Finally, three objectives of this

dissertation are described.

1.1. Background

1.1.1.  Energy Consumption and Carbon Emissioieat PumBystems

People spend 80% of their time in buildings (Brodrigk02). The global energy
consumption from both residential and commercial buildings has steadily increased,
reaching figures between 20% and 40% in developed cou(féeszLombard et al.,
2008) Among building services, the growth in Heating, Ventlat and Air
Conditionng (HVAC) system energy use is particularly significanttas responsible

for 50% of building consumption and 20% of total consumption in the @&ez
Lombard et al., 2008)I'he rapidly growing energy consumption raised corsceuer

energy supply difficulties, exhaustion of energy resources, and severe environmental

1



impacts, like ozone layer depletion, global warming, and climate ch@Pégez
Lombard et al.,, 2008)The climate is changing faster than predicted, with- self
reinforcing feedback loops in the climate system that pushes the planet past beyond
irreversible and catastrophic tipping point (The Climate Reality Project, 2B0D).
systems are one of the main contributors to global warming (Yang et al., 2021) and part
of the solution at the same time. The challenge is to drastically increase energy
efficiency even as electric supply shifts from fossil fuel to renewable energies like
wind, solar and hydroelectripower, and shift from using high global warming
potential (GWP)refrigerants to lower ones even as leak rates are minimized and

refrigerants are fully recovered at the end of (product) life (EOL).

1.1.2.  Vapor Compression Cycle

Although heatdriven HP systems such as absorption cycle (Herold and Radermacher,
1989)andadsorption cycle (Suzuki and Suzuki, 1990) were developé#ueih900s,

nearly allHP systems installed nowadays uke vapor compression cycle (VCC) for
cooling and heating, in which the refrigerant undergoes phase changes and heat
transfer. The VCC uses a circulating refrigerant as its working fluid, which absorbs
heat from the space to be cooled and subsequently rijattseat elsewher€igure

1-1 depicts a typical, singlstage VCC system. All such systems have four
components: a compressor, a condenser, an expansion valve (also called a throttle valve
or metering device), and an evaporator. Circulating refrigexatetrs the compressor

as a superheated vapor and is compressed to a higher pressure, resulting in a higher

temperature as well. The hot, compressed vapor is then cooled and condensed with



either cooling water or ambient air at lower temperaturkis is where the circulating
refrigerant rejects heat from the system, and the rejected heat is carried away by either
the water or the air (whichever may be the case). This dissertation discusses VCC

basedHP systems.

vcc

n— - hl
Four-way | Condensor
valve )}

Expansion
device

|

| r
)oul I

| I

| Evaporator |
L |-

Figure 1-1 Schematic ofTypical Vapor CompressionHeat Pump Cycle

1.1.3. Heat Pumpbystems Category

GeneralesidentiaHP systems can be classified as duct and ductless systems. Ductless
systems are widely used in commercial buildings and apartments (Kovler et al., 2002).
Duct systems can providentilation function (Okochi and Yao, 2016). Compared with
duct systems like Fan Coil systems, ductless systems have lower installation costs and
are more convenient for maintenance (Lin et al., 2015a). This dissertation uses three
typical HP systems inclue the Singlesplit Heat PumpSHP) systems, UnitaryHeat
Pump(UHP) systems, and Variable Refrigerant Flow (VRF) systems (Mplit Heat

Pumpsystems) as case studies.



Unitary Heat PumpSystems

Based on AwConditioning, Heating, an&efrigeration Institute (AHRI) definition,
UHP systems refer to one or more factomade assemblies and distribute the
conditioned air directly to the space (AHRI, 2017). When such equipment is provided
in more than one assembly, the separated assembhéisbe designed to be used
together. Roof Top Unit (RTU), WindowP, and Packaged Through the wilkbat
Pump (PTHP) Unit arecommonUHP systems in residential buildingBigure 12
shows a typical PHIP system. Due to the ailh-one design, HP systems are

economically efficient for manufacture, installation, and maintenance.

[}

Compressor

Figure 1-2 Schematic of Typical PTHP System

SplitHeat PumBystems

Split Heat Pump(SHP) systems aranother type of commonly seétP system. &P
systems havéndoor Uhits (IDU) and Outdoor Ung (ODU), as shown ifrigure 3.
The strength of SplitiP systems is flexibility. First, subnits could be easily added to

SHP systems to provide extra function, like Heat Recoverys{rRU) (Li and Wu,



2010). Second, 4P systens areable to provide better control thatd® systems (Kim

et al., 2016a).
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Figure 1-3 Schematic of Typical SplitHeat Pump System

Variable Refrigerant Flow Systems

The term variable refrigerant volume (VRV) system was first introduced in 1982 and
is also known as VRF system nowadays (Thornton and Wagner, 2012). Since the
1980s, VRF systems have been widely used in Japan: 50% of midsizévaffittegs

(up to 6,500 rf) and 33% of large commercial buildings (more than 6,56 m
(Goetzler, 2007). VRF systemereintroduced to the U.S. around 2002 and are widely
used in commercial and office buildings (Kwon et al., 20Hjure 14 shows a
schenatic of a simplified VRF system. It typically consists of a variable speed
compressor, one ODU, and multiple IDUs. The mass flow rate of each IDU is
controlled by the electronic expansion valve (EEV). This simple VRF system is also
called the Heat Pump \\R(HPVRF) system (Kwon et al., 2014). HPVRF systems can
only provide heating or cooling at one time. By adding wat®d HRU, the Heat

Recovery VRF (HRVRF) system can provide heating and cooling simultaneously (Joo
5



et al., 2011; Kang et al., 2009). VRlstens have many advantages (Kwon et al.,
2014). First, the system is flexible to operate as ed&d tan be controlled
independently. In particular, the system with a variable speed compressor can easily
match its cooling capacity to thermal loads atedént indoor and ambient conditions.

The VRF system is energy efficient as it does not lose too much energy through
ductwork like conventional ductedHlP systems. Moreover, the HRVRF system can
even provide heating and cooling to different IUs at the sam& which is especially
useful in energy saving in shoulder seasons (Joo et al.,, 2011; Kang et al., 2009).
Coefficient of Performance (COP), the most commonly used energy efficiency factor
defined by output capacity over input power, could be 146.5%ehignder HR mode

than under coolingnly mode (Joo et al., 2011).
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Figure 1-4 Schematic of TypicalHPVRF System

1.1.4. Heat PumBystems Evaluation
HP systems contribute a lot to the total energy consumption and carbon emissions of
buildings. Thus, how to evaluate the energy efficiency and environmental impact of

HP systems become a significant problem. A reasonable and efficient evaluation

6



standard cdd not only provide guidelines for customers but also contribute to energy
saving and reduction of environmental damdggure 15 shows the invention and

evolution process dfiP systems evaluation metrics.

Measure of Inclusion in Minimum Mandatory Vehicle HP Environmental
equipment equipment energy ; mileage )
energy use E> specificatio E> efficiency E> labeling E> rating E> evaluation

(1800s) ns (1900s) standard (1975) (1980s) metric (1990s)

Figure 1-5 Invention and Evolution of HP Systems Evaluation

The most widely used test metric now is the Coefficient of Performance (COP). COP

could be defined by the ef.):

W . 0£ & AEQDG 0 H RO Q0 ® (1)
000 e T T v
DEVLOE €1 6cNO Q¢

The drawback of COP is thdt could only be used to represent the stestdye
performance. COP is not sufficient to evaluate the transient performance ldPthe
systems. Thus, numerous test metrics were proposed, and different regions have

different standards.

Wu et al. (2019) summized the most commonly used energy efficiency metrics, as
shown inTable 11. Seasonal Energy Efficiency Rate (SEER), Heating Seasonal

Performance Factor (HSPF), Annual Performance Factor (APF), Cooling Seasonal



Performance Factor (CSPF), and Seasonal (S30®P) are different energy efficiency
metrics. Engaging readers could read the refer@hceet al, 2019)

Table 1-1 Energy Efficiency Metrics

Performance Energy
Standard Test method calculation method Energy efficiencystandard efficiency
Category standard i
standard metrics
u.S. AHRI 210/240:201" AHRI 210/240:2017 Energy Star, DOE SEEARI’DESPF’
China GBIT 7725:2004 GBIT 7725:2004 GB 21455:2013(VRECs) o ST

JUSC 9612:2013,

Japan JRA 4048:2006, V1SS 90722013, IRA 4046 CSPF, HSPF,
JISB 8615

EU EN 14511:2011  EN 14825:2012 EUNo 2062012, seeR, scop

australia ZINES 30280 L AiNzS 3823.2:001  AZINZS 382322013 AFETLACOP:

IS0 IS0 51512017 |90 20303203, IS0 136122:2014 CASPPF'T*T*ASPFI’:F’

1.1.5. Summary

HP systems are widely used in residential and commercial buildings. Evaluating the
performance oHP systems can help to cut energy consumption and carbon emissions.
This dissertation uses VClased ductlesslP systems as examples to explore the

evaluation methods for ayP system.

1.2. Motivations
Conventionalapproacheso evaluaing the performance ofiP systems ar¢hrough
experimens and moded. Nowadays, the traditional evaluation methods can not satisfy

the new requirements. On the one hand, besides laboratory tests, people also show
8



interest in field tests. Moreover, as novel algorithms developed, simulation models
wereinvolved as well. Botlapproaches can generate a large amount of data. Managing
and utilizing the data are becoming challenges. In addition, methodology to evaluate
environmental performance quantitatively, especially for-@WP refrigerants, is

significant since it can be usas the target function to optimize tHe systems design.

1.2.1. Field Test and Data Analysis Methods Need

Experimental evaluation includes laboratory tests and field tests. Field testing is a
practical and effective way to study the performander$ystemsWhile HP systems
showed high performance in the laboratory, the COP in field tests was reported to be
as low as 1.74 (Zhang et al., 2019). The core of the COP calculation was the
measurement of the cooling or heating capacities. According to the liegratainly

two methods exist: testing from the air side (Won et al., 2009) or testing from the
refrigerant side (Kwon et al., 2012). Nevertheless, both have challenges. From the air
side, the most crucial step is to measure the air flow rate. Howevegrthmifiormity

of air velocity could obstruct achieving an accurate air flow rate. On the other hand,
from the refrigerant side, measwg the refrigerant mass flow rate needs cutting the
refrigerant pipe. Besides, precision mass flow meters, like Cotigls mass flow
meters,are required. Thus, more field test of ductless systems is needed, and an

efficient field test method is als®edd.

Modeling tools are another way to study HVAC systegpgcifically complicated

ductless systems (Qiao et al., 2017). However, some difficulties exist for using these



tools to analyze ductless systems. First, previous modeling tools ckghiysical
parameters from manufacturers, while some parameters were hard teeatlsieng

the Electric Expansion Valve (EEV) as an example, manufacturers always only tested
the valves with air flow, not refrigerant flow, for lower testing s¢gtan et al., 2019).
Furthermore, previous modeling tools most require the system to beteadystate.
However, in the field test, the ductless system seldom achieves a-statedyAlso,
traditional modeling tools took a long time to get convergence and were difficult to

debug. The software is also unfriendly to inexperienced users.

In thepast, two separate groups of experienced engineers did the field test and modeling
work. The communications wesevere Gaps between the test and simulation always
existed.The process would be much simplified if people could develop a model directly
from the field test data and use the model to help analyze field fHsés main
challenges include the high uncertainty of the field test data, the large numia¢a of d
dimensions and the complexity of using the data. This study answers the following
guestims: what is the difference between the data in the lab and data from the field
test?; what kind of method should | use to build the mode?; and what is the difference

between the methods?

A large number of data is involved in th#P systems. These paramestanclude
temperature, pressure, compressor frequency, the EEV opening pulse, humidity, etc. If
| set the sampling time of the test to be 2 seconds, a VRF system for seven indoor units

could generate 20 GB size data per year. The speed is 2.5 KB/s iswiictiar to the

10



speed of a modem. The data of each component éfRtsystem could be stored in a
table.Data tables of all theub-components of a system can form a tablespaca.

building or housegall thesystemtablespacesan assembla database&uch a database
contains plenty of data. The challengedigging important information from the

database, storing the data, and utilizing data.

1.2.2. Models Selection Methods Need

Simulation of H\HP systems is a popular topic nowadays, and VCC calculation is at
the core of these software or programs (Aynur et al., 2009; Jiang et al., 2014; Okochi
and Yao, 2016). The software is based on VCC models, which include empirical
models and componebtised mdels (Shao et al., 2012). Some researchers built their
own model by the tools like Energy Plus (Crawley et al., 2000), TRANSYS (Wolf,
1994), Modelica (Fritzson and Engelson, 1998), EES (Klein and Alvarado, 2002), and
MATLAB (Higham and Higham, 2016). Othe developed software with a friendly
user interface like CYCLE_{IX by NIST (Domanski et al., 2018), Vapcyc by CEEE

(Richardson et al., 2004), and CoolPack by DTU (Jakobsen, 1999).

1.2.3.  Environmental Impact Evaluation Methods Need

HP systems' environmentaimpact is under people's concern due to recent severe
climate change and global warming issues. A holistic evaluation dfifhgystem's
environmental impact during its life cycle requires the translation of Green House Gas
(GHG) emissions from the direatfrigerant leakage, indirect fuel consumptions, and

the embodied equipment emissions (Andersen et al., 2018). Institute of International
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Refrigeration (IIR) developed the Life Cycle Climate Performance (LCCP) evaluation,
which adopted the rigorous appdh to identifying and quantifying the direct and

indirect environmental impact over a stated life cytie,(2017).

Andersen et al. (2018) summarized the calculation process of LCCP based on IIR's
guidelines. LCCP is usually calculated in kgG& consishg of direct and indirect

emissions, as shown in eq. 2:

060600 0O (2

Direct emissiongO ) are the emissions caused by:

(0] (0] O O (0] ©)
whereO s the total carbon dioxide equivalent emissions due to annual refrigerant
leakage from the system over its operating lifetime (kgeJ@ is the total
carbon dioxide equivalent emissions due to refrigerant release during seevieirtg,
over the operating lifetime of the system (kg£00 is the total carbon dioxide
equivalent emissions due to refrigerant release caused by accidents 4&g &d
O s the total carbon dioxide equivalent emissions due to refrigerant release at the

End Of Life (EOL) of the system (kg G&).

Indirect emissions( O ) include emissions from energy consumption,
manufacturing of materials, manufacturingrefrigerant, and disposal of the unit (or

recycling):

0O 0O O ; O i O O i 4)



whereO is the emission associated with the generation of electricity used to
power the refrigeration system over its operating lifetime (kgel@  is the

emissions associated with the energy to manufacture the refrigeration systemdkg CO

O j is the emission associated with the energy to dispose of the refrigeration
system components at the eofdife of the system (kg C&),0  isthe emission
associated with the energy to manufacture the refrigerant (kg)C&ndO  is

the emission associated with the energy to dispose of the refrigerant at-tfelieand

of the system (kg C£2).

Some literature also translated LCCP into three parts: direct GHG emissions, indirect

fossil fuel GHG emissions, and emissseembodied in equipment. The fossil fuel GHG

emissions are th® i f the ener gy us edheiembodiet | from
emissions include materials, manufacturing, transportation, installation, service, and
recycling at the EOL, and this pds the rest of the parts in the éq.Thus, this

categorization is the same as @@Andersen et al., 2018).

1.2.4. Summary

Labotorary tests and field tests were reported to have different results. The method used
for laboratory tests is not applicable fmid tests. First, a steaebtate is hard to achieve

in field tests. Second, field tests require kdimge monitoring and a large number of
measuring instruments, which are different from laboratory tests. Thus, field tests and

new field test methodologies are needed for futlP@valuations. Modeling is another
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tool to analyzeHP systems. Conventionallgpmponentased whitebox models were

used. However, as new machilearning and deefearning algorithms develop, black

box and grey box models gradualdgsedgrasp p
modeling and field test experiments involve a large@wamh of data. Therefore, novel

simulation models and data analysis software are needed forHiB\wsistems. Last

but not least, global warming has been becoming a big isstfeystem design and

application. Environmental impact evaluation, includirfg ¢ycle carbon emission, is

needed for futurélP system selection.

1.3. Literature Review
Due to the need for field tests, simulation models, data analysis approaches, and

environmental evaluation, the related literatures are reviewed in this section.

1.3.1. Field Tests and Experimental Works

SHP and WHP Systems

Due to the simple designHP and LHP systems typically show similar performances

in field tests and laboratory tests. Most experimental studiesHérdystems focus on
novel system design like using Vapor Injection cycle. Bourne et al. (2008) proposed a
packaged rooftop unit (RTU) that pides heating, ventilation, and air conditioning
solutions to buildings. Their work presents new RTU designs that include evaporative
cooling of both ventilation air and a condensing refrigerant as well as other features to
improve RTU efficiency significatty. Wohlert (2013) proposed a system comprising

plural RTUs having a centralized refrigeration unit along with a method for retrofitting
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existing independent HVAC units into the proposed system. Kennett €0416)

evaluated an extendetlict air delivey system in tall spaces by RTUs.

VRF Systems

Aynur (2010) and Lin et al. (2015) did a c
experiment works before 2014. Three kinds of experimental studigs been
conductedsince2014. First, researchers usedanured data to validate their models,

most of which were developed in EnergyPlus. | already discussed these papers above
(Hong et al., 2016a; Jiang et al., 2014; Raustad et al., 28&8pnd, some scholars

developed new control systems, like temperaturé humidity independent control

systems, and used experimental methods to evaluate the performance. | also reviewed
these works in the system configuration section. Third, some researchers used field

tests to conduct a parametric study of the VRF systeiacuss these studies in detail

in chronological order as follows:

Yun et al. (2016) conducted a series of experiments in the-oaldtiimeter consisting

of one outdoor unit chamber and two indoor unit chambers as part of their work to
develop a loadesponsive control of the evaporating temperature in a VRF system
under cooling operations. The results indicate that increasing the evaporating
temperature can reduce the energy consumption of the system by up to 35%. Yu et al.
(2016) compared the cooliqgerformances of the VRF system and the VAV system in
office buildings. The climate and operating hours data from their field measurements

indicate that the cooling energy consumed by VRF systems was up to 70% lower than
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that consumed by VAV systems. Xina. (2017) focused on the a#turn aspect. The
sound velocity method was used to measure the oil concentration in the VRF system.
The author mentioned that it was practical to use this method and the relative deviation
between this method and the samglmethod was 2.6%. The oil discharge ratio
increased linearly with the increase of compressor speed. The oil separator had a
limited separation efficiency. Guo et al. (2017) proposed a virtual vaispleled
compressor power sensor for the VRF systeme Blthor conducted a set of
experiments to collect data to test the sensor under different refrigerant charge levels.
Khatri and Joshi (2017) compared an inveittaded VRFHP performance with a
constant speed unitaiP by using field performance testintj.was found that the

VRF system had energy saving only on paaid conditions. Minimum savings were
observed when the outdoor temperature was equal to the rated outdoor temperature,
while maximum savings were observed when the outdoor temperatureasigsegeal

to the indoor set temperature. Ozahi et al. (2017) compared the thermodynamic and
economic performance ohair handling unit (AHU) and a VRF system in public
buildings. Park et a[2017)conducted a field test in an office building and coraepar

the results with a simulation result by EnergyPlus. Three system configurations were
used in this study: the VRF system without ventilation, the VRF system with energy
recovery ventilation (ERV)and the VRF system with DOAS. According to their
experimatal results, the yearly energy use per unit area of the VRF system without
ventilation was 213.6 kWh 1 The VRF system with ERV and the VRF with DOAS
were 16.8% and 26%, respectivehygher than the VRF system without ventilation.

Saab and Ali (2017)tsdied the performance of the VRF system under various
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conditions in hot and humid climates. Their results show that the COP of the cooling
cycle and the type of refrigerant used as working fluid were highly dependent on the
evaporator and condenser pressu They also mentioned that evaluating the effect of

each parameter on the COP of the system could contribute to energy saving. Zhang et
al. (2017) studied the operating performance of digital variable mukipleystems,

which was one type of VRF syste The results indicate that the variable refrigerant
volume characteristics and excellent gagtd performance were helpful for energy
saving. Under the defrosting condition, the IU, which contributes the maost
defrosting, was the one nearest to the, @ud its corresponding indoor thermal
environment was adversely affected. Tu et al. (2017) used experiments to study the
subcooling degreeds effect on the perfor ma
that the reasonable adjustment of the subcooling &tening could improve the COP,
increase the subcooling degree, and ensure the safe discharge superheat degree. They

also discussed how to control the subcooling by EEV.

Table 32 shows a summary of the experiment works conducted since 2014.
Observations from this survey are as follofust, since 2017, a significant number of
VRF system experiment papdrave beempublished second, nearly all of them were

conducted in the Asieegion third, most of them focused on the cooling mode only.
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Table 1-2 Experiment Studies Overview

Author Year Mode Location | Building type Research Target Time
. . Indoor air
Jiang etal. | 2014 Cooh_ng, Shanghai Office room | temperature, energy 2
Heating CN . months
consumption, COP
. Cooling | College ,
Lin et al. 2014 Heating | Park US Office room COP 1 year
Meng etal. | 2015 | Cooling Sh%nl_?hal n/a COP, PLR n/a
Kim et al. 2015 | Heating Busan Test chamber COP, he.atmg n/a
KR capacity
Energy
. Yongin consumption,
Yun et al. 2016 | Cooling Si KR Test chamber exhaust air n/a
temperature
. Beijing, , COP, energy
Yu et al. 2016 | Cooling CN Office room consumption 1 year
Xin et al. 2017 | Cooling QIanNdaO n/a Oil return n/a
Energy
Guo et al. 2017 Cooh_ng, Wuhan Test chamber consumpuqn, n/a
Heating CN exhaust air
temperature
Energy
. . New Brick wall consumption,
Khatrietal. | 2017 | Cooling Delhi, IN building outdoor air 1 month
temperature
. . Turkey, C Cost, energy
Ozahietal. | 2017 | Cooling R Publicbuilding consumption 1 year
Kani- Cooling, | Ontarig
Zanchez et| 2017 Heating CA Office room | Energy consumptior] 1 year
. Energy
Park et al. 2017 Cooh_ng, Seoul Office room | consumption, COP, 1 year
Heating KR s
ventilation
Saab and 2017 | Coolin Dﬁt;lé' Office room COP, energy 1 year
Ali 9 AE ' consumption y
Shanghai Office room, Indoor air
Zhao etal. | 2017 | Cooling CI\? residential temperature, 1 year
house stability
Zhang et al.| 2017 | Heating Nanjing Laboratory COP, PLR,defros_t, n/a
CN energy consumptior
Cooling, | Ningbo COP, subcooling,
Tu et al. 2017 Heating CN Laboratory superheat n/a
Coolin 14 cities Office,
Qianetal. | 2020 | [0 | S Residential, coP 1 year
eating | in China ; -
Public building
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A possible reason could hbat in Soutkast Asia (hot and humid conditions), the
cooling demand is more significant than the heating demand. Fourth, most of the papers
focused on the COP and energy consumption of the VRF system. Limited studies
tackled other topics, like defrostipgrformance and the stability of the system. Thus,
future research work could include more various environmental conditions around the
world. Also, more studies on the effects of design parameters on the system
performance are needed to be carried liatlly, for the field test works, all the studies

only conducted tests in one year. No one compares the performance of the same system in

different years. Except for Qian et &021) no study studied large data analysis for field tests.

1.3.2.  Modeling Methodgor HP Systems
Researchers built computer models as a bias for simulations to develop data utilized
for HP system design, analysis, or comparison. Models were developed to describe the

systems.

HP models can be categorized as stestdye or transient models. The steathte is
defined as for all parameters of a system or prod¢kespartial derivative to time is
zero(Lecompte et al., 2018ayhe unsteadgtate is also called the transient statéhe
dynamic state. Besides steagtate or transient modelsiP models could also be
categorized as bladkox models or grapox models.The HP modeling could be

categorized ashown inFigure 16.

19



Compressor

Empirical

HX

—{  Steady-state

Component-based Expansion device
HP Model
Pipeline

Linearized

L Transient

Component-based HX (Transient)

Accumulator/Reciever

Figure 1-6 HP Modeling Category

Developing a transient model is more complicated than the sgtatymodel due to

time derivative terms. The transient models were typically published in control design
journals. In this part, some transient models are reviewed, and the control |abies of
HP system are further discussed later. As for the transient models;spéate
representation, which is a mathematical model of the physical system, is commonly
used (Rovelli and Smolin, 1990). Two kinds of models exist, known as-btack
models andgray-box models. In the blaekox model, linearization is employed to
simplify the models. In the gredyox model, some researchers considered the system in

detail and built a complete compondiatsed model.
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Steadystate EmpiricaModel
The most commdy used empirical model is the one used in EnergyPlus 7.2
(Crawley et al., 2000). Polynomial equations are used to predict the parameters, like
capacity, as shown below (Hong et al., 2014).
loiko A loamnd A B A (7)
#AB& A A4 A4 A4
Ad Ad 4 j ©
Eq. (7) is used to calculate the actual output of each IU by the capacity in the rated
condition. The correction factor can be computed by(&q.which incorporates the
modifiers correlated with average room wet bulb temperature and outdoor dry bulb
temperature Thi s model i -survebaal sleedd niohdee | fi0s yosrt efinBy s C
shown by the equations, the system is described by several curves. EnergyPlus is an
opensour ce simulation engine for building pe
research (Lin eal., 2015b), most of the steadtate modeling studies (Hong et al.,
2014; Li and Wu, 2010; Liu and Hong, 2010; Raustad et al., 2013; Shen et al., 2013;
Shen and Rice, 2012) were based on EnergyPlus and started withcadeddnodule
due to the reasohat early version of EnergyPlus was unable to suppdtifesystem.
EnergyPlus is a popular tool HP system simulation, and some studjeeng et al.,
2016a; Kim et al., 2016b; Wang, 201d)e introduced in detail in the simulation
section. As the new vsion of EnergyPlus (version 9.0) was released, other models,

such as the physidsased model , also known as #AFIl ui dT

able to describe the system dynanfideng et al., 2016a)
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Recently, the Artificial Neural Network (ANN)asedmodel is a hot topic. ANNalso

called Shallow Neural Network (SNNyr just Neural Network(NN), is a kind of
blackbox datadriven model, which was typically used to predict energy
consumptions. Kang et al. (2018) proposed an ANN model using weattser dat
including outside temperature, relative humidity, solar radiation, cloudiness, wind
speed, and rainfall events as input data to predict the energy consumption. The mean
square error (MSE) of their work is 10.3%. Chung et(2017a)used ambient
temperatre, outside humidity, cooling load, saturated temperature, condensate
temperature, and condense pressure as input neurons to predict energy consumptions.
ANN, which is one kind of machine learning methods, is a powerful method with low
error and can be ad as a substitute for traditional empirical methods in most cases.
Since this method is also widely used in subcomponent modeling, control design, and

FDD, | use a separate chapter to discuss this topic.

Steadystate ComponertasedVodel
Some researchers used compotEged models for thelP system(Cheung and
Braun, 2014; Sun et al., 201These models consist of compressor models, condenser
models, evaporator models, EEV models, pipeline models, @raulator models.
Various algorithms were adopted to connect the component models.

a. CompressoModel
For the simulation of VCC systems, the compressor models fell into three categories:
1) mapbased models, 2) efficiendyased models, and 3) distributed parameter models
(Zhao et al., 2009; Qiao et al., 2010). The most commonly used model feiPthe

system was thefficiency-based modelCheung and Braun, 2014; Sun et al., 2017)
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Several research groups also studied the effickeased model (Jahnig et al., 2000;

Li, 2013a). J@hnigds model is |isted here:

One & 620 -
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where k is the specific heatrativp. 7,06 7,0 f,andd j are regression

parameters that are obtained from experimental data. Cheung and Braun (2014a) used
this model. They also madgolytropic compression assumption, as shown irfJet).
0 Hb6A0 Higo (12
where n is the polytropic exponent and can be calculated from experimental data by eq.
(13).
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Then the model can be solved by minimizing the objective functions iflépand

eq(15).
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The accumulator is a device that stores liquid refrigerant before the compressor while
maintaining the refrigerant close to the vapor state at its d@fetung and Braun,

2014) Some authors merged it with the compressor (Sun et al., 2017). Others
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consicered it separatelyCheung and Braun, 2014)he accumulator was generally
modeled as a liquigtapor separator, which discharged vapor only. This also implied
that pressure and enthalpy remained unchanged across the accumulator, and the inlet

quality of the accumulator should be greater or equal to/Gheung and Braun, 2014)

b. HeatExchangeModel
Heat exchanger models could be classified into four groups: 1) lumped parameter
models, 2) zone model or moving boundary model, 3) distributed parameter wrodels
finite volume models, and 4) tully-tube models (Qiao et al., 2010). Cheung and
Braun (2014b) used a lumped parameter model, which is the simplest one. The heat
exchanger was treated as a single control volume. Toala NTUeffectiveness
(NTU-U Jnethod (Bergman et al., 2011) was adopted without providing details of the
model. Sun et al. (2017) used a fa@action lumped model developed by Ge and
Cropper (2005). They alsousedthe NBU met hod t o carry out the

transfer. The hddalance is provided by e(.6).

1 1 #R4si 4m o0 R' 4a&i 4a 60 (16)
where the effectivene¢ld fiUdo can be calcul a
.49 : :
p Agaf Agp" T 0 45 P singlephase region 1

p A@b. 45 two-phase region

The inlet refrigerant parameters of each section are from the outlet parameters of the
section above directly except for the superheated region. For steddymodeling,

researchers generally use a lumped parameter model for heat exchanger modeling. The
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simplified model is enough to describe the stesidye. However, for the transient

state, the case is different, which is further discussed later.

c. EEV Model
The EEV model is typically described by the mass flow rate equation, as shown in eq.

(18) (Wile, 1935):

I # ! cmeq0g7 Oj o (19

wh er ein, By, and Ru are the flow area of the EEV, the inlet density of the
refrigerant, the inlet pressure, and outlet pressure, respectively.i€the EEV
correlation factor (Wan et al., 2018). Different authors used different forms of
correlations to estimate the=£v. Three kinds of EEV correlations existed: 1) power
law correlation(Chen et al., 2009a, 2017a; Park et al., 2007a; Tian eDaba2 Ye et

al., 2007a; Zhang et al., 2006a; Zhifang et al., 2Q@apolynomial correlatioriLi,
2013a) and 3) Neural Network (NN) correlatig@ao et al., 2016a; Tian et al., 2015a;

Wan et al., 2019)The most common correlation adopted in i@ modd was the

powerlaw correlation.

d. PipelineModel
The pressure drop across the pipeline was typically evaluated by a simple correlation
(Muller-Steinhagen and Heck, 1986), as shown in(&9). for singlephase flow and
eq.(20) for multi-phase flow:
Yo &0 T $ 19
Yo n m0 T $ (20)
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where f is the frictional coefficient, u is the flow velocity, D is the diameteraisd
the frictional twephase multiplier, L is the length of the pipe, afislthe density of the

fluid.

e. SystemConfiguration
Most studies relied on a fixed system configuration. Park et al. (2001) and Shah et al.
(2004) studied t w@006d)aadlinana Yeh (2607) coNducteddt a |
three 1 Usd® model s. Very |l imited schol ars
configuration. Shao et al. (2012) developed a dynamic model for an arbitrary
configuredrefrigerationcycle, which would be further discussed later. Sun et al. (2017)
carried out a steadyt at e mod el for arbitrary system
researchThey used a matrix to save the arbitrary system configuration and solved the

model by graph theory. Interested readers can read the references for detail.

f. IterationAlgorithm
Though different authors used a slightly different iteration algorithm in thedels
due to different component models, the basic process was similar. Most researchers
used the same order from the compressor model to the accumulator model. As
mentioned above, Sun et al. used a githglorybased generation method of
computation se@nces to trace the calculation order of components and pipeline. Thus,
their solver was different from the traditional one. A taioade refrigerant mass
induced iteration algorithm was developed to solve the internal coupled component

models.

26



TransientLinearizedModel

Perhaps due to confidential policy, most transient moelated papers just mentioned

the dynamics of their model generally. Only one research group gave the details of their
model. Lin and Yeh (2007) used the following approach, as shovey. (21) to

describe the dynamics of th#° system.

mﬁpp ﬁb(l’l
140 'O A O A7y} 21
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This model could describe each IU of tHe system. This model was expressed in
Laplace transform formi AT & represent the most dominating poles for each
indoor unit.”Y and"Y are superheat and evaporate temperature, respectbatly the
control gains] is used to show the mod& based on linearization, so inputs
(compressor frequenty and target IU EEV opening degreg and outputs are all in

the perturbed form. The parameteimfdd) are identified from the experiments.

Transient ComponefitasedModel
Shao et al. (20)2built mathematical component models of tH® system and
integrated them with the framework of the tpbase fluid network. They also
mentioned that the models used for the transient state of the compressor and EEV
model were the same as that of thedfestate model.

a. HeatExchangeModel
Shao et al. (2012) adapted the moving boundary method. The evaporator has two
refrigerant regions, i.e., twphase and superheated regions. The condenser has three

refrigerant regions, i.e., superheated vapor wva®, and subcooled liquid regions.
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The nonlinear statespace matrix representations of the evaporator were given by Shao
et al. The axial conduction in the unidirectional pipe can be neglected as compared to
the heat transfer through the condenser surfllesey used mass balance equations,
energy balance equations, and temperature relationships to set up the model. Interesting

readers can check more details from references.

b. Accumulator andReceiverModel
Since the accumulator volume is typically smallgeffect is generally considered to be
negligible by some researchers (Sun et al., 2017). However, the lumped parameter
model was widely used when the accumulator was modeled. The following model was
adopted by Shao et al. (2012). They applied the masemerdy balances in their
model. The equations of the accumulator are shown i(22)sand(23). The receiver

model can be expressed in a similar way, which is not be repeated here.

6 ANA%A? RAAl  WAA (22

I " Esn T 5 E & 4 ! 45 4j (23

Summary

The steadystateHP system model has been well studied. The compelresed steady

state model is mature. Future work of this part could be exploring new refrigerants, like
flammable refrigerants. Furthermore, complicated structitBdsystems, like the
system with HRU or dacooling heat exchanger, need further study. A lot of empirical
steadystate models exist. However, these methods require big data sets and are

unexplainable.
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Nearly all of the previous works of the dynamic models were compdrasetd. The
methods used tdescribe each subcomponent were also similar. Nevertheless, the
componenbased method has some flaws. First, the current dyndmimodel lacks

in accuracy. Second, such model utilization requires a high level of knowledge. When
some error existed, theadel would be hard to converge. Third, different researchers
used different platforms. Evaluating and comparing different models brought
challenges. Future work could be made to develop somdriesaily dynamic tools.

A model that can detect its faultscaprovides the users some suggestions might be a
good appraoch. Scholars rarely mentioned empirical dynamic models. Future research
may also be done in this area since the characteristics of the knowkskep: method

could fill in the gap of the traditial methods.

1.3.3.  Data Analysis and Current Applications

Researchers already proposed a frameworklRsystems control, as shownkigure

1-7. As | mentioned above, data analysis is a significant part of modeling, simulation,
control, and FDD. Namely, threeethods including statistidsased, machine learning
based, and physitased exist as shownkigure 8. Some readers might argue about
the differences between statisticnethods and machine learning methods. They are
two different critters. Machine &ning models aim at making the most accurate
predictions, while statistical models are designed for inference among variables. They

also have many other different characteristics. Engaging readers could read the famous
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paper for reference (Breiman, 200$}tatistic methods are usually considered more

interpretable than machine learning methods.
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In the first place, | prefer physitsased models since they could be explained well and
have decent accuracy. However, a phybiased model is usually hard to derive. A
more general way is a semmnpirical method, which is also known as the ¢gvexy
metlod, as | mentioned in the modeling chapter. Taked&ghe EEV mass flow rate
equation, as an example. The equation is based on fluid mechanics, but statistic
methods still can obtain the EEV correlation factosg through the experiment. It

is the mat commonly used method in the past few years.

As for machine learning, it has become a hot topic recently due to its amazing accuracy
for some proper cases. As showrigure 18, numerous algorithms exist. However,

only NN was widely used in nearly aydield, including modelindCao et al., 2016a;

Tian et al., 2015a; Wan et al., 20,18pntrol (Kang et al., 2018), and FDD (Nasrabadi,
2007). Other methods were only used in FDD. The reason might be the toolbox
function of some commercial software likealb lowers the threshold to the field.
Other algorithms do not have such an easy way until now. Since different researchers
use different standards of these algorithms in different fields, it is hard to conclude
which algorithm has the best performanceHP modeling. The different device
capacities and the test conditions also brought difficulty in comparing their works.
Thus, the future work of th&lP system modeling study could be using different
machine learning algorithms for the same system andajmaek a componesitased

model to evaluate the performance of these algorithms.
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All the previous studies only focuseon three months to ongear scale data as
mentioned inTable 22. The system performance was seldom compared year by year.
The reason codlbe that previous slow hardware and shorten data analysis techniques

limited the scale of the database.

As the industry has been evolving to the 4.0 Industrial Revolution environment,
including cybetphysical systems, artificial intelligence, cloud coripg, and the
internet of things (Yan et al., 2017), big data techniques have been utilized in the
construction industry (Bilal et al., 2016), to building management (Dey et al., 2018),
and now gradually taHP systems (Capozzoli et al., 2017; Lachhabl.et2818; Li et

al., 2020). The existing big data analytic method provides us a tool for dealing with a
much larger scale database. Thus, how to apply these tools would become a problem

for novelHP systems.

1.3.4. Life Cycle Climate Performance Analysis

The climate is changing faster further than predicted, withreglforcing feedback
loops in the climate system that risk pushing the planet past irreversible and
catastrophic tipping points (The Climate Reality Project, 20@8)systems are both

one ofthe main contributors to global warming (Yang et al., 2021) and can be part of
the solution. The challenge is to drastically increase energy efficiency even as electric
supply has been shifting from fossil fuels to renewable energies and simultaneously
shft from high global warming potential (GWP) refrigerants even as leak rates are

minimized and refrigerants are fully recovered at the end of (product) life (EOL).
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Life Cycle Climate Performance (LCCP) has been invented and evolves in the past
decades,sashown inFigure 19. Other environmental evaluation metrics existHér
systems before the LCCP. Global warming potential (GWP), a famous ecological
metric for refrigerants, only accownfor the direct emission from the refrigerant
(Makhnatch and Khodeandeh, 2014). Total Equivalent Warming Impact (TEWI) is
the summation of carbeequivalent direct refrigerant and indirect power generation
GHG emissions (Sand et al., 1997). At the same time, LCCP, which is more
comprehensive, adds carbequivalent aneembodied emissions. In turn, Life Cycle
Assessment (LCA) involves a thorough inventory of the energy and materials that are
required across the industry value chain of the product (Rakaloni et al., 2020).

LCA is widely used in other fields like buildy and aviation sectors other thid®
systems (Bachmann et al., 2017; Vilches et al., 2017). Recently, some researchers came
up with a new concept: Enhanee@CP (EL-LCCP) (Andersen et al., 2018), which

considers local climate, heat islands, and local pewpply characteristics.

First measure of First inclusion in First minimum

First mandatory

(TEWI), 1996

1995

equipment > equipment »| energy efficiency > )
I labeling
energy use specifications standard
First vehicle AC
mileage ratings
Total Equivalent Global Warming
EL-LCCP, 2018 LCCP, 1999 Warming Impact |- Potwntial (GWP), ..—J

Figure 1-9 Invention and Evolution of LCCP

The LCCP has been used to evaluate the LCCPs of different HVAC systems in the past

ten years, as shown irable 13.
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Table 1-3 Recent LCCP Evaluation Research

Author (year) System Refrigerant Country
Horie et al. (2013) 1.3 kW HP R-410A, R32, R1234yf Japan
Zhang et al. (2014 11 kW HP R-410A, R134a, RL234yf U.S.
Li (2015) 13, 14 kW AC R-410A, R22 U.S.
Troch et al(2016) 11 kW HP R-410A U.S.
R-410A, R32, R290, DR5,
Lee et al. (2016) 11 KW HP L41. D2Y60 U.S.
Choi et al. (2017) | 11 kW VIHP R-410A, R32, R290 Korea
Wu and Jiang - R-410A China
(2018)
Kim et al. (2018) | 12.4 kW VI HP R-410A U.S.

Horie et al. (2010) assessed the LCCP of the residential heat pump in Japan. Zhang et
al. (2011) developed an LCCP tool for a residential heat pump fotJfi&ucities. Li
(2015a) evaluated the LCCP of various Packaged Air Conditioners (PAC) involving
micro-channel heat exchangers for typica$. cities. Troch et al. (2016) and Lee et al.
(2016) conducted an LCCP evaluation for the same heat pump system W Sive
cities. Choi et al. (2017) developed an LCCP model and evaluated it for South Korean
weatler conditions. Wu and Jiang (2017) developed an LCCP calculation software to
analyze different climate zones in China. Kim et al. (2018) applied a Neural Network
algorithm to predict the LCCP value using three diffetéi&. weather conditions. In

most d the past LCCP works, the environmental impact of the system was not
evaluated in different countries but rather evaluated in one country. Also, half of the
literature only focused on -R10A. Almost none of them discussed the recently
announced refrigeras like R466A and R452B. Besides weather conditions, other
factors can affect the LCCP evaluation. First, the grid emission factors are different in
different countries. The range could be from 0.1 to 1.0 kgeC@er kWh

(Transparency, 2018). This difference can bring obvious gaps in indirect carbon
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emission calculation. Second, the Embodied Cauioride Coefficients (ECCs) of
the materials are different. They can bring discrepancies in calculating the carbon
emi ssion in the systembébs manufacturing pha:

these differences at the same time.

The LCCP has some successful applications. In 2009 SAE International approved
standardJ2768 00 9 02 AVMBR-EEQPO ( SAE ,2009)emhichavasi on a |
the basis for industry decision to shift from HEG4a to HFG1234yf rather than to

other refrigerant candidates available at that time (Andersen et al., 2013). Horie et al.
(2010) assessed a residential heat pump in Japan. Zhand2§14l) developed an
LCCP tool for a residential heat pump for four U.S. cities. Li (2015a) evaluated various
Packaged Air Conditioners (PAC) involving miechannel heat exchangers for typical
U.S. cities. Troch et al. (2016) and Lee et al. (2016) condiaté. CCP evaluation for

the same heat pump system for five U.S. cities. Choi et al. (2017) developed an LCCP
model and evaluated it for South Korean weather conditions. Wu and Jiang (2017)
developed LCCRalculation software to analyze different climaggions in China.

Kim et al. (2018) applied a Neural Network algorithm to predict the LCCP value using
three different U.S. weather conditions. A new application in replacing older

refrigeration andHP with refrigerators using LCCP was reported (Aprea .e24l16).

Studies related tblP system environmental impact have grown steadily over the last
20 years and v become a mainstream topic but not always using the comprehensive

LCCP metricFigure 210shows the number of papers reported on ScienceDirect using
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the keywords Al i fe ociy@ilreocdmdi tiihoenaitn gp wmpl
mentioned LCA, while only 8fapers mentioned the LCCP concepts. Makhnatch et

al. (2014) reviewed LCCP, TEWI, and GWP publications in 2014 but mainly focused

on different calculations of carbaquivalent refrigerant effect. Chau et al. (2015) and

Sharma et al. (2011) reviewed LCArfouildings, but although thieP systems were

mentioned in their work, they were not analyzed in detalil.
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Figure 1-10 Histogram of Annual Environmental Impact Publications for HP

systems (ScienceDirect, 2021)

This study presents the first survey of hadifferent researchers estimate the direct,
indirect, and embodied carb@guivalent emission factors listed in [IR LCCP
guidelines (IR, 2017). In addition, my study could be considered as a supplement to

the guideline. In the IIR LCCP guideline, the resoendation values were based on
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North American regions, and some assumptions used in the guideline were not realistic
enough. My review study analyzes how these assumptions were handled in the latest

literature. For the current research gap, | provide mggestiongor future works.

Figure 211 shows the relationship between eacheutission of LCCP. This study 1)
discusses the refrigerant effects on LCCP calculations, 2) compares four different
methods to predict the annual energy consumption of a gifRsystem, 3) adds the

grid effect that is usually ignored by previous studies, and 4) summarizes a commonly
used dataset for material embodied emissions. | then discuss current LCCP studies
focusing on different impact factors, challenges, and purposeasllyih point out

possible future work to enhance the framework and improve the LCCP studies.
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Nearly all the researchers conducted field tests only in one city. Moreover, all the field

tests were conducted in less than one year. Thus, the large data was seldom mentioned

in the literature. Only Qian et al. (2021) reported data from multiple ciiesever,

they focused
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collected from the same space. The systems in different climate regions were
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compared, but the systembs performance

reported.

AFl yDatao summari zed sever al chall enges
Byte) analysis (AThe 6 Chal |l eX2f)eFast,af Bi
talent gap exists in large data. Several tools were developed to analyzddta, but
handling these tools requires expertise. Second, getting data into a large data structure
is difficult. The large data is usually saved in a different format from the normal data
source. Loading the data into a large data platform also mgh &ost. Third, the data
sources are usually different, which means synchronizing across the sources is not easy.
The data copies migrated from a wide range of sources at different rates, and schedules
can rapidly evade the synchronization with the aagjing system. Fourth, extracting

information from the data set requires knowledge.

For the HVAC system, | summarize several challenges based on our previous works
and the literature. The data source would be a big challenge. | need to consider cross
plattorm data analysis and simulation. In addition, in the HVAC industry, our devices
usually had limited RadofrAccess Memory (RAM). This could bring an extremely
long time in data analysis or breakdown of the program. Besides, previous researchers
always focsal on energy efficiency. How to find out other crucial information from

the field test dataset is a problem.
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1.4. Problem Statement

As the background information, the energy consumptiorHBfsystems plays a
significant role in the world residential building energy sector. The conventitihal
system evaluation method focused on the energy efficiency of a given time scale (e.g.,
hourly, seasonally, or annually). From the literature review pag/ious evaluation
methods or test metrics were unable to reflect the thermodynamic characteristics of the
system. In addition, previous researchers condudietests within one year. Limited
studies revealed the system performance in different yemalyt- as the climate is
changing faster than predicted with sainforcing feedback loops in the climate
system that risk pushing the planet past irreversible and catastrophic tippinghbBints,
systems are both main contributors to global warmingcandbe part of the solution.

A holistic evaluation of thélPs y st emds gl obal war ming i mpac
needs to account for the direct refrigerant GHG emissions, indirect fossil fuel GHG
emissions and embodied equipment emissionBhis dissertdon proposes an
experimental,emulational, andenvironmental (EEE) evaluation method for modern

HP systemsNational Institute of Standards and Technology (NIST) came up with
HVAC Functional Inspection and Testing Gui{#&@o, 1992) as shown ifrigure 112.

This dissertation mainly focuses on the data analysis phad. author leverages
machine learning, deep learning, data digging, and LCCP approaches to aextlop
generatiorHP system evaluation methodoleg with three thrusts: 1lfield testdata
analysis 2) datadriven modelingand 3)Enhanced Life Cycle Climate Performance
(EnLCCP). First, the dissertation compares tawerage performance metrics with

guaststeadystate performance metrics in all time scales. Second, different machine

40



learning and deep learning algorithms are compared with pHyssesl and statistical
methods. Thirdthe currentenvironmental impact evaluation methiscenhancedy
considering ambient conditions variation, local grid source structure, and next

generatio low GWP refrigerants.

The objectives of this dissertation are listed below:
1 Develop a field test method and larggale database fiP systems;
91 Develop datadriven models foHP systems and seomponents;
1 Improve current HPenvironmental evaluation ethod using more realistic
criteria

Basic
information

Instrument
installation

Data
collection

Data Analysis

Figure 1-12HP System Evaluation Process
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2.Fi el dghaltestase Devaehdphainda Analy

Field tess are commonly used to test the energy efficiendy®gystems in buildings.

They are considereds one of the most convincing way o r ef | ect t he s\
performance irresidential buildingsCurrent research and standards only focus on

shortterm field tests andverage performance metrics. This chaptes adeP-VRF
systemcasestudy asanexample to discuss the field test approachdatdanalysis.

2.1. Basic Information

| conducted field tests afVRF systensinceAugust2017in an office building in MD,

U.S.As shown irFigure2-1, ssven same indoor units werstalled in five rooms. The

users controlled the indoor uniffhe system had two HRUs and one Water Heating

Unit (WHU). In the presentedests, the WHU was not usddterested readers can use

Lin et al. (2014) aareferencdor WHU relatedtests
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Figure 2-1 Room Layout (third floor)
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Figure 22 describes théourth-floor plan. The ODU of the system was installed on this
floor, as well as the water tank and hydro kit of the WHtr bothroomand ambient
environmentsl measured theemperature and humiditfFigure 23 shows the indoor

and outdoor photos of the tested building.

Outdoor

I Unit

Roof

From 3" Floor

: Y :
o g .A
Figure 2-3 Pictures ofIndoor and Outdoor Units
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The system diagram is given kgure 2-4. This figure shows theystem operation

status when seven indoor units are in cooling madean exampld. measured the

pressure, temperature, mass flow rate, and power consungftitne systemThe
sensorso6 positions dusedthaDA® eystarhandweme then t hi s
measuremengvery two secondsas shown inFigure 25. The thermocouples were

calibrated as shown in Figure2The specifications of the measuring instruments are

shown in Table 2-1. The tested system also chauilt-in sensors. The datkke

compessor frequency, fan speed, and EEV opentmsdd be reached from the

manufacturebds software.

r-- Outdoor Unit = = -Ir-- HR Units = = - Indoor Units = 1

Cooling IU
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..5_% 96 06 &6 6 &__

Inverter "
Comp (1] 1
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Pipes

Figure 2-4 System Diagram
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Table 2-1 Specifications ofMeasuring Instruments

Instrument Type Range Accuracy
Thermocouple T type -200~350 °C +05K
Pressure transducer (high pressu  Capacitive 0~6,770 kPa + 6.34 kPa
Pressure transducer (low pressur,  Capacitive 0~3,339 kPa *+4.21 kPa
Mass flow meter Coriolis 3~457.5¢9-3 +09g-s
Wattmeter (Outdoor unit) Electrostatic 0~40 kW +0.5% FS
Wattmeter (hdoor unit) Electrostatic 0~4 kW +0.5% FS
RH sensor Capacitive 0~100% 3%

(@) Thermocdupls

(b) Water Bath

Figure 2-6 Sensors Calibration
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2.2. Data Processing and Database Development

Figure 2-7 showsthe processof analyzingthe data. The crucial part is how to
syndironizethe data from the manufacture monitorsygstemand the data fronthe

field test sensors. Besides, the data from the weather station can also be used for the

data analysis. These data also need to bésynizedwith the data from other souice

| handled the data with different platforms. Basedgrexperience, MATLAB isnore

userf ri endly due to the fAstructureo and Amat
MATLAB handles large data set ®GB), the software automatically compresand

separatgthe data sheet. This can avoid the problem like exceeding the RAM ilamitat

If the user used EXCEL or Python to handle the datayskeemay want towrite the

compress and separation procéssnselves

structure

Manufacture Sampling time: 2s
Built-in sensors Excel sheet

Combining data sheet Dynamic data:
using interpolation Pram. vs. time (2s)

CEEE sensors: Sampling time: 2s
MFM, Watt Meter, . “1a)/ =10 ™™ | Excel sheet (daily)
Thermocouples,
Humidify sensors, ..
Excel sheet (data “Sn‘:;:é_sdt::: filter:
poins) window method
Weather data

from NOAA

Figure 2-7 Data processing flow chart

| summarized the methods used in my previous publication (Wan et al., 2020). A lot of

field test studies only focus on tiraeerage power, palbad ratio, and COP using
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statistical methods. The other methods were usually adopted by modeling or control
researchers. In fact, in field tests, many parameters can also be focused and are able to
affect the system performance, like peak pressure ¥akfeigerant charge levglthe

time neeedto reach setting IDU temperature, IDU humidity variation, etc.

Table 2-2 Datasheet Example

Time Pcr:gsns%?gsﬂ?lga] Pli\a/:s?l? rreat[ll?ga] 'r\gl?essé ﬂsl‘iv OD[lIJ<\/F\’/]ower
LGMV | LabView | LGMV | Labview | (F2PVIEW) | (LabView)

6

'028(;5:- ;)36:%.019 866 | 780 778 783 0.86 18.22
'028(;5:- %e:gf.mg 890 | 796 742 718 0.97 28.48
'Ozg '5336:‘;3%019 890 | 810 | 742 | 685 1.20 25.56
'028€T ;)36:;5.019 947 842 669 614 1.44 26.21
'Ozg: ?3‘3:‘;72.019 988 | 902 | 585 576 154 26.08
6

A database for fouyear field test daté20172021)was developedlhe databasi a
two-dimensionmatrix or a table The row is the timeThe difference between two
adjacent rows is 2 seconds, which is the sampling time tallie has 99 columns,
which are the tested parameters like tempegatupressures, mass flow rate, power

consumption, etc.

Figure2-8 shows an example of the datehich could be accessed from the database

directly except COPThe COPhereis the energy efficiency aach testetime point
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which could becalculated by e4. The cooling capacity and heating capacity can be
calculated by the enthalpy difference acrossnbeor units. The power consumption
is the measured value.

L. O£ & a6QB N QOB MO & MO QO W

" (020 W 24
ouvv D€ 0 @I (24)

-
o

an

COP [-]
- N W A OO N ©

oLl .t } . . . . J
00:00 02:24 04:48 07:12 09:36 12:00 14:24 16:48 19:12 21:36 00:00

Time [-]

Figure 2-8 January 14" 2018 Data Example

2.3. Online Monitoring and Time-averagePerformance Metrics

For HP system measurement, people usually tketerest in energy efficiencyn

chapter 2.2, the author gsvan equation to calculate the COP at each measured time

point,t. Howeverf or a | ar ge dat as date,the COPfar eachmpossi b
measured time point since if the sampling timehigrs(e.g., 1 second or 2 sews),

thenumber of the measured time points can exceed billions dasdyder to describe

the systemds p e pefiod rpredonscreseaictrers asedttdnersge
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performance metrics to evaluate the system perform&raig; Performance Factor

(DPF) is a commonly used metric defined as foow

. 000Qo
00 O—— (25)
0 0QO
0 is the total capacity at time t, while P is the total power at timdgt;the start time
in the day, while itis the end time. Other similanetrics like Annual Performance

Factor (APF), Seasonal Performance Factor (SPF), &te. summarized in the

literature view part (chapter 1.3.4hd can be calculated using the same approach.

In practice, the integkas not easy to calculate. Researchers used an approximation
form to estimate the DPfKwon et al., 2014)

000 b %
0 o

The DPF of the VRF system fiktest is shown ifrigure2-9.

(26)

7
L] L ]
6r s % 1
L ]
5t «®e’ y 1
. M ‘&.. . .
24 3 .. . e ® |
L ¢ y
(' 8 3
D 3 - L J . .
L]
. [ .
o} qe. &% : . Heating ‘%
ﬁ S ® Cooling e
T Simultaneously 1
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Date [-] 2019

Figure 2-9 2019 DPF Evaluation
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C

Qp Qp A (27)
Q QOAW, (29
The capacity could be calculated by enthalpy défere and mass flow rate as shown

in eq. Z. The enthalpy is a function qifressure, temperature, and quality. For each
time slot, the total capacity should be calculated by multiplying the differential time
(Y0) to the instantaneous capacity. The true performance is to calculate the enthalpy at
each time slot and then calcidathe overall enthalpy difference. This could be
explained by ep9.

0 0 " Qp X Yo (29)
However, in practice, people usually used the avepagperty (pressure, temperature) to
calculate the enthalpy. This could be explained byeq.

0 o Qp Qp W o (30)

So,the question is that do the two methods give the same réalt? he mat i cal | y,
obvious that the two equ adrthisostudy, ttb@uthdrt agr ee
used the field test data to check whetireengineering, this approach is acceptable
In this dissertation, theifference ofperformance among two metriissdescribed by a
metric, Mean Absolute Percentage Er(dAPE), which could be given by the

following equation:

—p— PTTP (3D
In addition, theauthors also set the error bound to be within + 15% to check whether a
metric could be used as a substitute for another metgare2-10 shows the results.

The xaxis is the accumulative performarfeetor, which is the metric given by eg7
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(0 ) andis the true performance. Theayis is the timeaveraged property performance,

which is the metric given by ed0 (0 ) andis the estimated performance.

12
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10 L - ._tOO/o /7 L J 4
-—-+15% & 5
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(a) 10-second Performance Factor (10sPF)
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(b) Minutely Performance Factor (MPF)
MAPE=1%; P=95%
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(c) Hourly Performance Factor (HPF)
MAPE=6%; P=69%
Figure 2-10 Comparison betweerthe Accumulative PerformanceFactor
and Average PerformanceFactor

As a result,Yois very important for theccuracy of the estimation performance. Whén
equals 10 secondt)e overall error would be very close to 0&hd the possibilitghe error
appears would also be very low, which meansatrerage performance could be used as the
substitute of the accumulative performance. The reason is that the slepthalpy is not
continuous at the phase change paiptck one point, which the estimation performaisctar
from the accumulative penfimancein the MPF figure and checkvhat was happedin this

minuteduration
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Figure 2-11 Temperature ChangeExample of theMisestimated Point

Figure 211 shows the inlet of the heat exchanger, the outlet temperature of the heat
exchanger, the condensing temperature, the evaporating temperature, and the suction
temperaturef the misestimatkpoint. The xaxis is the normalized time in one day
(normaliz 00:0024:00 to 01). This example is in heating mode. this oneminute
duration the outlet of the heat exchangbecomesthe two-phasestate Thus, the
enthalpy at the outlet of the heat exchangea piecewise function. Madmatics

knowledge tells uthat for a piecewise functicaf Qw.

The reason to use thiene average performance is that the enthalpy calculation takes

alargetime in the whole process to calculate the system efficiency.
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= Main function m Constructor for objectives
= Fit type for curves m Polynomial evluation

= EEV mass flow rate model = Determine element empty
= Determine element NaN = Others

Figure 2-12 Time Consuming for Each Function to Calculate System Efficiency

Figure 212 shows the time consumed by each-furction in theprogram to calculate

the system efficiency. In this program, refrigerant properties were calculated and stored

i n tabERPROPbGhenioR ynomi al i nterpolation was u
Thust he | ight blue part i n t(oreelettiongpitypee cal | ed
of fitting equationsyhows the time consumeddalculate the enthalpy. This part take

more than 50% of thietal time. Thus, using timaverage performance means ibiad

can call the Al ookupo f ustoatimesaningkesut.s, and t

Determining et i s -avenmage operformante calculation.hTe t i me
frequency that one side tife heat exchanger becomes the-plhase state negtb be

considered since this is the reason that the error occurs. Obviously;dffeatio is a

significant factor affecting the frequency that the heat exchanger outlet becomes the
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two-phase state. e ono f f ratio is affected by the
capacity. If the system's maximum capacity is larger than the building load, the
frequency that the heat exchanger outlet becomes thphase state would tegh. If

the system capacity is lowthan the building load, the system ipkeperating, which

means that the frequency would lo&. In conclusion, for the case that the system
maximum capacity is small but still larger than the building load, the time average

performance method is n@aommended to be used.

2.4. QuastksteadyState Performance

Another method, which can also screen out some data, @t SteadyState(QSS)
performance methodn HP system field tests, th@SSdata was seldom mentioned.
However,the QSSerformance usually reflected the performance of the system better
than timeaverage performance metricBhe first challenge oQSSdata analysis is

searching for serrsteadystateor QSSdata.

2.4.1.  Steadystate and Filter

A great number of methods have been adapted to detect the statdyf the systems.

Some of them were shown Trable 23.
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Table 2-3 Different Steady-state DetectionM ethods

Methodology AuthorandYear Demonstrated\pplication
F-test Cao et al., 1995 Experimentdly measured pH,
temperaturgand pressure
Standard deviation| Kim et al., 20082017 Heat pumpQOrganic Rankine cycle
Bejarano et al., 2016 (ORC), vapor compression
Lecompte et al., 2018 refrigeration systa
Linear regression | Holly et al., 1989 Acousticemission monitoringmass
Bethea and Rhinehart, 199 flow rate measurements
Wu et al., 2013
T-test Narasimhan et al., 1987 | Simulation
Bayesian inference Wu et al., 2016 Cavitation Noise Power (CNP)
signals
Slope and Second | Perez et al., 2018 Building Management System (BMS
Derivative
R-test Bianchi et al., 2017 ORC

These methodsanbe divided io several groups. Oris usingthe secalledmoving
data window. Tis method set only one moving data window and mongdhe
standard deviation odoeslinear regression and comparthe target value with a
thresholdvalue If the values below the thresholdalug the statuganbe considered

to bea steadystate.

Anothergroupis setting two recently adjacent moving data windoBome statistical

valuescanbe used to detethhesteadystate | n t hese met (Kimets, Ki mo s

al., 2008)is the most widely used method for vapor compression cycle.
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600 Measurements (approx. 10 min.) between the Two Averages

v

older time or measurements mast
recent

(measurement frequency is approximately 1 Hz)

Figure 2-13 Kim & M ethod Explanation (Kim et al., 2008

Figure2-13 (Kim et al., 2003 showsthat measurements are averagedd the space
between those averageaused to determine steadiate conditionsTable 24 shows
the comparison criteria for each measurement for ststadg conditions.

Table 2-4 Kim's Method Criteria (Kim et al., 2008)

Measurement QSSCriteria
Temperature Difference< 0.5 K
Pressure Change< 2%
Mass Flow Change< 2%
RotatingEquipment Speed Change< 2%

Forthesteadystate detection, the questionseed to be answerdgirst, which method
is the most proper one fofP systens? Second, Wich parameter is importéhAnd

third, which moving data window scale proper?

lapplied Kiméds method in the VRF system

July 18th, 2018Table 25 shows the ratio between the STD and average value for four
parameters in 30 seconds (four points were shaaxamples). It could be found that
the mass flow rate had the highest deviation. In other words, for VRF systems, we can

assume that the QSS filter only needs to constrain the mass flow rate. The benefit is
57
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time-saving. Considering that we need a labedtb e c k t h e -oftsyatud, them 6 s
compressor frequency was also used in the filter for QSS detection.

Table 2-5 Parameter Difference

No. | Pressure 1 | Pressure 2 | Temperature 1 | Temperature 2 MFR

1 0.70% 1.33% 0.67% 0.48% 0.44%
2 0.60% 1.57% 0.70% 0.57% 1.89%
3 0.41% 1.22% 1.34% 0.50% 1.89%
4 0.34% 0.90% 1.35% 0.36% 1.81%

Thus, in this dissertation, the author used the following equations as the filter to detect

QSSin an M-second time widow witin data points exist

“vyo oy —P—  5UovY bOY Vi
3 0 V] V] | (32)

(]

0 O "Q phch8 he
In the VRF system field teghe author useM=60, n=30, and Tr=fj-s*. The M value
is from the literaturgQiu, 2018) The time forHP system charging is around one
minute. The Tr value is set based on the uncertainty of the MFR meter used, which is
0.98g-s™. In fact, setting M and Tr also need to consider how many data points are

expected to get.

The steadystate status of a typicdhy is shown inFigure 214. The nass flow rate
shows the average measurements due to nwoisine signal. The pessure was the

original vssttadystatewdr1 & emead@Dd me an
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Figure 2-14 Steadystate Status Example

Studying the systei®IQSS performancean lead to several interesting resullisapter
2.4.2, 2.4.3, and 2.4.4 shdiwe power consumption in QSS, COP in QSS, aonhe

informationfoundfrom QSS performance, respectively.

2.4.2.  Power Consumptiom QSS

The QSSconditions inmy study weresetfor the standard deviation of the total mass

flow rate to be smaller thangs? in a tersecond time window while the compressor

frequency and all th&lectric ExpansionValve (EEV) opening degreesere kept

unchanged. finally secured 23,323 data pointslefined sonedigit numberiM. ©he
fiMovaluemeans the number of indoor units operating in cooling mode. As an example,
AM=30 means that t hiTable 26sowdthe digiributioniofthe oper a
fiMo value ofmy databaseThe second column, count number, means the number of

data pointsthai MO i ndoor units o mgmreatheggroupmwitac ool i ng
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count number smaller than 1Q0i gnor ed MM i & quhich Imead the

systemwasseldom operating with 6 or 7 indoor units in cooling mode

Table 2-6 Tabulated Data

M Value Count Percentage
1 1,167 5.0%
2 6,182 26.5%
3 7,425 31.8%
4 3,191 13.7%
5 371 1.6%

The field test result of the power consumption is showFignre2-15. Different rows
indicate a different number of cooling units. For example, the first row means that there
is only one cooling unit operating. As can be foundigure2-15, the slope bthe data
points increases with the number of cooling u(¥s. It is because the cooling load is
increased with the ambient temperature. In this situation, the system control logic
would apply a higher frequency of the compressor. Therefore, the pomsrmption

of the compressor was increased with the compressor frequency. Accorgiggre

2-15, it is hard to conclude the energy efficiency of different cases. Thuasducted

a machine learninased model using the two data sets. The goal wasticpthe

power consumption under the same ambient and operating conditions.
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Figure 2-15 Power Consumption versus Ambient Temperature
2.4.3. EnergyEfficiency Analysisin QSS
Figure2-16 shows the Coefficient of Performance (CO®inilarto whatFigure2-15
shows the trend of the COP is not apparent when M is small. When M equals 4 or 5,
as the ambient temperature increases, the COP of the system decreases. The reason

might be thatwhen only 1 or 2 indoor units operated, the cooling load was not high
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enough Thus, the compressor was working under low frequency, which céused

the efficiency of the compressor was lowe to a low inveer drive efficiency This

would make a complated result for the COP. However, when the compressor
frequency was high, the efficiency of the heat exchanger would be a significant factor.
When ambient temperature decreasee heat transfer efficiency of the outdoor unit
heat exchanger increasendthe COP of the system should also increlasaddition,

lower ambient temperature also resultaliower pressure ratio, which results in higher

compressor efficiency.
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Figure 2-16 COP versus Ambient Temperature
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2.4.4. DataDigging inQSS

QSS performance can show the relationship between different system parameters.
Figure 217 shows the croseelationship map fodP systens with different parameters
including cooling capacity, power consumption, ambient temperatuivepoling EEV
openingdegree, COP, and compressor frequeAtithe parameters were normalized.
From the figure, a linear relationship between cooling capacity, power consumption,

and compressor frequencgn be noticed easily.

| S |

Cooling
Capacity

Ambient

COP EEV Opening Temperature Power

Subcooling

Compressor
Frequency

.Coouling Power Ambient Subcooling COP Compressor
Capacity Temperature EEV Opening Frequency

Figure 2-17 Crossrelationship Map for HP System
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The relationship between the ambient temperature and COP is not obhdoas. a

figure for these parameters alond-igure2-18for two different controls A OF F O

and

ADSEGBGOFFO mode di dnodt DU capacity dral fixeccvalaerogi ng of

target refrigerant temper at thetaget value dfl e
system actuator, especially ODU and IDU fan RRd/optimize COP of the system.
Similar toFigure2-16, the trend betweethe two parameters is not strong since some
small M value points exisiThe author applied a different method to screen out the
information. Ifthe data is screedout by only considering the compressor frequency
larger than 30 HZ;igure2-19 shows the new trend\ nearly linear relationship can be

found.

2 24 26 28 30 32 34 36 38 40
Ambient Temperature (°C)

Figure 2-18 COPs for Two Controls for all Compressor Frequencies
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Figure 2-19 COPs for Two Controls (CompressorFrequency> 30 Hz)

In addition, fromFigure 219, the difference betweenthe two contra can also be

foundd The ADSECO control hagshe@OmMbRd t @eo ntprealf .or 1
author usea@similar method to study the relationship between power consumption and

outdoor fan speed.he two modes can be differentiated clearlyrigure 2-20. More

aboutlabelingpoints with control modearediscussed ithe next chapter.

Power consumption (kW)

® DSEC
® OFF

0O 100 200 300 400 500 600 700 800 900 1000
OU Fan Speed (RPM)

Figure 2-20 Comparing Power Consumption of Two Controls
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2.5.  Comparing Time-average Performance with QSS Performance

The next question what the difference betwedine QSS performance metric atite
time-average performance metric is. To further coraphe two metrics, the author
picked one typical dgylaruary 11", 2019 The QSS performance factor (QE®P)
is compared with MPF and HPFhe moving window size is 6Q and the threshold

value is 1g-st. The result is shown iRigure2-21.

4 — . , :
¢ QSS .
| = MPF T
‘“a|® HPF ‘ L
s 3 : ‘
©
L4y
L
32}
=
£ 1
o
S | ¥ey
s
(a R
0 . . . .
0 0.2 0.4 0.6 0.8 1

Normalized Time [-]

Figure 2-21 Performance Factor on January 11", 2019

Except for limiting data points, the two methods slaoslose resultFor the pointsn
which thetwo methodshavedifferent resultsthe sytem isin eitherstartup or shut

down process andses superheat or subcooling
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Table 2-7 Comparisons ofTwo Methods

QSSperformance

Time-average performance

Core parameters

Moving window size, Target
function, Target thresholds

9

Y0

A Make sense on the-h diagram
A Reflect the highest performance
of the system

Pros A Save time wheiYois large
A Reflect the relationship between | A Reflect the transient phase
ambient conditions and system performanceéo some extent
performance (like CORersus
ambient temperature)
A Cannot reflect the transient
performance betweenonandoff ADoesné6t make se
Cons status

A Does not get enough data if the
system startup and shut down

thermodynamically
A Provide limited information to
improve system design

frequently

Pressure [kPa]

4000 |

3000

2000

1000 |
t% 2 25 3 35 4 45 B
: - Enthalpy [U/kgl = x10°

Figure 2-22 P-h Diagram Example of the Systenat 7:00 amJanuary 11", 2019

Table 27 shows the comparison of the two methddse moving window sizdarget

function, and target threshold are the most important parani@t€)SS performance.

Yois the most significant parameter for tiaeerage performanc&@he benefitsof

usingthe QSS metric includreflectingthe heist performance of the system, reflecting
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the relationship among different tested parameters, and making sense Bimn the

diagram as shown inFigure 2-22. In contrast,the benefits for using timaverage

performance are saving time wh#pis large andreflecting thetransient phase

performance to some extent.

2.6. Dynamic Performance in Field Test

Dynamic performance is the direct way to show the system perforrmad@mparing

two different control

S .

However

sameé 6 s

condition under different control logicgigure 2-23 showsthe comparison of two

control starup proceses.
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Figure 2-23 Pressure Variations during Start-up Process forTwo Controls

The whole startup process lasts nearly 15 minutes. &h#ient conditions are shown

in Figure 224. The ambient condition would not keep unchanged in 15 minutsm

be found that fothe i DS E C 0 , thecachl@ent temperature hasl® °C sharp
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increase in the middle of the process. This causeditifepressurevalue of the

i DS E Co torkeepnereaseoy 200 seconds.

27.5 T T T T -
® OFF Ambient Temperature

27 r ® DSEC Ambient Temperature
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Figure 2-24 Ambient Conditions for Two Modes

23

Figure 225 shows the power and compressor frequency changes for the same time
peliods. Forthe A DSECO0 mode, the compressor freque.]
time=110 to time=320n contrasttheAR OFF0 mode keeps dmlmcreasi ng
order to compare the two modes in the same condition, a Neetabrk-basedNN-

based)model was used tpredictthe performance. Theme period in which the

performance showeddifferences caused by the different ambient conditiomsre

eliminated The performance was predicted by the-Nased model using the same

ambient condition.
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Figure 2-25 Power andCompressorFrequencyfor Two Modes

The results are shown Figure 226. The input setting and ambient conditions are

shown inFigure 227 andFigure 228, respectivelyi A0 i s t he baseline n
i s the AOF#*BO moslet he WIDISIE&EONie® a@neasdlee B 0 )
predicted mode faheADSE@® maidAaisingaloer out door NBaon speed
mode, which caused a better heat transfer performance of the outdoor heat exchanger.
Thehigh pressure fahefiNB 0 mo d e , andslower pressure is hightian those

of A A o0These differences bring better performancetiefiNBo mo d ¢het h an

A0 mdavdhi ch means ADSECO modaeasaicenclusient t er t ha
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Figure 2-26 Predicted Pressure for Two modes
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Figure 2-28 CompressorFrequency and EEVOpening Used for Prediction

2.7.  Summary
In this chaptera data analysis process for field sastdevelopedFigure2-29 shows
the processsuggested foHP systemtesteddataanalysis. The first step is the direct

metrics calculation, including part load ratissage ratio, cooling combination ratio,
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operating unit ratio, et@.he next step is to decide whether the details could be ignored
or not . | f t habsutthe systemyperfdrmansemdidils, tbediaverage
performance metrics are recommended to be used. If the tedgsome details of

the system, for exampleéhe P-h diagram, then the QSS performance method is
recommended to be used. The final decistomake is whether transient data needing
analysis or not. Ithe transient performance needs to be studied, some modeling tools

might be needed fgrrediction

Sampling time

System capacity Direct metrics
Weather condition calculation

Needs for data
Load
nore
Ignore gno
details? No—p=  transient No
state?
Yes’ Yes
Decide At Decide M, n, Dynamic Modeling
&Tr analysis

Time-average —;—‘ —;—‘ Qss
Performance 1 (" Performance

Calculate
average

Basic
information

Calculate

HPF, DPF, value in the
APF, etc. time window
~ —J
Y

Figure 2-29 Flow Chart Suggested forthe Data AnalysisProcess

In fact, choosing an appropriate method needs to consider a lot of factors. Goals (the
purpose of the field test) and testing constraints (test facility, computer performance,

etc.) also need te considered
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33 Modeling from the Field Test

Modeling 5 an important tool for data analysis. Thieallow-NeuralNetwork-based
model was used to predict tdgnamic systenperformancepresentedn chapter .
In this chapter, different modeling approaches shown irFigure 3-1, arecompared

when dealing wittHP system data.

Physical method [ Physics-based Model ]

Example: compressor efficiency-based model

Statistic method [ Power-law/Polynomial Regression ]

| Shallow Neural Network (SNN) |

NN with one or two hidden layers

Machine learning | Random Forest (RF) |
method

Multiple decision trees

[ Support Vector Machine (SVM) ]

Support Vector Regression (SVR)

Data-driven Model

[ Convolutional Neural Network (CNN) ]

Deep learning [ Recurrent Neural Network (RNN) ]
method

| Bayesian Neural Network (BNN) |
Used for uncertainty analysis

Figure 3-1 Modeling Approaches for HP SystemData Analysis

3.1. SystemModeling

3.1.1.  Classification:Control Labeling

| want to study whethdrcan distinguish two controlsy only using some previous test
data. The reason is thiatentifying differentcontrolsin the datasheefsom the field
testsmay not always bstraightforward First, | need to find the target value and the

reference value for the classificatidwlid pat of the work inFigure2-20using outdoor
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fan speed and power consumption to compare two controls. However, no evidence
showswhether power consumption and outdoor fan speed are indep@adameters

Thus, | use linear Principal Component Analysis (PCAY generate several new
dimensions. PCA can be used to decrease the dimensions of the inputs and also make
the dimensions in the new input matrix be independdrgach other. The detaibf

PCA are discussed in chapte3.2.1. One important eric used to seleca new

dimension in PCA is the Percentage of Variance Explained (PVE).

~

LwO

5 (33

A larger PVE means that the dimension is more important in the new input matrix.
Table3-1 shows the PVE for the top five dimensions in the new input after PCA. The
first three dimensions can explain 98.7% of the data. Thus, only the first three

dimensions need to be considered in the classification.

Table 3-1 PVE for Different New Dimensions

Dimension PVE [%]
1 68.95
2 18.69
3 11.18
4 0.92
5 0.24

The data can be drawn in the newBnension spacas shown irFigure3-2. Thetwo

groups of data fothetwo control modes are at different sides in the new space.
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Figure 3-2 Classification of Two Controls

3.1.2.  RegressionPower Consumptioand PressurBredictions

Power ConsumptioRrediction

In the field test, the ambient conditions were not controlled. It was challenging to make
the system working under the same condition. Thus, modeling work was needed to
simulate each working model of the system to compare their performance under the
same onditions. In the model, SVR was applidthe SVR was a regression algorithm
based on a classification algorithm called Support Vector Mac{®wM). The
objective ofthe SVM algorithm is to find a hyperplane in a space that distinctly
classifies the datpoints (Cortes and Vapnik, 1995). For the details of this algorithm,
interested readers could read the reference (Li et al., 2016). In a simjaartemsion

case, the algorithm was used to solve the following optimization problem:
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0 QemEa 6B, ¢ (39

subject to
W, Vay © - (35)
o O W - (36)
B T (37)

where symbolsiwo and fibd are weighting factor and bias, respectivéigo and fith
are two crucial parameters that would affect the performance of the algdtithm. a n d

Ayo are i npidsi denistibndront tipeunargin.

In this study] conducted a parametric study to optimize the two parameters to build a
robust and ecurate model.l used Python to conduct this studyhe anbient

temperature range was from 20 °C to 40 °C.

Typically, the compressor map, which is developed under the sstatedyoperation at

a given ambient condition, is used in VRF system models. Henvevthe field test,
the steadystate condition is difficult to find, and the ambient temperature is not
controlled so that the compressor map cannot be used. Thetgfosppséd machine
learningbased modeling work, which only requdreundreds of field test data points.
For this,| conduceddatabased modeling work to simulate the power consumption of
the system based on the SVR algorithm. This moolgldbe used as a substitun for

the compressor map. However, before the modeling warkead to decide which

input parameters should be uskdrew a secalled heatmap to see the effect of seven
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possible parameters that might affect the outdoor unit power consumption. The
paameters seleetl were outdoor power consumption, compressor frequency,
condensing temperature, suction temperature, outdoor fan speed, evaporating

temperature, and ambient temperature, respectively.

The heatmapFigure3-3, shows the covariance betweeach pair of these parameters.

The covariance means the relation between the two parameters. The absolute value of
the covariance equals one means the two parameters are the same, while if the
covariance equals zero, the two parameteve ha relationshipIn Figure3-3, | use

the light color to show a positive relationship, while the dark color to show a negative
relationship.l sort the parameters according to the absolute value of their covariance
with the outdoor unit power consumption. The frequency of the compiisssermost
significant factor which might affect power consumption. The ambient temperature

a minor factorcompared with the compressor frequendlyis possible sincea

significant part of the outdoor unit power consumption is from the compressor.

The performance of the modslevaluated by Mean Squared Error (MSE), which

defined by the following equatio

0°YO-B ® 5 & = 39)
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Figure 3-3 Covariance Heatmap

It was also known as the loss function in SVR modelitoglilt SVR models based on

the data sets. All the data were normalized before the modefing.r st used AC=1
U=0.0806. The r esul tFigwed-4. iThk awo daslinew e these h o wn |
figures representedi N1 0 %0 devi at i on .sult®lsh®wrd EBiguer mal i z e
3-4 (a) The measured value and the predicted value did not match very wellthefore
parametic study. Thencont i nued to optimize the par ame
| separated the data set into training and testing data set. The training data set has 60%

data points, and the testing data set has 40% data points, respectively. The MSE, C, and

U | i s tredimetsieness siace all the parameters are normalized.
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Figure 3-4 Model Validation

From Figure3-5, | could see that for the training data set, C should be as large as

possible, while for the testing data set, the MSE decreased first and then increased as

o

C increased. Thus, C should not be too large. Furthermore, as &gy t®s h o ws , U
should be as ma | | as possible. I n this case, U sh
| ar ge. I used fic=20 and U=00. The mean r el

percentage error of the prediction of this case, was 7%.
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Figure 3-5 Parametric Study

As mentioned abové,applied the three operating conditions for the model to predict
power consumptionTable 32 shows the modeling results. Tharameters in each
column mean suction temperature, condensing temperature, evaporating temperature,
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compressor frequency, outdodan speed, and outdoor power consumption,

respectively. However, the conclusion could not be made without the uncertainty

analysis.
Table 3-2 Modeling Results
comp. Fanout OU Power
SucT (C) ConT (C) EvaT (C) Frequency
(H2) (RPM) (kW)
9.8 45.3 4.5 30 200 2.02
10.2 42.4 6.3 40 200 2.39
12.4 45.4 8.7 50 200 3.18

| used thequantitativemethod introduced by Lecompte et al. (2018a) and Kogyigit and
Bulgurcu (2015) to conduetn uncertainty analysis. The uncertainty on the variable y
was calculated as a function of uncertaintigod each measured variable xi, as shown

in eq.(39).

~ ~

Y B — Y (39
The accuracy of the measurement equipment usgiven inTable 2-1. Since the
correlation obtained from the model is complicated, the value of the partial derivative
was derived by numerical differentiation. The uncertainty of the modeling power
consumption varied when the input values varied. Thasly gave the uncertainty of
one point when the suction temperature was 10.2 °C, condensing temperature was
42.4 °C, the compressor frequency was 40 Hz, and the outdoor fan speed was 200 RPM,
respectivelyl applied a 1% variation to each input parameggc/uding compressor
frequency and outdoor fan speed. The condensing temperature and evaporating
temperature were calculated by the high pressure and low pressure. Thus, the

instrument uncertainty was calculated based on the uncertainty of the pressare sen
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Table 3-3 Uncertainty Analysis

Instrqment 1% Deviation OU_ P_ower Uy ()
uncertainty {C) (°C) deviation )
SucT 0.5 0.1 0.01% 154e06
ConT 0.1 0.4 0.71% 1.82e05
EvaT 0.03 0.06 0.06% 6.99e07
Uncertainty of the model (B type) 0.5%
Powermeter uncertainty (A type) 0.5%
Total Uncertainty 0.7%

According to the calculation, the total uncertainty of power consumption should be
0.7%, as shown idable 3-3. | could further find that the condensing temperature,
which also meant the high pressure had the most critical impact on the outdoor power
consumption when frequency and outdoor fan speed were fixed. This result was

consistent withmy result shown in the h&aap.

PressurePrediction

In this part,l report one prediction work for the high pressure and low pressure only
using the control metrics. The inputs for the maelthe control parameters metrics

on the time domain, including ODU fan speed, EEV opgsimnd compressor
frequency. The initial status of the outputs was also required. A Neural Network (NN)
method or Convolutional Neural Netwo(€NN) method can all be used. If the NN
was used, the filter to reduce the input dimensions was needed togredesparately.

Figure3-6 shows the result.

81



2200

200 /\'\-—\—/
_ 4

g
s

Predicted Low Pressure
Tested Low Pressure
Predicted High Pressure
® Tested High Pressure

>
> S
ot
oo

Pressure [kPa]
=
8

3

1000

800 r

70 80 90 100 10 120 130 140 150 160 170

Time [s]
Figure 3-6 PressureValidation
The benefit of the work is thhtan predict the performance for different controls using
the same ambient conditions. This can be helpful for us to cordifme=ntcontrols.
A similar method can be used to predict other temperatureghisuction and

discharge temperature of the qumssors.

3.2.  SubcomponentModeling

3.2.1. EEV Model

Background

As for theHP system, the significance of controlling the EEV opening to regulate the
partload efficiency has been confirmed by some researchers (Choi and Kim, 2003; Wu

et al., 2005b; Tu et al., 2011; Xiangguo et al., 2013; Yun et al., 2017). In order to know
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the coefficient of performance (COP) of the cooling system, the accurate mass flow

rate of each indoor unit is needed. However, most commeirtitak y st ems donodt
measure it. Only for research purpgsee mass flow meter is typically installed for

the total mass flow rate. Thus, finding the relationship between the opening degree of

the EBV/ and the mass flow rate through the EEV is necessarylE{jrst developed

by Wile (1935), which is derived from Bernoulli Equatid@nhas been widely used to

describe the characteristics of the EEV for sifghase flow.

6@ 66 T A A (40)

wher e t he jpandgpetheinlet dedsity of the refrigerant, inlet pressure

and outlet pressure, respectively. The flow area (Ar) can be calculated by

5 — “'0 0 6&E — (41)
where the parametersc(dHc, H, and U) are the dgwemetric r
37D is called o6orifice diameterd in some |

used to describe the flow area.

Figure 3-7 The Geometrical Structure of EEV
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The coefficient (§ must be determined to predict the mass flow rate (Chen et al., 2017,
2018). Since the flow through the EEV is typicallsnulti-phase flow, €in eq.40can

be affected by many factors, such as the pressure, geometry of the EEV, and the
physical properas of the refrigerant. The most convenient and economical way is to
request the data from the EEV manufacturer. Nevertheless, EEV manufacturer often
only provides test data obtained by testing with air instead of refrigerant. Furthermore,
due to the twephase flow and complicated geometry, building a physical model to
calculate €is difficult (Zhifang et al., 2008b). As an alternative method, an empirical
correlation seems a reasonable way (Park et al., 20B0thyever, some other
correlations like polynoimal correlation exist (Li, 2013; Chen et al., 2017, 2018
powerlaw correlation method is the conventional and most popular method for the
EEV correlation (Chen et al., 2009, 2017, 2018; Hou et al., 2014; Kim et al., 2010;
Liang et al., 2009; Liu etla 2016; Park et al., 2007; Shanwei et al., 2005; Ye et al.,
2007; Zhang et al., 2006; Zhifang et al., 2008). This method is also recommended by
the American Society of Heating, Refrigerating, and-@dinditioning Engineers
(ASHRAE) (Kavanaugh and Simpkfd, 2006). The core of this method is to develop

a powerlaw correlation formula of the mass flow coefficie@ by several

di mensionless ~ groups as shown:
6 b * 42
wherea( i =0, 1, é, n) are constants.

While the same groups could have similar forms, they have the same physical

meaning unnecessarily. The performance of this method varies depending on the

84



authors and refrigerants. Correlations were usually assessed by relative deviation (RD)

as defined

YO —— 43

This method is based on the assumption that all the dimensionless correlations obey
theBuckingham °~ theorem (Soni n, 2001) , but
should be powelaw. Some researchers (Cherakt 2017b) statéthat the resulvas

from Choids work (2004). However, Choi 6s ps
proves that this work can be used for EEV correlation. In another paper (Chen et al.,

2018), the authors mentioned that the proposed correlations mentioned abave coul

only be available when the orifice diameter is smaller thamirdandpropose a new

correlation that was more normalized.

Neural NetworkVethod

Recently, the Artificial Neural Network (ANNJr NN, SNN method, developed by
Warren and Walter (1943), wgidely adopted to build a nonlinear correlation between
inputs and outputs, especially in air conditioning and refrigerant fields (Deng et al.,
2016; Yun et al., 2017; Liu et al., 2017; Jahani et al., 2018). The ANN structure consists
of an input layer, seeral hidden layers (always one or two in practice), and an output
layer. The input neurons can include as many parameters as possible. Nevertheless, to
reduce the time of training, only a limited number of inputs are used. The input values
(Xj) and outpuwalues ¥«) are always normalizedi(&nd y) by following equations

to ensure the equivalence between the variables (Tian et al., 2015b).

—— (44)

h 8
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W q P (45)
h 8
ft hereds only one hidden | ayer, the proces:
©» Q B lva Q B 0 o ® G (46

The normalized input parameterix multiplied by the weight factorinand added by

the biasbjtget a new value x6. The V ade(ex6X6 can
for each hidden neuron by the hidden layer transfer functie@-gwhich is called

transfer function or activation function. Similarly, the value of the hidden layer can also

be multiplied by another group of weight facsaw @, added up with another group of

b i as and téansferred by the output transfer functiefpyg@to get the kth output

parameter. Researchers always use the linear function as the output transfer. function

The next step of the ANN is the training process, which is repeated to obtain optimized
groups of the weight factorijwa n d jk, &nd bias jpa n dk fob @ach neuron with a
minimized deviation between the predicted data and the original datanfeasured
data). Back Propagation (BP) is a popular method for the training préogsse 38

illustrates the process of the BP algorithm.

The ANN has beaeused in various engineering fields due to its ability to solve physical
problensin engineering applications without explicit mathematical equations (Tian et
al., 2015b). In the field ofiP system design, the ANN also works. For example, the
ANN was usedo determine the energgfficient operation sgboints of theHP cooling

system (Chung et al., 2017b). As for EEV correlation, the ANN is a reasonable method
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due to the complexity of the fluid dynamic process and many factors involved. Two

research papembout using the ANN for EEV correlation have been published since

2015 (Cao et al ., 2016; ThelawenberdMarquardt, 2015)

BP algorithm @rainimd in MATLAB for the ANN training (Cao et al., 2016). There

was one hidden layefhey used four input parameters, which are the input pressure of
the EEV, the output pressure of the EEV, the inlet subcooling temperature of the EEV,
and the opening degree of the EEV. They chose the most populaighamid function

(eg. 47) and the K-order polynomial functionef]. 48), which had been found quite
accurate by some researchers (Deng et al., 2016; Su et al., 2017) as the hidden layer

transfer functions. They used O6épurelinbd
output layer transfefunction.
Q w tan®i ge&— p (47)
Q W (48)
Ti ands gr o thp Lewwhberg Matgsaedd BP algorithm (traifimas the
gradientbased training algorithm. They also chose the-gigmoid function and Log

sigmoid function for the transfer function of the hidden layer.

Q w | og®i g— (49)

They al so used o6pur el itransferfunctomt i on as t he

The dimensionless output is given: by
®w f ——— (50)

Tian also conducted the parametric study, in which one parameter was removed each

time, and the ANN model was trained with the ofererparameters. As a result, they
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f ound swabh the most significant factor in the ANN sensitivity and accuracy

becase of the surface tension, which represented the metastable flow.

The ANN performance could be evaluated by several statistical coefficients. Though

the two groups of authors used a different name, they used a similar standard for
assessment. Mean RelatiZrror (MRE) used by Tian, also called the average relative
deviation (AD) by Cao, was given the following equaton The <corr el ati on

groupresultediMRE of 4 %, and wasih®t of Caods group

bYoOso -B — (51)

Furthermore, Tian also used Root Mean Square Error (RMSE), which was giegn by
52for evaluation. According to their study, the ANN model showed the RMSE of 7.59
kg hit. In addition, Cao used another parameter, Standard Deviationi(S&) 53,

which was 2.7 % of their work to assess the performance.

YOYO -B @ ® 52)

YO —B — 80 53

In addition, the Rsquared (R statistic was also used by Tian. Their model hadfR

0.994.

In this study,| adopted MRE, RMSE, and’Ro evaluate the correlations. The MRE,

RMSE, and Rare all widely used to evaluate a model, but they are different. MRE is
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a measure of deviation, while RMSE antldRe statistical measwgef the varance.

MRE and R are relative measurements, while RMSE is an absolute measurement.

Research Gap

According to the existing literature, the NN method has a better performance than the
conventional way. However, only limited studies used the NN model fof EE
correlation. Thus, various limitations exist, and more work needs to be done in this
field. First, since the criteria and the procedure vaiiedhe literature, a clear
conclusion cannot be made for parameter selections. Specifically, though parameter
and transfer function stigswere mentioned, the question of which combination of the
transfer function and the inputs had the best performancedidseen answered yet.
Secondly, these studies all ust#we BP algorithm for data training, while other

algorithms were neither mentioned nor compared.

To fill these gaps, the objective of this study is to develop an EEV modeling framework
and optimizethe input parameter number and hidden neuron number. The work is
presented through a case studyadviRFsystem. The database was built based on the
experiment results of a field test in the heating season. Models were built to predict the
mass flow ratehrough the EEV inWRF systems operated with one indoor unit (1U).
The system was equipped with a variable frequency compressdingipal
ComponentAnalysis(PCA)based NN method was adapted to build the correlation
and reduce the dimensions of the irgpiBesides commonly used input parameters in
the literature such as inlet and outlet pressure and temperature, other system

parameters likehe frequency of the compressor and fheever consumption of the
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indoor and outdoor units were also added in thdetiog-built process. Optimization
work was conducted to optimize input parameters, transfer function, and the number of
hidden layer neurons of the NN method. A povaay correlation method was also

developed to compare with the P@ased NN method.

Methodologies

Field test results were used to build the model. The benefit of using the field test data
is to get enough data sets available representingifeeaperations. However, the
quality of the data regarding stability may be lower than that flremaboratory. The

field test was conducted on the third floor of a university office building in College
Park, MarylandlJ.S. Information about the building and the VRF system is provided

in Table 34. Figure 38 shows the building floor plan. The VRissemconsisted of
seven indoor units (IU), one outdoor unit (OU), and one water heating unit. The system
was controlled by each EEV in the IU and the inverter compressor in the OU. The
indoor units were installed in five different rooms. The outdoor wag installed on

the fourth floor. To simplify the test and control the variables, only lU2opasated
during the test period, while all other 1Us, including the water heating ueit off.

The data was saved from 6:20 PM, Decemb#r 2617,to 10:40 AM, December 27

2017. The indoor unit was set at 20 °C. The data were saved every 2s.
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Figure 3-8 BP Algorithm Flow Chart

Table 3-4 Building and SystemInformation

Field Information
Location College Park, MDU.S.
Number of Rooms 5

Space area of Room B §jn 22.1
Number of occupants of Room B 7

Nominal heating capacity (Btu/h) 81,000
Refrigerant R-410A

Seventeen groups of parameters were tested during the experiment, which was
summarized irmmable 35. The first group parametermgy target parameter, mass flow

rate. The second group parameter is the frequency of the compressor, which was not
discussed in most former research. All the parameters were tested directly except for
the third and the twelfthThe third group is the target EEV opening degree, which was

calculated by the current pulse number over the maximum pulse number of the EEV.
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The twelfth group is the subcooling temperature before the EEV. It was calculated by

the temperature before th&¥ subtracted the saturated temperature.

Table 3-5 Test Parameters

Test parameter Symbol (Unit)
Mass flow rate g (g-sh)
Frequency of compressor f (Hz)
Target EEV opening degree X (%)
Compressor suction pressure Ps (kPa)
EEV inlet pressure P (kPa)
EEV outlet pressure Po (kPa)
EEV inlet temperature Ti (°C)
EEV outlet temperature To (°C)
Ambient temperature Ta(°C)
Suction temperature Ts(°C)
Discharge temperature Tq(°C)
Subcooling temperature Tsun(°C)
IDU room temperature Tiou (°C)
Liquid Line temperature T (°C)
Outdoor unit power Pw, (kW)
Indoor unit power Pw (kW)
Outdoor Humidity Rho (%)
Room Humidity RHr (%)

Figure 21 showsthe systenflayoutand the position of all sensors. As described above,
all the IUs except 1U2 were set off during the test period. The water heating unit was
also off. The EEV near the Sutooling Heat Exchanger (SCHX), EEV A, and EEV B
were kept at the same opening degteeng the test to control the variablable 21

shows the specifications of the instruments used in the field test.
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The traditional method (powdasw correlation) and ANN method were adopted in this
research to develop the correlation betwparameters collected from the field test
data and the mass flow rate of the target EEV. Only the stdaty data were
considered in this research to guarantee the quality of the model. Methods to detect the
steadystate of air conditioning and refrigetazycle have been discussed (Lecompte

et al., 2018b). The methodology developed by Iinal. (2008was adopted in this

study. The standard deviation was monitored in a moving data window. If the standard
deviation was below a threshold, the status o thoving data window could be
considered steady. The threshold in this study was set as 5 %, and the moving data
window was 20 seconds | ong, according to
frequency was 0.5 Hz. Thus, the moving data window had 10 pAtaerding to this

standard, the sample numbemof studywas 18 51 f or t h-etatddat2 6 s st e a

PCA method, which was proposed by Pearson (1901), is a statistical procedure that
uses an orthogonal transformation to convert a set of observationsssiblg
correlated variables into a set of values of linearly uncorrelated variables into a set of
values of linearly uncorrelated variables. PCA is usually used to select input parameters
and reduce dimensions. The PCA method was adapted to reduce ¢insidims of the

input parameter matrix. In this way, the complexity of the NN training can be reduced.
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To make all the input parameters comparable, the data was normalized by the following

steps. If the input parameter matrix was B (nx14), the normalizgdxnip could be
given by:

opn ¢ ——" p (54)

Her e, adDO0OO17. Some | iterature changed
parameters (Tian et al., 2015). For example, they 0g&d instead o to substitute
in the above equation. Nevertheless, this step was not necessary becaus¢hiém
into eq.54, the same result was given due to the critical pressure of a certain refrigerant

was constant.

In addition, in order to decrease the complexity of PCA, the centralization method was
needed. This step aimed at changing the mean value af@aaim of matrix b to zero.
The process could be expressed by:

~
g

o Qp @ f (55)

The next step was calculating the covariance matrix C (shown y7)eqt ¢ (shown

by eq.56). | need to write matrix ¢ as 17 groups of column vectors. Each column means

the {" parameters of all the samples.

~ ~ ~

O  ohsHEn (56)
OéE D Gé b E owé oo
5 wE (i)m) wE (Bm) Ig E (57)
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Thenl calculate the eigenvalue (E) and the eigenvector (V) of C and rearrange them
into a descending order to get a new matr.i.:
higherorderthe group woulde in the new eigenvector.

6 w 0 w (59

In my study,| tried different numbers of input parameters based on the PCA to figure

out the minimum number of input parameters for the ANN model building.

As for the NN modeling| used the BP neural network prediction model in Matlab
R2018a. The field test result of U2 from Dec. 25 to De¢2P18 was used to build

the NN model. 60 % of the data was used for training, 20 % of the data was used for
testing, and 20 % of the data was used for validation. In the discussion and result part,
| would further discuss selecting the transfer function paidsdecding the hidden

layer node numbers.

Discussions and Results

As shown inFigure 39, | used two methods for modeling: NN correlation and pewer
law correlation. As for NN modelind,used PCA introduced above first to decrease
the dimension of the put data matrixl optimized the number of the input parameter
groups and the number of the hidden layer nodes. In this $touly, consider the ore
layer model sincé tried two hidden layer modebnd found out a similar result but
consumingamuch lorger training time. Using much more hidden layers is in the range

of deep learning, like residual neural networks, with more than one hundred layers,
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which is another topic and could Iy future work. In addition] also compared

different transfer functio pairs.

Field test
Raw data
Y
Data preprocess Power law
(PCA) correlation

! Y

Training, optimize )
M&N Conventional
model

Training, find best
transfer function
pair

Y

Figure 3-9 EEV Modeling Work Flowchart

The field test result of IU 2 was used to build the model. Figgitimized the number

of the input parameter groups (N) and the number of the hidden layer nodes (M). The

data was trained epeat edly with different N and M.
sorted by importance. Thus, it could be guaranteed that the first N vectors are chosen

from V6 would have the best resul t . Il n t hi
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Nevertheless, no standaexlists for choosing M, the proper number of hidden neurons.
Some literature mentioned M should be smaller than N (Tian et al., 2015). However,
some other studies also considered the situation that M was larger than N (Cao et al.,
2016b; Liu et al., 2017). The ncertain rule was that M should be smaller than the
number of samples used for training. Therefore, in this reseanatyld discuss the

range of M from 1 to 25 to investigate what the result could be if M was larger than N.

25
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Figure 3-10 MRE with Different M and N

The transfer function pair used for the pa
hidden | ayérfandtépuoetpnt | ayer. This was
reason would be given in the next sectiéigure 310 showsthe MRE of the resudt

with different pairs of M and N. For each M and N pair, the data were trained six

times, and the best one was kept asshownin the figure. Since the training group,
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the testing group, and the validation group data show the sameltosigl show the

figures for all the samples.

In Figure 310, the yaxis of the graplis MRE, and the »axisis M. Different linesin

the graphs mean different N. When N was small, the ANN was large, whicls thean
modelaccuracywas poor. When the N increased, the MRE decreased, which means
the model improved. However, when N reached a threshold, in this case, around 15,
the MRE decreased so small thatould ignore it. Thereford, can conclude that a
minimum number of N existetb guarantee the performance of the motelways

prefer a small N and M because large N and M would increase the complexity and the

risk of overfitting (Liu et al., 2017).

According to the analysis abové,used the model with N=15 and M=13. The

pefformance parameter is givenTiable 36.

Table 3-6 Performance Parameters when N=15, M=13

MRE RMSE R?
Total 2.16% 0.3954 0.9985
Training group 2.13% 0.3946 0.9985
Testing group 2.18% 0.3974 0.9985
Validation group 2.21% 0.3957 0.9985

Based on the conclusion from the previous discussiosed N=15 and studied the

di fferent transfer function pairs. Accor di
Opumelare the most commonly used transfer f
| usal these three transfer functions for the hidden layer and output layer, respectively.

Thus,lhad9 di fferent trans-fansi g otg&otapipsaigor s :
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purelinbtandgi o@,0igEli gPp ugélldgséi,mgné&p g€l idGrppur el
|l ogsi g6 ®ppmud edbpwrbel IEmch pair was talsai ned wi

trained each case 6 times and kept the one with the best performance.

Similar to whatl discussed in the previous sectionfigure 311, the yaxis of the

graph was MRE, and theaxis was M. Different lines in the graphs mean different

transfer function pairs. The lines could be separated into three different groups, as
shown in the graphsegsiThé,omali aqgs iddodostd agnds ied |
were the first group. The MRE was higher than 70 % whenever the M changed. That
meant the o6l ogsigd transfer function was n
layer transfer functi o#t.anbugbh &nmotgosroay, @ r tephaei 1 és
were in the second group. The MRE was hi gl
transfer function was not proper to be chosen as the hidden layer transfer function. In

addition, for the rest pairs, they were the third group with similar performance. The

Ot a-hahngi goépurcéetlamdiagh il p@ys-pgdeloil M@spgirs we
proper for EEV NN trainingl. could also find out that for those pairs in the third group,

M increased inversely with MRE. When the M was large enough (around 13), the MRE

only decreased a little. This conclusion was in accordance withlwlstussed in the

previous section.
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Figure 3-11 MRE with Different M and Transfer Function Pair

According to the analysisgya s s umpt i on -ptuor eu sien 60 ttarnasnisgf er f
was reasonable. Whemlid ANN training,l could choose one from the third group.

Figure 312 shows the JointPlot when N=15 and M=13, which provide information

about he regression and distribution of the data between the predicted value and
experiment value. The-axis is the experiment value, and thexs is the predicted

value. Except for limited data points (1 % among all datg) model has a decent
performancein that the predicted value exactly matches the experiment value. In

addition,| can find out data mostlfpcusedat 0 g&* and 15 @*. The reason is that

the database is from a field test. In the field test, the two most commonly observed
conditions for the system are when the compressor is off and when the system is

working underdesigned conditiag Due to the concentration of the data, one drawback
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of my model is the limited confidence of the points between the two points. This
problem @n be solved by adding some data points of the same system working in a lab

experiment under these conditions, which is considered as future work.

1000
500

o ()] o (&)

Predicted Value-training [g/s]
(6}

0 5 10 15 20 25 0 1000
Experiment Value-training [g/s]

Figure 3-12 Cross-Validation JointPlot

Uncertainty Analysis
| used thesame methodor uncertainty analysis as chapter 3.ITBe uncertainty on

the variable y was calculated as a function of uncertaintig®tJeach measured

variable xi:

Y B — 7Y (59
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Table 3-7 Uncertainty Analysis

Parameter Unit Point 1 Point 2
Mass flow rate absolute g-st 0.15 0.17
uncertainty (ANN model)

Experiment Mass flow rate g-st 21.37 13.80
ANN predicted Mass flow rate g-st 22.48 13.38
Frequency of compressor Hz 20 31
Target EEV opening degree % 11 6.5
EEV inlet pressure kPa 3014 2360
EEV outlet pressure kPa 1182 841
EEV inlet temperature °C 49.7 39.2
EEV outlet temperature °C 41.1 30.5
Ambient temperature °C -0.5 4.1
Suction temperature °C 0.5 4.8
Discharge temperature °C 71.0 77.0
IDU room temperature °C 17.8 224
Outdoor unit power kw 2.50 2.65
Indoor unit power kw 0.06 0.06
Outdoorrelative umidity % 36 27
Roomrelative umidity % 12 10

The accuracy of the measurement equipment used is givéabie 21. Since the
correlation obtained from ANNMegression was complicated, the value of the partial
derivative was derived by numerical differentiation. The uncertainty of compressor
frequency and the opening degree of target EEAfeweonsidered as zeros. The
uncertainty of the mass flow rate variedemtthe input point varied. | gave the absolute

uncertainty of the mass flow rate at two point3 able 37.
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Comparisons

| studied and compared the conventional method, which is a gawerorrelation,

with the NN method. The same datd ased for the NN training was used to build the

powerlaw correlation model. Two different powkw correlation methods were

adopted. Fothe first one) used the same input parameter groupgsuaed for the NN

training. In the secondoneadopt ed the most commonly wused
(Park et al., 2007b). Sindenly considered one IU, which means the EEV would not
bechanged,th °~ group for geometry in their mode
these methods$,used the same performance parametéuasd for ANN performance

evaluation! calculated MRE, RMSE, and?Ror each caselable 38 summarizes the

results. Accordingt® ar k6 s experi ment dd2t%aand1l1.h% RD wa s
and their MRE was 0.76 9y result in Table 38 showsthe MRE of powetaw
correlation,whichis 5.72%, whichswor se t han Parkés result.
their experiment was conductaedthe laboratory, buny data was from the field test.

In addition,l could findthamyNN wor k has a |l ittle bit bette
work (Tian et al., 2015bgincel optimized the input parameters and hidden neurons.

As | mentioned in the beginning, the compressor frequency was considered as an
important parameter in the modeling worlcan validate this by deleting the column

of the compressor frequency in the ravedsheet and repeating the process introduced

in my manuscriptl s t i | | used N=15purM=1i3n6 aansd tortaannssfi e
pairs. The result was MRE=3.92%, RMES=0.6683"y-8°=0.995. This result was

close to Tianb6s wo rlghovwedwith theocconypressdr fieguency he r e
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data. Overall, the PGAased NN method had a better performance than the pawer

correlation methods and previous NN correlation work.

Table 3-8 Comparison of theConventional M ethod and NNM ethod

Method MRE RMSE (g-s) R?
Powerlaw correlation 1

(same input parameter groups as  5.40% 1.5873 0.9756
NN)

Powerlaw correlation 2

(input parameter groups Park 5.72% 1.0566 0.9889
suggested)

NN (N=15, M=13) 2.16% 0.3954 0.9985
Ti an 0 ¢Tianvet al. k2015b) 3.62% 0.6611 0.994

Par k 6 ¢Parwet al.k2007b) 0.76% Not mentioned Not mentioned

Summary

| proposed an EEV modeling framework with a case study on VRF systems. In
particular,| developed an NN correlation for the EEV used in VRF systems and
optimized the input parameter number and hidden neuron number. In thid stsely,

the field test datafa VRF system to build the models and applied PCA in optimizing
the NN input parameter number. Furthermaralso discussed the proper number of
hidden neurons and different transfer functions. The performances of the-lpower
correlation and the NN correlation in existing literature were comparet/ twork,
andmy model has a better performantéund thathe performance parameters of the
NN modeling woul dnoét change a | ot when th
hidden neurons reached a thresholdnincase, wher used 15 input parameters and

13 hidden neurons, the model performangas acceptablel also gave three

recommended transfer function pairs for this case. Wheamparedmy NN model
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and the conventional methady NN model improved the accuracy by having the 2.2 %
MRE, 0.395g-s! RMSE, and 0.999 R while those othe conventional methaxlare

5.7 % MRE, 1.057-s RMSE and 0.989 R

Therefore, the PCAvased NN regression method proposed in the manuscript is more
practical and accurate for EEV correlation development timaoonventional method
when a number of data is available. Since ntagecriteria in NN model parameter
optimization existmy work gave the following strategies in utilizatiohNN modeling

in HP EEV model development, which has never been discussed in previous NN EEV
modelng works First,athreshold exisf or hi dden neuron numbers.
function cannot be usedashi dden neuron | ayer function,
cannot be wsd asanoutput layer function. Third, the more input parameters used, the

better performance a model can have. But after a threshold, the performance cannot be
improved a lot. The model development process and observation presented here are
applicable toEEV modeling for otheHP systems. Future research could focus more

on using different machine learning algorithms to model othes pathe refrigerant

system, like compressor and heat exchanger, and compare the performance of these

different algorithms

3.2.2.  SteadystateCompressor Model
Background
The compressor is the central part of Hie system. The power consumption of the

compressor accounts for 70% of the total energy consumption, accoramyfitld
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test. Compressor models were widely used in cycle design, control strategy, and fault
detection. Compressor models mainly include tlassrflow rate prediction model, the
power consumption prediction model, and the current prediction model. bnesis

| discuss the mass flow rate prediction model since the mass flow rate is the core of

capacity calculation, which leads to energyaiincy directly.

In this study,| mainly focus on compressor performance in the whole system.IFirst,
conducted field tests in an office builditigat installed a ductles¥RF system with

seven indoor unitd. usedthe movingwindow method to get @SSdata set from the

field test data. In additiom,compared this data set with the one from the manufactures.
Furthermore] summarized three compressor mass flow rate prediction methods from
the literature.l compared the performance of these methddsso applied three
machinelearningbased methods to analyze the data set from the field test and the data
set from the manuéures. Finally] compared the performance of all the six methods

to predict transient data. Uncertainty analysis was also conducted for the experiment

test and the modelsuilt.

Methodologies

| conducted a field test in a campus office buildingCwilege Park, MDU.S. The
target ductles¥RF system had 7 indoor units and 1 outdoor unit. The test time period
was from November 2019 to February 2028e pessuresensors wer@stalled to

measurethe suction and discharge pressure of the compressor.cdinpressor

frequency was directly read from the syste
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used taneasurehe suction and discharge temperature. The accuracy of the instruments
could be found imable 21. The mass flow rate was measured by a mass flow meter.
The sampling time was 2 seconds. The nominal heating capacity of this system was
23.74 kW The refrigerant of the system was4ROA. The average heating area for

each indoor unit was 113rThe shellolume of the compressor was 48 cc.

Only heating mode data were considered in this study. Simultaneous heating and
cooling mode were not considered. The screening method was checking the operation
mode of each indoor uniA QSSfilter introduced in chaptr 2was applied in this study.

pt equal sTBO &¢ehoa dhe oelatd/®deviaton of bagh parameter

should besmaller than 1%. The mean value of every parameter in this minute was used

to represent the target value of this data pointhimstudy, the accuracy of the mass

flow meter was 0.9-s. When the system was operating in low frequency, the mass

flow rate through the system could be as low ag-&&. Thus, the uncertainty from the
measurement was already nearly 10W%ereforefor the steadhstate filterJd i dndét us e

the 601%6 requirement for the mass flow rat

In this study] only considered the case in which the pressure ratio was smaller. than 6

The purpose was to guarantee the charactextdttbe compressor performance. Based

onmytest experience, the compressor would show a large difference when the pressure

ratio is either low or high. First, | introduce three concepts in machine learning
ATraining dat alusseetddo tios btuhiel dd atthae smeotd el . AT

datasetused to optimize the parameters set in
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data set thdtused to verify the moddBased on the literature review AW et al., 2020),

two existing modeling methodsare physicsbased and knowledgeasedmodels
Physicsbased methods can reflect physics and thus is more reliable. However,physics

based methodsrecomplicated, and sometimes even no physics equation.dkibis
physicsbased method was used in dynamic modeling, it might take a long time for the

solver to get a result due to the Horear property. Knowledgbased methodmeeasy

to adapt. Since the knowledbased model relied on the data, the accunaas/always

better. Nevertheless, knowledgea s ed met hods had a probl em
which meant such models only work well in the range of the training data set. Strictly
speaking, no completely physibased model was used in practice. The difiee was

how much this model relied on physics.

Traditional modeling tools used physicased methods. While nowadays, knowledge
based methods using machine learning algorithenge becme popular. However,
limited researchreported the differences between different methods. In this research,
first compare several physitbesed methods. Thégompare these methods with three

different machindearningbased methods.

Method 1: 20-coefficient Polynomial Correlation Methods

a QY RY
O 0Y O0Y ODOO0"Y"™Y E 0O Y (60)

This method was widely used in the industry to predict the performance of variable
speed compressors (Guo et al., 201H#reafter,| use the®0-c 6 representhis

method. In the equation, M is the correlation factar i$ the discharge temperature,
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which can be calculated by the discharge predsum@asured. di.ccan beobtainedby
the suction pressure. F is the frequency of the compressor, istdizkctly obtained

from the control software.

The benefit of this method is that this method is ¢asyge and has a good performance
in the range of the training database. However, if the predicting point is beyond this
range, the performance would decrease sharply. Obviously, this is a knolwbestge

method.

Method 2: Efficiency-basedM odel

This is another method widely used in both industry and academig (fiélanig et al.,

2000; Li, 2013a). The mass flow rate could be represented by the compressor frequency,
suction density, compressor volume, and volumetric effayideqs. 61 and §2Except

for the efficiency, other parameters required could be obtained directly from the test.

There are several different ways to calculate volumetric efficiency. Accordibg to

(2013c), the volumetric efficiency had a strong linegationship with the pressure

ratio, especially when the pressure ratio was low. Besides, the frequency had a second

order polynomial relationship with volumetric efficiency. Thiuderived a model using

linear regression tobtain thevolumetric efficency first(63). lus e t he O6ef f & i

following study torepresentthis method. This was a highly physicased method.

5 5 0 V00 (61)
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Method 3: Efficiency-based Model, using 20coefficient Polynomial Correlation for
Volumetric Efficiency

Of course, a polynomial correlation was always a choice to develop a correlation. Thus,
| derived a 2ecoefficient model to predict volumetric efficien(§4).

~ QoY fiY

O O0Y OY ODOO0OYY E 0 Y (64)

The difference between tch@ swarse tthhoadt atnhdi st hnee
based on the efficiency calculation. Applying this method did not require correction

with different suction conditions.u s e -2@ ec fédpresenthis method. This metd

relied on physics, but it also used a knowletlgeed approach to predict the

parameters.

Validation Data

Training Data N

Black box 20-coefficient

Performance
Map Data

Linear Regression

1
1
1
1
Efficiency-based equation Field Test Data [
(Grey box) 20-coefficient \ !

_________

[P ———

Performance
Map Data

Field Test Data Efficiency-based equation ML Algorithm: SVRINN\RF

(Grey box)

Figure 3-13 Structure of the CompressorM odel Study

The structure of this study is showrFigure 313. Nowadays, machinkarningbased
methodsare widely used in compressor modeling and air condition system modeling.
| amnot introduéng too many detaik of each method. Interested readers can read the

referencgChen et al., 2020; Cho et al., 2020; Hipple et al., 2020)
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For every method mentioned in this padivided the original database into three parts:

training set, testing set, and validation Jéte ratios of every data set were 60%, 20%,

and 20%. The data were normalized before the training prdcesed MATLAB as

the platform. Tool boxes: OFitrsvmdéd, Onet 0,
and RF, respectively. Likay previous methosl | used discharge temperature, suction
temperature, and compressor frequency as the input parameters. Output was the mass

flow rate.

Method 4: Support Vector Regression (SVR)

SVR is a regression method using the Support Vector Machine algorithm.sTanis i
linear regression method. Several groups of researchers already used this method to
predict the performance of the compressor (Li et al., 2018) or for the fault diagnosis
(Qin et al., 2012). The main parameter in the modeling work iS\thkie | optimized

the Uin the modeling! changedJfrom 0.01 to 1.00 and found that whélwas0.16

the accuracy of the model was the best in this study(@5yshows the equation that

SVR generally solved:

0 QemyE 6B , ° (65)
where symbols w and b are weighting factor and bias, respectively. Caaadwo

crucial parameters that would affect the performance of the algorithm.

Method 5: Neural Network (NN)
Neural Network is also a common methHfod compressor modelin@shorkanian and

Gholamrezaei, 2009). ltinis study,the network hadne hidden layewith 7 neurons.
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| changed the number of hidden neurons from 1 to 10 and found that when the number

was | arger than 7 the perf duncienmpareusetdi dnot i
wer e dtaammdaiggo tried othemgspaiord Alnisk @datpan gi
had the best performance. The maximum epochs wed@.2The following equation

could explain the onbiddenlayer NN model. y was the outpiitjo were the transfer
functions.fiwo were the weights anibo are the bias.

® Q B O B 0 ® & G (66

Method 6: Random Forest (RF)

Yu et al. (2017usedRandom ForesRF) to predict the COP of a chilleRF was also
used to do fault detection work (Aravinth and Sugumaran, 2018ed the default
setting in MATLAB. RF methodased model was hard to write in a simple equation.

Interesting readers can read the referencddtails(Aravinth and Sugumaran, 2018)

Discussions

Most previous research used the adtinedn the laboratory to build the compressor
model. Limited research used the data from the field test. The main reason was that a
steady state was hard to be achieved in the field test. The uncertainty of the data brought
difficulties in building a model. Téa conventional approach to build the models,
including polynomial regression, had poor performance when dealing with high
uncertainty datawWhile field test datas easy to access, conducting experiments in the
laboratory is expensive. Normally, when resehas collected the data from the
laboratory, they wouldestthe compressor i refrigerantcycle. After the system

reached a steaeitate, they would record the evaporating and condensing temperature
112



(or pressure), the frequency of the compressor, the target information they need (mass
flow rate, power consumption, or capacity), and the suction condition. When they
conducted the expenients, they would keep the suction condition (especially
superheat) to be the sanie.contrast, in field tests, people always recorded all the

information time by time.

By the way, in the laboratory test, research always cared about the distributibie and

range of the data samples. They would evenly distribute the data sample points. They
would also choose several frequencies to do the test. Nevertheless, in the field test, the
data points would distribute concentrating on several ranges. The ramges wé he 0006
point and the points which match Tablet h t he
3-9 shows a detailed comparison between data from the laboratory and the data from

the field test.

Table 3-9 Comparison between Performance Map Test and Field Test

Parameter Performance map test Field test
Input Te, Tc, Fcomp CDsuc Tg, Tc, Fcompé

. . Heterogeneously
Distribution Evenly distributed distributed
Distribution Range Large Small
Lower bound 30 Hz O Hz

1,000 for steady state

Data number 128 624,476 for transient

First,| compare the three traditional methods.
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Figure 3-14 PressureRatio and Volumetric Efficiency

In Figure 314, the xaxisis the pressure ratio. Theaxisis the volumetric efficiency

of the compressor. As shown in the figure, the skapthe modelsaredifferent. First,

t he 0 ef iséonsistent viitong mo d e | as s umpt-goedn . merFtohro dt, h e
when the pressure ratiecrease below 2 the efficiency would increase sharply.

However, for the actual compressor, when the pressure ratio was meager, for example,
atthestarup period, the effi ci2e0Onccdy nweatsh ondot wshoe n
pressure ratio decreaséalow 1.5 the efficiencystarted todecrease. As for the
accuracyc6 tehrt0o@ed®@edf het hods had better perf o

method.
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Figure 3-15 Transient Validation

Figure 315 shows a comparison between these modeling results and the field test

results. The axisis the time. The yaxisis the mass flow ratd.could find that at the

steadystate, all these methods had similar performance. However, at the beginning of

the startup pod, all methods failed to predict. The reason could be that at first when

the compressor frequency increased, the mass flow rate needed a few seconds to
increase due timertia After these periods,onthe6 e f f 6 met hod coul d pr e
well. During these periods, the compressor frequency was low, which was also beyond

the training data set range of the data obtained from the manufacture.

The above work all used the data from the manufacture. Theuld use the field test

data set to build the model.
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Firstlused the model o6effd, which had the best
test databaseas shown in Figure-36. The xaxisis the value of the experiment (field

test). The yaxisis the expected value from the model. Most of the data was within the

15% range. Ascould find in the figure, there were several powit$ larger deviations

than 15%In fact, for these data points, the evaporating temperature was a2aui@l

However,in my training database, the lowest evaporating temperature-MasC.

Thus, it was beyond this range.

The next step was applying machine learning algorithomsedthe SVR method as an
example to treat the same datg astshown in Figure-37. Applying other machine
learning algorithms would be simildrcould see that for this data set, the SVR method

hadabet t er performance than the o6effd method

Then,| tried other machine learning algorithms, including neural network (NN) and

random forest (RF)The Relative Mean Error (RME) and Relative Mean Square Error

(RMSE) were given iable 310.
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Table 3-10 Machine L earning Algorithm Comparisons

Algorithm SVR NN RF
RME [-] 0.0357 0.0295 0.0237
RMSE [] 0.0381 0.0328 0.0267
o 40 T T T
©

f I [g/sy

Ma s s
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20
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Figure 3-18 CompressorFrequencyversusMassFlow Rate

Figure 318 shows the relationship between the mass flow rate and compressor

frequency. Allapproacheshow that the mass flow rate has a nearly linear relationship

with the compressor frequendyc o u | d

fi-n@ hHadta dyPROma l

perfor

the compressor frequency was Evthan 20 Hzlt predicted the mass flow rate below
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0. For other methods,Nand RF methods would predict the slope of the value decrease
first and increase later. The slope values were not continuous. fdsesesdid not

follow the physics.

| also compared all these methods in the startup peribijure 319.
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Figure 3-19 Transient Validation (Six Methods)

The performance of o6effd6, SVR, NN, and

Table 3-11 Summary of Different Modeling M ethods

Modeling method | eff eff-20c | 20-c SVR NN RF

Reflect the physics| Highly Medium | No Lowly | No No
Relatively

Accuracy low Normal | Normal | Normal | High High

Complexity Simple Medium | Medium | Medium | Complicated Complicated

Uncertainty Medium | Small Small Medium | Large Large

Recommend Yes Yes No Yes No No
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Uncertainty Analysis
The uncertainty of the data from the manufacture was not accessible. In this part,

would focus on the field test uncertainty and uncertainty analysis of every hbodlél

For the field test| alsoused the method introduced by Lecompte et al. (261.8p
uncertainty analysis

% B — 7Y (67)
The accuracy of the measurement equipment used was given in the methodology part

of thethesis

Table 3-12 Uncertainty Experiment part

Low pressure Suction Mass flow rate
High pressure kP4 [kPa] Temperature [°C] (Exp) [0-sY]
Test | Uncertainty| Test | Uncertainty| Test | Uncertainty| Test | Uncertainty
1| 2867 6 901 6 10.2 0.5 18 1
2| 2951 8 525 5 6.4 0.5 25 1

Table 3-13 Uncertainty Analysis Modeling part

20-c [g-SY eff-20c [0-s?] eff[g-sY]
Predicted | Uncertainty | Predicted | Uncertainty | Predicted | Uncertainty
1 18.3 0.1 19.2 0.1 20.0 0.1
2 27.4 0.1 25.4 0.1 23.4 0.2
SVR [g-s}] NN [g-s?] RF [g-SY]
Predicted | Uncertainty | Predicted | Uncertainty | Predicted | Uncertainty
1 18.2 0.1 19.0 0.1 19.3 0.1
2 23.9 0.2 24.6 0.2 24.5 0.3

For the modeling work, the value of the partial derivative was derived by numerical
differentiation. The uncertainty of compressor frequency was considered as zeros. The

uncertainty of the mass flow rate varied when the input point varied. | gave thetabsol
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uncertainty of the mass flow rate at two points. The frequency of each is 15 Hz and 30
Hz, respectivelyTable3-12 shows the experiment part of uncertainty analy3iable
3-13showsthe modeling part of uncertainty analysis. From this table, | could find that
when the frequency increakehe mass flow rate increased, and the uncertainty of the
value predicted also increased. Though the value predicted for the NN and RF methods

wereclose to the experiment valehe uncertainty was also large. The uncertainty of

t hecé2met hod was small, but the value pred
point.

Summary

InthisstudyJbui | t compressor model sfiedfestdtatat h manu

lcompared different methodaed tmethwidl chatshd hm
accuracy within the range of the training database, but when the frequency was low,

this method fagédt o predi ct t he MFR. | cts the ghykicst i o n 0
best. Finally, ML methods have excellent performance if the prediction data point is
within the training data setcobdbr amagecéoeAd f o
methods had lower uncertainty but sometimes failed to predict theate®alue. The

NN and RF methods had higher accuracy but also higher uncertaintnclusion)
recommended the O6effd met\HRésystancamp®EsgdR met ho
mass flow rate prediction. For future wopeoplemay apply the BayesiaNeurat

Network algorithm since this algorithm was reported for excellent performance on high
uncertainty dataPeople may alsbuild a knowledgéased heat exchamgmodel.

Thenpeopleneed to test the full cycle performance.
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3.2.3.  Transient Compressor Model

Methodologies

The compressor model thetransienistatewas different from that in steaebjate. Ifl

used the steadstate compressor model to predict transieid fiest data, some gaps
between the experiment values and simulation values would Exestnass flow rate

| tested might not reflect the value everywhere in the system since, in the transient case,

the mass flow rate might not be consent insy&em.

In order to simplify the casépnly consider the situation in which only one indoor unit

was used. EEV opening degree, compressor suction pressure, compressor discharge
pressure, condenser outlet temperature, condenser outlet density, evaintettor
temperature, and compressor frequency were used as the input parameters. The outlet
parameter was the mass flow rate through the system. The input data also had another
dimension, which was the timéconsidered 80 s (40 test data points) in thislys

Each input data slot was arb8-40 matrix. The xdimension was the eight parameters

| studied. The ydimension was the time. An example was showFigire 320. It was

an image generated by MATLAB. Columns from left to right meant EEV opening
degre, condenser outlet temperature, compressor discharge pressure, evaporator inlet
temperature, compressor suction pressure, subcooling of the condenser, condenser
outlet density, and compressor frequency, respectively. There were 40 rows. The first
row wasthe time 80 s ago. The last row was the current time. All the values were
normalized to €L. In theexample(Figure 320), the last figuravas inQSS Thus, the

top side color was very closed to the downside color.
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Figure 3-20 Input Example

| had a set of images, as shown in the example. For each inadg®@had a matching

value, which was the mass flow rate at the current time, the outpwt wiodel. CNN

was a common method for image recognitibm.s ed t he Otooglbaxim Net wor k
MATLAB to build the CNN model. Imy model,| set 6 hidden layers$.had 57,456

input data images. 30,000 were used as the training data set. 10,000 were used as the

testing data set. The remaining images were used as the validation data set.

The parameters of the model setting were listing below: (ReLU was Rectified Linear

Unit, andTable3-14 was a set format of MATLAB toolbox)
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Table 3-14 Parameters ofM odel Setting

No. | Layer Note
1 Image Input 12x6x1 images with 'zerocenteadrmalization
2 Convolution 8 3x3 convolutions with stride [1 1] and padd
'same'
3 Batch Normalization | -
4 ReLU -
5 Average Pooling 2x2 average pooling with stride [2 2] and padd
[0 0 00Q]
6 Convolution 16 3x3 convolutions with stride [1] and padding
'same’
7 Batch Normalization | -
8 RelLU -
9 Average Pooling 2x2 average pooling with stride [2 2] and padd
[0 0 00
10 Convolution 32 2x2 convolutions with stride [1 1] and padd
'same'
11 Batch Normalization | -
12 RelLU -
13 Convolution 32 2x2 convolutions with stride [1 1] and padd
'same'
14 Batch Normalization
15 RelLU
16 Dropout 20% dropout
17 Fully Connected 1 fully connected layer
18 Regression Output | MeanSquareeError
Discussions

Figure 321 showsthe startup period of the VRF system when only one indoor unit was

working. This test data was generat¢8:16 am onJuly 11", 2019 The xaxis for all

the subfiguress the time. This lastfor 500 s, which also mearhereare 250 data

points ineach subfigure. The first subfigure slwthe condensing temperature and
evaporating temperature. The condensing pressure increased at first and then decreased,
and then increased again, and kept at a constant value. The evaporating pressure

decreased anthen kept at a constant value. The reason was the high pressure was
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controlled by the frequency of the compressor! Asuld see in the second subfigure,

the compressor frequency also increased at first and then decreased and increased again.

The third sbfigure shovg the EEV opening degree of the target IU. The trending for

that was similar to the high pressure and the compressor frequency. In this example,

there were 500 seconds. At the end of this petiodyld find that the system went into

QSS In this figure, the pressure changes and mass flow rate change had some delay

compared with the control parameters like compressor frequency and EEV opening

degree. This was the truth in the field test since the system needed some time to reflect

control and peration by the useréinothermain reason could be the thermal mass of

the refrigeranandheat exchangers.
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Figure 3-21 VRF System Startup
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| used the compressor map from the manufacture to predict the mass flow rate of the
system and compared the result witli experiment data. The compressor naged

was a 2€ecoefficients compressor map. This method was widely used to evaluate the
compressomass flow rate for VRF systems. This method was also a knowhedgpel
method since no physics rules were used in this approach. This method could only be
used for steadgtate data or quasteadystate dataMy following result also proved

this. Figure3-22 shows the experimeninass flow rate valuand predicted value from

the compressor map. The blue lisethe experiment result, and the red lisghe
modeling result. This 508econd period was the same period akowed inFigure

3-22. The yaxisis the mass flow rate. The-axisis the time. The experiment mass

flow rate trendis in accordance with the compressor frequency trend and the EEV
openng pulse trend. The mass flow rate increased sharply at first and then decreased,
and then increased, and kept at a constant value. Figume 321, | could find that

the liquid mass flow rate and the mass flow rate showed different behaviors. For those
parts where the mass flow rate varied a lot, the gaps were obvious between the

experiment value and the predicted value.

126



100 T T T T
== experiment
===predicted
. 80r
0
2
o .
© 60
=
o
= 40
)
[72]
=
201
0 L L ] 1
0 100 200 300 400 500

Time [s]
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| applied the CNNoased modeling method introduced in the methodology part to

predict the mass flow rate at the same time. Figt#8was the result. Similar to Figure

3-23, the yaxisis the mass flow rate. The-axis is the time. The blue linés the

experiment result,ral the red lings the modeling result. As shown kigure 323, the

CNN-based model could solve the mismatch problem. However, in the very first part

of this period, the mass flow rate predicted was larger than the experiment value. At

the peak point, thpredicted value was smaller than that experiment value. The current

Mean Relative Error (MRE) of this model was 2% ng study,Idi dndét opti mi ze
structure of the networkal so di dnét study which activat.i
this case. Thsy there would still be some space for this model to be improved. Another

drawback of this method was thev/8lue shifting. As shown iRigure 323, in the first
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several seconds before the system startup, the predicted mass flow rate value was not
exactly0. The training time for building the model was 5 min 44 seconds using one
single CPU, but after orgme training, the prediction work could be complete
immediately. The uncertainty analysis of the CNN model was complicated since the
input parameters hativo dimensions. Traditional uncertainty analysis was not

approvable for this approach. This couldnmefuture work.
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Figure 3-23 Mass Flow Rate Comparisons
(CNN-basedM odel versusExperiment)

3.3.  Summary

In this chapter, the authors introducedaage number of modeling methods and
compaedthem inHP system performance prediction. These models could be used to
predict the overall performance of the system, like power consumption or pressures.

They can also be used to predict the performancesadubcomponents in the system
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like the EEV and compressdrable3-15summarized these methods and compared the

characteristics of these methods.

Choosing an appropriate method and setting the parameters in the model are important.
Figure 324 shows a general process to select models and set the parameters in the

model. Like field test data analysis, goals (the purpose of the modeling) and computer

performance need to be considered when choosing the method.

Table 3-15 Comparisons ofDifferent Data-driven M odeling M ethods

. - . . Deep
Physics Statistic Machine learning learning
Modeling
CNN
Methods : Power RF .
Physics | tawlPolynomi (SS\\/’,\'}) (decision | NN (shN) | (Muliple
al Correlation tree) P
NN)
Compressor EEV MFR Power EEV
E efficiency correlation, model, Compressor model, Compress
xample
based compressor | compressor model compressor | or model
model map model model
R'Sl.( (.)f Very low Very high Low Normal Normal Normal
overfitting
Uncertainty Medium Small Small Large Large -
Accuracy Low Low Normal Normal Normal High
Complex - Simple Medium Medium Medium Complex
setting
Trﬁr']:]éng Very short Short Short Medium Medium Very long
Dealing Yes Yes PCA PCA PCA Yes
Large Data
Continuous Yes Yes Yes No Yes Yes
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4. Enhanlciefde Cycl e Climate Perform

4.1. LCCP in Different Regions forDifferent Refrigerants

Long-term usage of halogenated refrigerants in refrigeration and air conditioning
systems hsacaused severe environmental damages. With the phasing down of high
GWP refrigerants, the replacement of currently used refrigerants resgiieegnergy
efficient, and environmentally friendly characteristics. Nevertheless, no perfect
alternative refrigerant exists, satisfying all these requirements (Venkatarathnam and
Murthy, 2012). Many target parameters are involved, including flammahb@ityP,
compressor efficiency, compressord systentost, heat transfeand pressure drop.

A tradeoff map among these can be drawn, as showrigare 41 (Gilmour and

McNally, 2010).

HX Impact

Non-Flammable
\
\
Heat Transfer \
Pressure Drop, \

v —— HC (R-290)
\ e~ —— HFC (R-410A)
No Glide | Non Toxic
X | Non Toxic | co,
\
\ HFO (R-1234yf)
“g'
g\'
Compressor & System'_ _|Compressor
Cost ""\.\_\ . /f'/ Efficiency
Fompressor Capacity | g
System Impact

Figure 4-1 An Example of theTarget Parameter Trade-offs
Involved in Choosing thel deal Refrigerant
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Therefore, how to choose an appropriate refrigerant is significaeéd some metrics

to combine these criteria. LCCP is a reasonable way to evaluate the performance,
including systenefficiency and environmental impact at the same tinable 1-3
summarizes the refrigerants evaluated in the LCCP calculation. Till now, the
manufacturing emissiornd R-466A and R454Bhave not been reported. In the results
part,l discuss RA66A and R454B manufacturing emissions' effects on the LCCP with
different assumption valuek this chapter, the tested VRF systemsnot evaluated

since the material usag#ata was confidential. A unitary system was used as

substitution The process to analy#iee two systems would be the same.

4.1.1.  System Annual Energy Consumption

The Annual Energy ConsumptiofAEC) consists of the cooling power consumption
and heating power consumption of the target system throughout the year:-life real
applicatiors, field tests and energy surveys can help determine the HVAC system's
annual energy consumption. However, the fiekt is not always available. To estimate
power consumption, need to know the cooling and heating loads and the system
performance at a given ambient temperature. In this study, to compare the LCCP in
different countries for different refrigerantsysel the simulation method to estimate

the AEC.

System Performance

| simulated theHP systemsof a 10.55 kW and 115 kgeight system (Alabdulkarem

et al., 2014, 2015) using anlmmuse componefiiased steadgtate vapor compression
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cycle modeling tool, VapCyc (Winkler et al., 2008). The models were validated by

experiments usingR10A and R32.
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Figure 4-2 Cooling Experiments Validation Results (Alabdulkarem et al., 2014)

The validation results of cooling experiments are showfigare 42. All the results
agree with the experimental test data within 5% deviatibnsed this model to predict

the system performance in different ambient environmelmsthe model, an
assumption of 2.1 K superheat at suction was assumed for these tesssuAiption

of 2.8 K subcooling was used to predict the charge level. A constant isentropic and
volumetric efficiency compressor model was used. The volumetric efficiency,

isentropic efficiency, and mechanical efficiency were assumedd@& 75, and @5,
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respectively. The assumptions were basechpprevious experiments (Alabdulkarem
et al., 2015).

Table 4-1 DesignCompressorDisplacementVolume andPredicted Charge L evel

Capacity | Refrigerant Corgg:assor Comp\r/%ﬁr%re[)(gs%l)acemer C(rlgr)ge
R-410A 4,700 34 4
R-290 7,300 43 1.2
R-32 4,000 34 3.5

10.5kw R-452B 4,700 34 3.8
R-454B 4,700 34 3.8
R-466A 4,800 34 4.2
R-410A 4,700 47 4.1
R-290 7,300 61 1.8
R-32 4,000 47 3.6

12.3 kw R-452B 4,700 47 3.9
R-454B 4,700 47 3.9
R-466A 4,800 34 4.3

Table4lshows the compressordés Revolutions
volume for different refrigerants and the predicted charge level. The charge level was
consistent with the density of each refrigerant. The RPM and displacement volume
were set to optimiz the system performance with the capacity constrairasso
designed the system for the 12.3 kW system since for cities in hot climate regions like
Miami and Phoenix, the 10.5 kW system could mattchthe load requirement for a
similar size room in other areddy study focused on office buildings with relatively
higher occupants' density and equipment loads than residential buildings. Thus, for cold
countries in winter like Switzerland and Sweden, digtems could also be designed

for the cooling season.
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Figure 4-3 Cooling COP Comparisons for Different Refrigerants

Figure 43s hows the simul ation results of 10.
refrigerants with different ambietémperatures in the range of 25 °C to 45 QR

has the best performance, while4ROA has the worst performance-3R, R466A,

and R452B have similar performangdR-454B has the same performance a452B

and is not drawn on the figur&srom my modelng results, R32 has a better
performance than-R66A, while R466A has a better performance thad$%2B. When

the ambient temperature increases, the performance of the three refrigerants gets even

closer.

Some researchers studied different refrigerggegformancs with different ambient
temperatureKujak (2019)reported that B2 had a lower COP thar462B when the
ambient temperature was lower than 47 °C and higher COP when the ambient
temperature was higher than 47 °C. Binbin et al. (2020) studied tens of alternatives for

R-410A and concluded that the COPsR290, R32, R466A, and R452B were 5%,
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1%, 1%, and 1%, respectivelyigher than the R10A. My results are consistent with

the literature.

Sincemy study only considered a coolisgasorbased design (higtiensity occupants

and equipment), the systeperformances would be very close (within 1% differences)

for different refrigerants at the same ambient temperature. The reason was that the
heating loads were from 3 kW to 6 kW for different cities, which were less than half of

the design capacity.

Load Prediction

AHRI standard 210/240 (2017) provides an approach to estimadegr tbenditioning

load. This approach is called the temperature bin method. However, this approach is
applicable to a fixed speed system. If the system had a variable spepessor, the
compressor frequency's control logic would also affect the result. With the
development of datdriven methods, some researchers used matéameingbased
models for load forecasting (Madonna and Bazzocchi, 20h&)dhtadriven approach
requires a large amount of test power data. When the weather data is avaii@tdie,

use a physicbased method to simulate the target building's load or a room by
following the ASHRAE standard (ANSI/ASHRAE StandardZ219). In this stud,

chose thephysicsbased method to estimate the load since this method controls the
variables, whicharethe regions and refrigerantsconsidered a 10 m x 10 m room
facing south in the Northern Hemisphere. Two windows were installed facing south
and north. Theseiling and floor were assumed to be adiabatic. Other parameters can
be found inTable 42. | also made the following assumptions to eliminate other factors'
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impact on LCCP calculation: the optical depth parameters for the location were
assumed to be comstts through the year; windows had no shadinged the model
introduced by Wijeysundera (2015) to estimate the cooling and heating load of the

target room.

Table 4-2 Parameters for Simulation

ltem Value

Height 3 [m]

Window to Wall Ratio 0.6 ]

Growund Reflectivity 0.25 [

Solar Absorptivity of Wall 0.8 []

Wall Brick and a layer of insulation board
U-value of Wall 0.58 [Wm’K1]

Window Doubleglazed

Occupant 75 W for sensible heat, 55 W for latent heat
Occupant per unit floor area | 0.1 [m?]

Equipment per unit floor area| 13.5 [m?]

Light per unit floor area 4.5 [Wm?]

Working Hours 9:00-19:00

Grid Electricity Emission Factor an#laterial Embodied Carbon Coefficients

The emissions due to energy consumption are a dominant factor ihCGe
calculation. Different countries and regions have different power plant emission factors
due to the resource portion difference (Choi et al., 2017). Carbon Footprint (2019)
summarizes the countgpecific electricity grid carbon emission factor in d919.
The data for Asian countries is from G20 Green Report 2018 (Transparency, 2018), for
European countries is from the Association of Issuing Bodies (European Residual Mix
| AIB, 2012), and for the 13. is from the Environment Protect Agency datab@ss.
EPA, 2020) The second column @iable4-3 shows thésrid Emission Factors3EF9

used in this study.

137



Table 4-3 GEEF, Material Usage, and ECCs

Weight: 115 [kg] GEEF ECCkg [:€0k g ]
[ kgCB® YAl umi|Cop Pl a| St e
Material (% usage) (129 (191(23] (46029
Average aro 0.623 13. 2.7/3.3 3.0
UK 0. 277
EU|Sweden ( 0.012 6.5 2.7 - (1.0
Switzer|l 0.014
US FL 0. 467
NA [US AZ 0.425 5.6 3.02.94 1.8
US GA 0. 457
JP 0.492 10. 4 - - 1.6
AS | KR 0.517 11. ¢ - - -
CN 0.623 14. €64 - - |3.-80

The carbon emission during the system's manufacturing phase is another factor that
affects the LCCP calculation. Some previous studies used the same emissions values
for the materi al I n every country. For exa
guideline (Life Cycle Climate Performance Working Group, 2015) to estimate the
LCCP in Korea. However, Il 1l R6s LCCP gui del
values in theU.S. Some researchers, especially those working on Life Cycle
Assessment of buildings, hadeveloped a database for different material's Embodied

Carbon Coefficients (ECC) in different countries (De Wolf et al., 2016). For this study,

| used the Inventory of Carbon and Energy database developed by Hammond et al.
(2011). For plastic and ste¢lused the general values for these two materials. Some

ECCs were not found in the literature for some countries. The average value around

the work was used as a substitute in this studysh&svnin Table4-3, the ECC for

aluminum in theU.S. is around onghird of China's value. Thus, ECCs could be a

crucial factor in the LCCP calculation for different countries.
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4.1.2.  Weather Station Data and Qite Weather Data

Most building simulation studies utilize data collected from weather stations. The most
commonly used database includes the EnergyPlus-ibuiteather data, NOAA
weather data, and TMY3 weather data. The first two datasets are the ActuaY &aulti
(AMY) dataset, while the last one is a Typical Meteorological Year (TMY) dataset.
Some researchers studied the difference between the AMY dataset and the TMY
dataset (Kamel and Sheikh, 2020). They concluded that thdutlsy ambient
temperature had a significamhpact on the simulation results. Most of the weather
station data were collected around the airports. Some studies pointed out the
temperature gaps between a city and an airport. Such a temperature gap in an urban
area or metropolitan area due to humativdies is calledurban heat islandsJ{lI)

effect (Kotharkar et al., 2018). This effect's leading cause is from modifying land
surfaces (Solecki et al., 2005) and waste heat generated (Li and Zhao, 2012).
Santamouris et al. (2017) studied the UHI effemtn 220 projects and found that 31%

of the analyzed projects resulted in a peak temperature drop below 1 °C, 62% below
2 °C, 82 % below 3 °C, and 90 % below 4 °C. Munck et al. (2013) found that the
increase in temperature was 0.5 °C in the situationaumitient heat releases, 1 °C with
recent releases converted to only sensible heat, and 2 °C for the future doubling of air
conditioning waste heat released to air in Paris. This temperature gap could bring some
differences in LCCP calculation. Thusywould compare the LCCP results usibgth

weather station data and weather data corrected by Santamouris's statistics (2017).
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| also measured the local ambient temperature. Thermocouples were installed next to
the outdoor unit inthe campus building at UMD, College Park,3Jintroduced in
chapter 2.1.The thermocouples were exposed in the air facing north and had no
shadings. The ambient temperature tested was compared with the temperature data
from Airport, College Parld).S.The distance between the two places is 1.8Fgure

4-4 shows the compariss between the two dat&igure 44 (a) shows the daily

temperature measured on January",13019. Figure 44 (b) shows the daily

140



temperature tested on July, 12019. The blue line is the temperature tested in the
campus reading through LabView, markedWdMVICP. The red line is the temperature
tested in the airport from the NOAA databalseould find that in winter, the UMCP
campus temperature was-20 °C higher than the airport's temperature. Since the
campus building sensors had no shading, solartradiaould have a significant effect

on them. As a comparison, the weather stations' temperature sensors were usually
stored in a shaded structure, which had less impact on the radiation. In the field test,
the builtin sensors of the outdoor unaseusually exposed to the air directly. Thus,

the UMCP campus case should be closer to the field test case. This temperature gap
could also be caused by human activity and otifeéoutdoor unit outlet waste heat.
However, during the summer, the UMCP campus temperature had a higher peak but
lower valley than the airport's temperaturggure 45 shows a histogram of the two
temperatures in the year 2019. 4i@ur data points in theampus testing dataset and
43-hour data points in the airport dataset were not validated due to the power outage or
broken databaséexcluded these data points wHelrew Figure 45. Thus, 8,599 data

points exist in this figurel. used these two datasesparately to calculate the LCCP

and discussed the differences. The finding is that the gap betweenghe data and

the weather station data is much larger than what previous researchers assumed.

4.1.3. Different Countries and Regions
Figure 46 shows the LCCP results in different areas fedIA as an example.
"CollegeParkl" and "CollegePark2" show the calculation results using UMCP campus

weather data and College Park airport weather data, respectively Hgora 4-6, |
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can find that the LCCResults for Basel and Kallax are very small. The reason is that
the GEFs of Sweden and Switzerland are very small. Only for the two countries, the
annual leakage is the primary factor of the LCCP. For all other countries, annual energy
consumption is thenain factor affecting the LCCP. Li (2015b) concluded that the
SEER rating had a far more significant impact on loweringeCievertheless, based

onmy study, this conclusion is only valid in the countries with a IGgHEF

US_Phoenix |
US_Miami |
US_CollegePark2 |
US_CollegeParkl |
US_Atlanta 1
IP_Tokyo_up |
IP_Tokyo_average |
JP_Tokyo 1
EU_UK_London |
EU_CH_Basel 1
EU_SE_Kallax 1

CN_Shanghai 1

CN_Beijing 1

0 20000 40000 60000 80000 100000 120000
R-410A LCCP (kg CO,e)

Annual Leak EOL Leak Cool lifetime Heat lifetime M Euipment Mfg Refrigerant Mfg M Equipment EOL

Figure 4-6 LCCP Results for R410A atVarious Cities

4.1.4. Different Refrigerants

Figure 47 shows the LCCP in four different cities feix different refrigerant¢The
RFM values for RA66A and R454B were assumed to be 31 and 9 kg&lky) The
readersan see that 290, R32,R-452B, R454B,and R466A are good alternatives
for R-410A with lower LCCPR-454B hasa bit better performance than4%$2B due

to a smaller GWP valud-or Kallax, the annual leakage is the major contributor to
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emissions since ItSEEFis low. Thus, the LCCP could be decrease®®%o for this
city if R-290 substituted R10A. As for the previous studies, Choi et al. (2017)
compared the LCCP of-R90, R410A, and R32 for five different cities in Korea.
They found that the LCCP of-BRLOA was 9% higher than that of32 and 21% highe
than that of RR90 in SeoulKorea Lee et al. (2016) calculated the LCCPs fet A,
R-32, R290, and R452B, and the results were 126, 119, 111, and 120 MT e§ CO
respectively. The LCCP order of different refrigerants was consistentheitturrent

study:.

I Annual Leak
e Leak
[ cool lifetime
I Heat lifetime
[ Euipment Mig
I Refrigerant Mig
I Equipment EOL

R452ER454ER4E6A
200 232

LCCP [kg CO ]

Ra10A
R200 gR32 R452ER454ER466A

Beijing CollegePark Tokye Kallax

Figure 4-7 Different Refrigerant LCCP Results for Four SelectedCities

As for R-466A and R454B, the emission from the refrigerant manufacturing process
had not been reported until now. Thusnade three assumptions for the values and
studied whether different emissions in the refrigerant manufacture phase would bring
some differences in the LCCRlculation. According to the IIR guideline (Life Cycle
Climate Performance Working Group, 2015), the emissions from the refrigerant
manufacturing process for HFC refrigerants range from 5 to 20 kg ef 2@ kg.!
assumed the value to be 5, 10, and 20kGOz per kg for assumptions 1, 2, and 3,
respectively. The LCCP calculation results are showirable 44. The three columns

for each assumption are the emissions during the refrigerant manufacturing process,
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the total LCCP result, and the percentadetr® emissions from the refrigerant
manufacturing process in the total LCGRan find that even for low emission cities
like Basel and Kallax, the emissions from the refrigerant manufacturing praeess
only 3% of the total LCCP. Thukg¢oncluded thathe refrigerant manufactimg phase's
effect is insignificant in the LCCP calculation. Furthermore, whampare the LCCP
calculation results for R66A (assumption 1) with other refrigerants’ results in Figure
4-7, 1 can find that the LCCP d®-466A is 1.6% higher than that of452B but 8%
lower than that of RI10A for College Park, 1$. as an example. Thus;466A is also

a good substitute forR10A from the LCCP perspectivR-454B can be analyzed
using the same approach.

Table 4-4 R-466A Refrigerant Manufacturing Process Emission Effect

(kg COe) Assumption 1 Assumption 2 Assumption 3

City RFM | LCCP | Percentage] RFM | LCCP | Percentage] RFM | LCCP | Percentage
Beijing, 31 94164 0.03% 62 94195 0.07% 124 | 94257 0.13%
CN

Shanghai, | 31 69482 0.04% 62 69513 0.09% 124 69575 0.18%
CN

Tokyo,JP | 31 61524 0.05% 62 61555 0.10% 124 | 61617 0.20%

Kallax, 31 4246 0.73% 62 4277 1.45% 124 4339 2.85%
SE

Basel, CH| 31 4314 0.72% 62 4345 1.42% 124 4407 2.81%
London, 31 61524 0.05% 62 61555 0.10% 124 61617 0.20%
UK

Atlanta, 31 61518 0.05% 62 61549 0.10% 124 61610 0.20%
Us

College 31 70087 0.04% 62 70118 0.09% 124 70180 0.18%
Park, US

Miami, 34 98865 0.03% 69 98899 0.07% 138 98968 0.14%
uUs

Phoenix, 34 91276 0.04% 69 91311 0.08% 138 | 91379 0.15%
us

4.1.5. WeatheDataSource and LCCP
| compared the LCCP results using weather data from the UMCP campus field tests
and the local airport weather statiéiigure 48 shows the results. FroRigure 48, the

UMCP campus ambient temperature was always higher than that from the College Park
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airportdue to the UHI effectThis brings a higher emission in the summer but a lower
emission in the winteFigure 48 shows that the decrease in heating is smiéar the
increase in cooling. This brings a total increase in the final LCCP result. Compared
with the airport data, the LCCP results using the campus data are up 8.1%, 2.4%, 2.8%,
and 0.6% for RAB, R-32, R410A, and R290 respectively This result meas that

using local airport weather data can resuétnnp to 8% decrease for LCCP calculation.

If onsite ambient data is not available, a correction on the ambient temperature is

recommended.

Campus vs. Airport (kg CO2e)
R-454B: US_College Park_campus I
R-454B: US_College Park_airport I
R-32: US_College Park_campus | I
R-32: US_College Park_airport I
R-410A: US_College Park_campus I
R-410A: US_College Park_airport I
R-290: US_College Park_campus I
R-290: US_College Park_airport I

0.00 10000.00 20000.00 30000.00 40000.00 50000.00 60000.00 70000.00 80000.00

® Annual Leak EOL Leak Cool lifetime Heat lifetime ® Euipment Mfg m Refrigerant Mfg  m Equipment EOL

Figure 4-8 Comparison of LCCPsbased onWeather Data from UMCP Campus
and College Park Airport

4.1.6. Summary
A comprehensive LCCP assessment was conducted for a 10.5 kW capacityhsaatary
pump working in cooling modavith five refrigerants using various influencing
parameters in 11 cities. The conclusions from the study are as follows:
1) The system efficiency has a 10 to 100

emissions than refrigerant leakage only in higB&EF countries. For lower
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2)

3)

4)

4.2.

GEEF countries like Sweden and Switzerland, annual leakage is the major
factor.

The refrigerant manufacturing process, which takes up to 3% in LCCP
emissions, is a minor factor compared with emissions from annual energy
consumption and aal leakage. While no dateasreported on the emissions
from the R466A manufacturing phase, the LCCP can still be estimated by
assuming equivalent values to typical HFC value.

R-290, R32, R452B,R-454B,and R466A are all excellent alternatives for R
410A. The LCCPs of B2, R452B, R-454B, and R466A are close to each
other. The LCCP of RI10A isthe highest, while the LCCP of -R90 isthe
lowest. In the lowGEEF countries, the LCCP can be decreased by 60% by
substituting R410A with R290.

The ambiat temperature weather data from the UMCP campus field test and
College Park airport weather station are different up to 5 °C, possibly due to the
UHI effect. This effect can cause up to an 8% difference in LCCP calculation.
Thus, researchers are suggestedarefully consider the ambient temperature
when conduting LCCP calculatiosfor high-populationdensity regions. Some
correction factors could be needed if the weather station database and local

ambient temperature show measurable differences.

Enhanced LCCP Evaluation

The environmental performance ldP systems has been widely studied. Several hot

topics exist. First, several studies discussed the breakdown of total LCCP (Lee et al.,

2016; Li, 2015b; Yang et al., 2021). Second, some scholars pointed out the current
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challenge of LCCP calculation (Andersenal., 2018; Li, 2017). Finally, different
studies may also use LCCP for different purposes (Fricke et al., 2017; Troch,|I2016).
Figure }11, | summarizedseveralfactors forLCCP evaluationincluding refrigerant
effects, energy consumption, and migtleembodied emissions. This chapter disesss
how to consider these factors in LCCP calculation using realistic assumptions. In

addition, green power impact addta limitation will also be discussed.

4.2.1. Refrigerants Effects

The refrigerants used in ACs have evolved over several decades frordepbeting
R-22 GHG to chlorindree/ozonesafe hydrofluorocarbon (HFC)-RLOA GHG and
now to lowerGWP R-32. The US. Environmental Protection Agency (EPA) reported
that currentHP systems using HF@10A still contribute 36.7 million metric tons of
carbon dioxide equalent (EPA, 2015). Selecting an appropriate refrigerant fordthe
system is a tradeff involving heat transfer characteristics, compressor efficiency,
flammability, and cost (Gilmour and McNally, 2010). LCCP provides a tool for

selecting alternative wking fluids that reduce GHG emissions fréiR systems.

Since limited nations use-B2 nowadays, this review used4R0A as the baseliné.
discussed several replacements fegfI®RA based on ASHARE Standard 34 (2019) for
refrigerant safety, namely Al, A2L, A3, and B groupable 45 shows some common
refrigerants and their properties. The refrigerant leakage, emissions associated with the
refrigerant manufacture phase, and emissions due to disposal of the refrigerant can

affect LCCP calculation.
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Table 4-5 Refrigerants of | nterests

ASHRAE
safety Refrigerant (k ((;:VCiZk ) (If‘dgg:\lip) Concerns Introduced Year Reference
classification 9 9 9 9
. Goto et al., 2001,
Al R-410A 2,088 - High GWP Honeywell, 1991 Wang et al., 2009
Cooling Post,
A1l R-466A 730 High cost Honeywell, 2018 20182, 2018b;
Deveci o]
Orug, 2020
Baralet al., 2013;
Al R-1234yf <1 3.3 Low pressure DuPont, 2011 Myhre et al., 2014
. Baral et al., 2013;
Al R-134a 1,300 1.6 High GWP DuPont, 1930 Myhre et al, 2014
. ASHRAE
Al R-404A 3,943 - High GWP Standards, 2019
High GWP ASHRAE
Al R-22 1,760 Mild ODP General Motors, 1928 Standards, 2019
. Japan Ministry of MOI&Béb'lom et
Mildly al., 2017; Pham and
A2L R-32 675 Economy, Trade, and - .
Flammable Industry (METI), 2011 Rajendran, 2012;
y : Xu etal., 2013
Mild Kedzierski and
A2L R-452B 676 Flamm{’;ble Ingersoll Rand, 2015 Kang, 2016; Kujak
etal, 2014
g Mildly . Deveci o]
A2L R-454B 466 Flammable Carrier, 2018 orug, 2020
A3 R-290 <1 Highly Wu et al., 2012
Flammable
Refrigerantd_eakage

The main factors that affect direct emissions areatireial leakage rate (ALR) of the
refrigerant, the GWP of the refrigerant, and the GWP of the Atmospheric Degradation
Product of the Refrigerant. Direct emissions are the refrigerant emissions during the
usage phase and End Of Life (EOL) phase. By expantimgerms in eq(3), direct

emissions can be calculated by @&®):

(@) 6 0 60YOOD "Ond 6 QWD (69)
where C means refrigerant charge (kg); L means average life of the equipment (yr);
ALR means annual leakage r@percentage of refrigerant charge); EOL means End of
Life refrigerant leakage (percentage of refrigerant charge); GWP means Global
Warming Potential (kg C£9kg); Adp.GWP means GWP of Atmospheric Degradation

Products of the Refrigerant (kg @gxg). GWP ad Adp.GWP were widely reported
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in the literature (Bobbo et al., 2018). C is usually marked oklthe y st e més | abel

could also be reached directly by using simulation methods.

Global Warming Potential

Global Warming Potential (GWP) ofrafrigerant is an index to compare the relative

radiative forcing of different gases relative to the reference gasv@xh is set equal

to 1. A significant number of researchers
2018; Lin and Kedzierski, 201 9However, Adp.GWP was rarely mentioned. Though

previous research all pointed out Adp.GWP needed to be considered in LCCP
calculation (Yang et al., 2021; Andersen et al., 2018; Choi et al., 2017), only Baral et

al. reported the Adp.GWP values for R1234gtl R134a (Baral et al., 2013). Yang et

al. (Yang et al., 2021) used 0 fer410AandR-32but di dndt menti on t he

reason. Thus, more work is needed to perfect Adp.GWP values.

Unit Lifespans Annual LeakageRate, and EOLLeakageRate

The most accurate values for L, EOL, and ALR in stationary applications can often be
obtained from the manufactures. Average unit lifetimes could be taken from AR4, AR5
reports, or from the United Nation, Environmental Program (UNEP) Montreal Protocol
Refrigeration, Air Conditioning and Heat Pumps Technical Options Committee (RTOC)
2002 report (Troch, 2016). The U.S. limits the amount of refrigerant released from an
appliance to 15% for units with a charge of 22.7 kg (Troch, 2016). Troch summarized
the reconmended value for ALR, EOL, and L for different typesi®fsystems (Troch,
2016).Table 46 shows these values for stationary applications. It is worth noting that
SAE International Standard2¥27 prescribes a method to estimate the leak rate based

on astandard configuration and taking into account fittings, seals, and refrigeration
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permeation of flexible hosder mobile air conditioning system{SAE International,

2012).
Table 4-6 Recommended ALR, EOL, and LValues (Troch, 2016)
System Type ALR (%) EOL (%) L (yr)
Residential PackagéddP Units 2.5 15 15

15 15
15 15

Residential SpliHP Units 4

Packaged Refrigeration System 2

Supermarket DiredtP System 18 10 7-10

Supermarket IndireddP System 12 10 7-10

Commercial Refrigeration System 5 15 15
5
5
5
20

Commercial PackageadP Units 15 10
Commercial SpliHP Units 15 10
Chillers 15 15
Marine 15 15

RefrigerantdVlanufactuing

Refrigerant leakage contributes to direct emissions, while the refrigerant manaoéactur
phase and refrigerant disposal phaseslated to indirect emissions from the energy
used to recover, transppand recycle or destroy the refrigerant. The leakage in these
two phases is counted in the leakage calculation in chapter 3.2. The emlssions

discussed here are from the energy usage in these two phas&¥. fFhe can be

calculated by:

O 6 p 0 O00Y p Y YOU (69)
where RFM means refrigerant manufacturing emission (kg/&€g); R means the
fraction of the refrigerant in the system, which is reclaimed refrigerant. Refrigerant
manufacturing emissions rates are showmable 47 for selected refrigerants. They

will be updated as more efficient methods of manufacturing arelased. So far, the
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manufacturing emissions for-866A and R454B have not been reportedds we

provedin chapter 4.1.4appropriate assumptions could be used as suliistisu

Table 4-7 Refrigerant Manufacturing Emission of Refrigerants of | nterests

Refrigerant RFEM (kg CQe/kg) Reference

R-410A 10.7 Spatz and Motta, 2004

R-466A n/a n/a

R-32 7.2 Spatz and Motta, 2004

R-452B 8.9 Troch, 2016

R-454B n/a n/a

R-290 0.05 Hill and Papasavva, 2005

R-1234yf 13.7 Hill and Papasavva, 2005

R-134a 5 Banks and Sharratt, 1996

R-404A 16.7 Papasavva et al., 2010

R-22 390 Chen, 2008
RefrigerantDisposal

Similar to chapter 3.3)  can be calculated by e.0):

O 5 0 p OO0 YOO (70
where RFD means refrigerant disposal emissions (kgJ/Kg). This process also
includes the recovery of the refrigerant. Though RFM values were widely reported,
nearly no study reported RFD values. This may explain why almost all the literature
mentioned emissions from the refrigerant disposal phase but notecoin their

calculation.

Summary

The refrigerant environmental impact has been widely studied. The current challenge
is datalimitation. First, the Adp.GWP values were rarely mentioned. Second, for the
emissions caused by the refrigerant manufactihleeRFM values for novel refrigerants

like R-466A were seldom reported. Third, many researchers noted the emissions during
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the refrigerant disposal or recycling process. However, only GREBER-LCCP

adds the refrigerant disposal emissions in the LCCP lasilmoi(Rhoads, 2020

4.2.2. Energy Consumption
Eq. (71) shows a commonly used approach to estimate emissions from energy

consumption:

O 0 0006 00 (71)
where AEC means Annual Energy Consumption. EM meansp@iduced/kWh (kg
COxdkWh), which is the grid electricity emission factor (GEEF) if electricity is the
only energy source. The central part of AEC consists of the cooling power consumption
and heating power consumption of the target system throughoyédineField tests
and energy surveys could help determineHResystem's annual energy consumption
in reatlife applications. However, the field test would not always be availéhe.
need to know the room's load and the system performance at a givéentamb
temperature to estimate power consumption. As for indirect emissions, AEC would
show large differences in different climate regions for the same system (Choi et al.,
2017). This was reported to be the most significant part of the LCCP calculation (Li,
2015b). AEC was usually estimated from the simulation result using EnergyPlus or
other softwargdHong et al., 2016b; Li, 2015bpAHRI 210/240 2017 also provided a
method to estimate the AEC of UAC (Alabdulkarem et al., 2014). Furthermore, the
energy consmption and emissions depend on the tofielay incremental carbon

intensity of electricity as delivered to the equipment after taking into account the effects
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of ambient temperature and grid capacity on electricity generation, transmission and

distribution(Andersen et al., 2018).

Load Prediction

As we mentioned in chapter 4.1.AHRI Standard210/240 (2017) provies the

it emper anethodeto dstimate the load, power consumption, and energy
efficiency. However, this approach is only applicable to a fisgeled system. If the
system had a variable speed compressor, the compressor frequency's control logic
would affect the result. ASHRAE Hahdok (2001), chapter 28, provides a detailed
process to calculate the load using a physased method. With the development of
datadriven approaches, some researchers also use mdeainengbased methods

for load forecasting.

TemperaturéBin Method

To calculate the thermal load using the temperature bin method, Troch et al. (2016) and
Lee et al. (2016) gave a clear description in their papers. Engaging readers can also use
AHRI 210/240 (Standards, 2017) as references. The temperature bin defigition i
different in different regions. China (GB 2143619), Japan (JIS C 9612:2013), and

EU (NO 206/2012) use an interval of 1 °C for each temperature bin. However, U.S.
(AHRI Standard210/2402017) uses an interval of around 2.7 °C (5 fgure 49

shows a comparison of the iemperature used in different countries. The weather
data was from thBIOAA Integrated Surface Database (ISD) (Smith et al., 2011). Many
countries in Europe and elsewhere have relatively lower temperatures in the cooling

seasa. Thus, the lowest bin temperature for Europe (17 °C) is 5 °C lower than that for
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China and Japan (24 °C). Similarly, very hot climates require consideration of even
higher bin temperatures and consideration of global warming from rapidly increasing
greerouse gas concentrations in the atmosphere. When conducting the LCCP

calculation, using different temperature bins will bring different results.
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Figure 4-9 Bin Hours Distributions

Different countries use different standards, which define different temperature bins.
The energy efficiency metrics are also different. Seasonal Energy Efficiency Ratio
(SEER) and Cooling Seasonal Performance Factor (CSPF) are used for cooling, while
the Heating Seasonal Performance Factor (HSPF) and Seasonal COP (SCOP) are used
for heating. Annual Performance Factor (APF) is used for the whole Vkase

metricsare summarizeth Table 1.

SimulationbasedMethod

As the weather data is availablean use a physidsased method to simulate the target
building's load of a room that follathe ASHRAE Standar@4 (2019). This method
is able to control the variables, like the regions and refrigerants. As the dpplicat

Wijeysundera (2015) developed models in MATLAB to estimate the cooling and
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heating load of the target room. The new challenge is to accurately adjust ambient
weather data collected at locations unaffected by human activity to account for urban
heat isands and clustering and stacking of the outside heat exchangers that can

drastically impact both heating and cooling efficiency.

Data-drivenMethod

As NN-based techniques develop, a ddizen method is widely used to predict the
building load. Zhao aniagoules (2012) reviewed the papers using Neural Networks
and Support Vector Machines in building energy prediction. Kadir and Nora (2018)
studied 78 different prediction models for different types of buildings and summarized
eight other metrics to evaligathe models' performance. The benefit of the-detaen
method is that the process is straightforward and requires fewer labor efforts. However,
the datadriven approach requires a large amount of data to guarantee the quality of the
model results. Plyshe model built for one building design is usually unable to predict

the performance for other, significantly different building designs.

Grid Effect

In the previous studies (Choi et al., 2017; Lee et al., 2016; Yang et al., 2021), the AEC
was only catulated fromHP systems, and EM was considered as a constant. With this
assumption, the emissions due to electricity generation are a dominant factor in the
LCCP calculation. Different regions have various power plant emission factors due to
the resource qtion difference (Choi et al., 2017). Carbon Footprint summarizes the
countryspecific GEEFin June 2019 (Carbon Footprint, 2019able 4-3 shows the

grid electricity emission factors. The data for Asian countries is from G20 Green Report
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2018 (Transparency, 2018), for European countries is from the Association of Issuing
Bodies (AIB, 2019), and for the U.S. is from the Environment Proteahé@geatabase

(U.S. EPA, 2020).

However, more realistic assumptions related to the grid are required, including local
seasonal and timef-day carbon intensity of electricity sources (Khan, 2018),
electricity transmission and distribution losses (Sadaaska al., 2019), energy
embodied in water used for power plant cooling (Torcellini et al., 2003), and black
andbrown carbon power plant emissions (Jacobson, 2014). Itis vital to use incremental
carbon intensity of electricity, mindful that dispatchirgy usually based on cost
considerations that can ignore the carbon footprint implications. Plus, promoting the
development and utilization of renewable energy is the current trend globally (Xu et

al., 2019). LCCP could be different dependinglompower mk ratio.

Timevariation CarbonIntensity

Though previous research treated EM as a constant, this value was reported to have a

15% deviation throughout a year in Bangladesh (Khan, 2018). The reason is that each
energy source can have different greenh@ase emissions and with variation from

ambient temperature, capacity factor, and availability of thermal power plant cooling.

If the data from the local power supplier is available, using this data is the first choice.

Khan et al(2017)proposed a method to calculate a twaey carbon intensity. This
approach was based on each countryds GHG i
very complicated since hundreds of categories were involved in the GHG inventory

(Eggleston et al., 2006). Gam et al. (2019) usedsamplermethod, only considering
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14 major categories like natural gas and coal. This is a more practical metiel for
LCCP evaluation. Besides the impact of energy source components, ambient conditions
were reported to affect thgower plant carbon emissions as well (Arrieta and Lora,
2005; Kehlhofer et al., 2009). Gonzalbrmaz et al. (2017) summarized correction
curves for power plant carbon emissions prediction under different ambient

temperatures.

Electricity TransmissionDistribution, andTransformerLosses

Transmission, distribution, and transformer grid losses typically account for dbout 4
15% of grid generation (Saminathan et al., 2016), with higher losses at high ambient
temperatures when the equipment is operating atimem capacity (minimum
efficiency) and more power is required to cool transformers. Thus, these losses are
unignorable in LCCP calculations. Technical power losses can be divided into two
main categories: power line losses (Amemiya et al., 2011) and draresf losses
(Lakervi and Holmes, 1995). Pove@999) presented a method to break down, by
subsystem and cause, power distribution losses in electrical syst¢atsra et al.
(2003) proposed an approach to compute distribution losses without the caseplete

of data. Sadovskaia et al. (2019) created a holistic and analytic function for describing
the transmission and distribution grid power loss for all countries globally based on

economic, geographical, political, and technical available data.

EnergyEmbodied inCooling Water
Water abstractions from the natural environment often achieve the cooling of

thermoelectric plants. In industrialized countries, the electricity sector abstractions can
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be 40% from freshwater sources (Pan et al., 2012). Thusathercemission from
water consumption is unignorable. Byers et al. (2014) built a model and predicted the
6carbon di oxi d#gTwh)tot veatersconsuyngtion(oMrie Gixopathways
averaged over the grid's full capacity in the UK from 2010 to 2050. Lohrmann et al.
(2019) used satellite imagery to calculate the cooling water consumption around the
world. Furthermore, consider that in theutg there may not be enough water for
power plant cooling during high ambient temperatures when people and agricultural

and urban landscapes also need more water.

Renewabl&nergy asPower Sources

Promoting the development and utilization of renewab&r@y has become a common
consensus (Xu et al., 2019). This effect outperforms the power mix ratio and brings
lower EM. Thus, the LCCP would be lower as the source of electricity became
A g r e el cam mdhieve several power mix scenarios with currentfande power

mix ratios according to EIA's projections (U.S. EIA, 2021)Table 48, the ratio of
renewable energy itheresidential sector itheU.S. is expected to increase from 20%

to 41% inthenext thirty years.

Table 4-8 Percentage of Material Use

Author Systems Steel | Aluminum | Copper | Plastic
Yang et al.,

2021, Residential Heat Pump| 46% 12% 19% 23%
Troch, 2016

Fricke et al., Supermarket 0 0 0 0
2017 Refrigeration System 10% 55% 30% 5%

The last column of able 48 shows theaverage EM for each source from the literature

(Amponsah et al., 2014; Lenzen, 2008; U.S. EPA, 202@)n simulate the equivalent
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EM value for each year by calculating the weighted mean using the ratios as weights.
The last row inrable 48 shows the result. Due to the renewable energy ratio increase,

carbon emissions from energy consumption are expected to decrease by 26% in 2050.

Summary

Almost all thepaststudies assungehe energy source was electricity. However, natural
gas and petroleum fossil fuels are also usedRrsystems. Thus, more research on
nonelectric HP system environment performance needs further study. Different
countries could show more than 100 times the difference for EM (Ryan et al., 2016).
However, limited studies show a specific dataset for these values. Unique calculation
methods are also required for district heating and cooling with and without etgctrici
co-generation and waste heat utilization. For example, in colder climates whei® heat
rejected from supermarket foodefrigeration is used to heat occupied spaces or
anywhere both sides of a heat pump are put to a useful purpose or where other co
berefits are captured. Examples include vending machines with both hot and cold
drinks, heat pump condensing clothes dryers with water recovery, and air conditioners
that provide the desired level of comfort at high ambient temperature by intentional

controlof humidity and air movement.

It is well known that energy consumption is the main contributor to the carbon footprint
of refrigeration and air conditioning equipment, but this can be evaluated very
differently depending on how "green" the electricitdédined. This effect outperforms

everything elsel can simulate the power emission factors according to several power
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mix scenarios likeéhe current power mix ratio and future power mix ratio according to
ElA's projections. This will be valuable information P society. For electri¢iP
systems] recommend an updated approach to calculate emissions caused by energy

consumption given by e(r2):

O 0 06 O0 O 6 © 0 00 no (72

where'Gstands for the hour in one ye@ o is the energy consumption in hé€iO 0

is the emission factor in hoi§0 is the electrical energy consumption in hipi

is the energy loss during transmission and transform progess; is the energy
embodied in the power plant cooling waférp is the local nminal grid emission
factor;n is the penalty factor for timeary carbon intensity, which is a function of the

ambient temperature.

4.2.3.  Material Embodied Emissions

The carbon emissions due to the material used iHE&y/stemareanother factor that

may afect the LCCP calculation. Different systems have different percentages of
material usage. In the previous LCCP studies, most researchers used the detailed
calculation method. Most LCCP studies calculate the carbon emissions from the system
manufacture phasand the EOL phase. Another approach is searching the Embodied

Carbon Coefficients (ECC) database directly.

Percentage oMaterial Usage
Four materials, including steel, aluminum, copper, and plastic, were discussed in
previous research. The percentage of composition data was limited due to confidential

160



reasons. Studies rarely elaborated the data they used. Plus, some researchers applied

the same composition data for different types of systems (Fricke et al., Z@b¥g.

4-3 shows the information in the open literature. According to some studies (Lee et al.,
2016) , the materi al embodi ed emissions onl
reasonable to estimate values if the composition data is not available. However, for a

more accurate calculation, the information still needs to be achieved from the
manufacture. The emissions embodied in materials may be more important as
composite plasti replace metal or as battery storage becomes part of equipment

design (to level peak power).

DetailedCalculation
The carbon emissions due to the material used can be calculated by adding the
emissions from the system manufacture phase and EOL phase. dinissions can be
calculated by ed3and eqr4:

h a 00 (73
; ai Y0 (74
where m means the mass of unit (kg); MM means @©duced/Material (kg CQkg),

which is also known as ECC; mr means the mass of recycling material (kg); RM means

CO; produced/ recycled material (kg ed&g);

In many cases, recycled materials are used for economic and environmental reasons in
the manufacture ofP units ratherthan pure virgin materials (Troch, 2016). Most

recycled materials require considerably less energy to manufacture (Troch, 2016).
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Many materials today are manufactured with a mixture of virgin and recycled materials.
The average values of virgin materialsdarecycled materials were usually used in
LCCP calculation. Material disposal emissions include all emissions up to the
production of recycled material. For metals and plastics, this consists of the shredding
of the material (Zhang et al., 2011). Theseissions may be included in the
manufacturing emissions if the material is produced from recycled materials. A public
records search was conducted to determine the amounts of emissions were generated

by shredding metals and plastics.

However, some drawbks exist. First, this method ignored the emissions from the
material transportation and installation phase. Second, some previous studies used the
same emissions values for the material in every country. For example, Choi et al. (2017)
used the IIR guidatie to estimate Korea's LCCP. However, IIR only provides the
recommended values in the U.S. According to some studies, MM values could show

50% differences in different regions (Kohammed et al., 2013).

SearchingDatabase

Some researchers working b8A of buildings have developed a database for different
material's Embodied Carbon Coefficients (ECC) in different countries (Vilches et al.,
2017). Tabled-3 shows the virgin ECCs for the four material Inventory of Carbon &
Energy database developed bgrikinond et al. (2011). If the recycled material is used,

the recycled material database needs to be used. The data is missing for some material
in some regions. The average value around the world can be used for substitution. As

can find in Tabl&-3, theECC for Aluminum in the U.S. is around otlérd of China's
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value. Thus, ECCs could be a crucial factor in the LCCP calculation for different

countries.

Summary

The biggest challenge to estimate the material embodied emissions is the data limitation.
Since this part takes 0.1:%%% of the total LCCP (Troch, 2016), some estimation could

be used if data is not available. Researchers working on buildings or other products
have developed an ECC database. This is a simple approach to calculate the system

materid embodied emissions.

4.2.4. GreenPower Impact

According to the previous studies, emissions due to energy consumption are a major
partofalHPs y st emés total emissions. Many resear
caused by cooling and heating represent around8@%in the total LCCP calculation

(Lee et al., 2016; Li, 2015b; Yang et al., 2021). Direct emissions caused by refrigerant
leakage epresent around 1%0%, depending on what kind of refrigerants are used
(Lee et al., 2016; Yang et al., 2021). Mategatbodied emissions only represent
around 1%b6% (Choi et al., 2017; Lee et al., 2016; Zhang and Muehlbauer, 2012).
However, these conclims cannot be generalized for all regions. Nearly all of the
LCCP studies were conducted in theS, Korea, and China. These regions have a
relatively high GEEF imable4-3. This can lead to the result that energy consumption

is more important than threher two emission parts. For some European countries like
Sweden, the GEEF is only 1/40 of the GEEF of th& Uhis will make the emissions

caused by energy consumption in Sweden dealdasd0 times, with the result that
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