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Combined cooling, heating, and power (CCHP) systems utilize renewable energy
sourceswaste heat energgnd thermally driven cooling techmogly to simultaneously
provide energy in three form$hey arereliableby virtue ofmaingrid independece

and ultra-efficient because otascadesnergyutilization. These meritsnake CCHP
systemgotentialcandidate as energy supplisfor commerciabuildings Due to the
complexity of CCHPsystens and environmeral uncertainty conventional design and
operation stratagsthat depend on expertise or experiemight los effectiveness and
protractthe prototypgng processAutomationoriented approachesicluding machine
learning and optimizationcan be utilized at both desiggnd operation stage®

acceleratelecisionmakingwithout losingenergyefficiency for CCHPsystems



As the premisef design and operatidior the combined system, information about
building energy consumption should determined initially Therefore, ttis thesis first
constructs deep learnin@L) modelsto forecast energy demanéts a largescale
dataset The building typse and multiple energy demands ambedded in the DL
modelfor the first timeto make it versatiléor prediction.The long shortterm memory
(LSTM) model forecasts 50.7% of the tasks vaittoefficient of variation of root mean
square errorQVRMSE) lower than 20%Moreover, 60% of the tasks predicted by

LSTM satisfy ASHRAE Guidetie 14 with a CVRMSE under 30%.

Thermal conversion systems, including power generaitnystemsand waste heat
recoveryunits, play a vital rolen the overall performance dECHPsystens. Whereas
awide choice of componentsionlinear characteristics tifese componenthallenge
the automation process of system desigherefore this thesisseconddesignsa
configuration optimization frameworkconsising of thermodynamic cycle
representatiorgvaluation, and optimizdp acceleratehe system design processd
maximize thermal efficiencyThe frameworkis the first one to implemergraphic
knowledge and thermodynamic laws to generate newp@@ergeneration (SCOy)
system configurationsThe frameworkis then validated by optimizig the S-CO
system's configurationsndersimpleandcomplexcomponent number limitationshe
optimized SCO;, system reaches 49.8% thermal efficiency. This efficiency.3%2

higher tharthe state of the art.

Third, goeration strategy with uncertainty for CCHP systems is proposed in this thesis
for a hospital with a floor area @2,422 m at College Park, Maryland. The hospital

energy demandareforecasted fronthe DL model And theS-CO, powersubsystem



is implemenéd in CCHP afteroptimizing from the configuration optimizer A
stochastic approximations combined with an autoregression model to extract
uncertain energy demands for the hospital. Hodidwing strategies, techastic
dynamic programmingSDP), and appoximation approaats are implemented for
CCHP system operatiorwithout and with uncertaintiesAs a case study, the
optimizationbased operation overperforms thestload-following strategy by 14% of
the annual cost Approximationbased operation stratey highly improves the
computational efficiencyof SDP. The daily operating cost with uncertain cooling,
heating, and electricity demands is ab@6@61$/m?, and a potential annual cost is

about22.33%/n?.

This thesidills the gap in multipleenergy types forecast for multiple building types
via DL models, prompts the design automation €€ systems by configuration
optimization, and accelerates operation optimization of a CCHP system with
uncertainty by an approximation approadm-depth dtadriven methods and
diversified optimization technigues should be investigated further to boost the system

efficiency and advance the automation process of the CCHP system.
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1 Introducti on

Reproduced from the Lawrence Livermore National Lab wefisitdL 2020), Figure
1-1reveals that the energy consumption of buildingte U.S, including commercial
and residential sectorns,around 38 Quads annually, whigbcounts fonearly 40% of
the total energy consumption in the past two decades. Eveglitatal primary energy
consumption in buildings is stable, electricity consumption increases when recognizing
the boost of electricity generation efficiency from 30% to 3BA&rgysaving is urgent,
and a large portion of consumpticeductioncould dramatically improve total energy
efficiency. Theréore, high energyefficient buildings are critical to the efficiency and
sustainability of our societyA combinedcooling, heating, and power (CCH&)stem
offers high primary energy efficiency due to casle energy utilization and high
flexibility because of main grid independence. These merits GdkdP systems

capable candidates as energy suppliers for buildings.

wn
=}

150

T T T T T T T T T T T T
I Total Energy EEE Pri. Energy for Resi. =X=Ele.Efficiency

=

S

EEE Pri. Energy for Comme. Ele. Converted for Resi. =e=Ratio of Comm. i

i Ele. Converted for Comme. =eo="Ratio of Resi. | Q

~ e, =e= Ratio of Build. §

e —

~§ 120 F oo e ././o 0\._—._——0\._.\./0\. - 40 o2

N <

)

Q e XX e X =g X% ] =

< % I X o K= X en X Q

S ok EEE N N F30 S

= 9

S N

s Q

S O
2 ®

L q g o Q g QG y > o G S o q Q q é

S 60f : 1 - : : q F20 2

DQ 3 d d a3 a3 o q q q q Q g q q o Q g

& S

Q

N QN\

V

S 3R - 10 &

Z

2

N

0
20022003 004 1305 000 130T 008 2309 1010 1S N2 41D A1 49850109V T A 410
Year

Figure 1-1. Energy consumption tifiebuilding sectorin the U.S.
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1.1 CCHP system

Figure 1-2 shows thesignificant developmerg of combinedsystens in simplified

system configurationsHigher energy Efficiency, lower Economic cost, and
Environmental impact (3E) are the everlasting lgaat developing energy supply
systemsThe idea of hybrid usage, thernrgriven cooling, heat recovery technique,

and renewable energy penetration makes combined systems feasible and more
sustainableSpecifically,thecombined cooling, heating, and pow@&CHP) system is
named directly from energy demand typdisis an efficient method tgrovide

electricity and two kinds of thermal energy simultanepusl|

Independent CHP Distributed
Generation CCHP
* Centralized heat « Thermal activated * Smaller generator
supply technologies * Renewable energy
lEJectricury ‘ Gas 1635 ’ Sas
£ Il | Absorption - S donono Waste
Electric_ —— ©J 0popan chiller i Generatay | [_Engine Recowlr
chiller {eneratof | [Engine Boiler Waste Waste
Cooling Electricity waste Heating
Cooling Electricity Heating
‘Gus < L Renewables
' Gas
‘ Electricity o Absorptidn g Wastd
Electric , —— © 000000 Ja [Wastd chiller Smaef Engind™ gocovsr
chiller Generator | [Engine Recovar Waste Waste
l | Waste i i
Cooling Electricity ..., Heating
Cooling Electricity Heating

Figure 1-2. Development odombinedsysters

To distinguish the whole CCHP from its underneath energy conversion technologies,
CCHP is calleda system and others are denoted as subsystems in this tfdwms.
energy flow structure in a specifi€CHP system is illustrated ifigure 1-3. The top

lines represent energy sourcdise rectangular boxes represent energy conversion

subsystemghe circular boxes represent energy demands (electricity demand, cooling
2



demandandheating demangthe bottom lines represent energy storagésystems.
These four elements form a sustainable energy system and can be enriched by utilizing

renewable enrgy, adopting various conversitechnologiesand expanding functions.
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Figure 1-3. Energy flow structure ad CCHP system

In conventional CCHP systemsprime moves (PM) such asa gas turbine (GT)
converts primary energy into electricity. The waste heat otherwise discharged is
recovered for space heating and cooling demands through absorption cooling (ABC)
or absorption heating (ABH). Auxiliary components suctamslectricchiller (EC),

heat pump (EH)or boiler are added to the system to fulfill extra cooling and heating
demands. Overall, a CCHP system can achieve over 80% overall energy efficiency for
different primary energy inputs, which is much higher than re¢pad generation

systemgWu and Wang 2006)

There are threstagedgor a CCHP system to [seiccessfullymplementegas show in

Figure 1-4. demand planningsystemdesign and systenoperation(Gu et al. 2014)



The demand plannirgfageconsidersiow much energy shoulcelprovided for @aarget

like a commercialbuilding. Accuragly quantifying energy demarnd the key to the
planning procesandses the base of théllowing design and operaticstagesThis
guantificationcan be realized through physical model om datadriven model. It
should considerthe factors that influencthe needs of the buildingAt the system
design stagenultiple subsystems aselectedrom the candidate pochnd combined

to satisfy the funabnalities of a whole CCHP systermhe selection of subsystems
shouldconsidercriterialike energy source availability, technology maturity, and social
impact benefitsThe subsystemsonsistof variouscomponents and working medigm
Appropriatemathematal modelingof componerdgcharacterizesverysubsystenand
sets thebass for thefollowing stage At the systemoperationstage,an operation
stratey is determinedregarding the strategy's feasibility, the complexity of the
designedCCHP system and theresponse characteristic of subsystefitse selected
operation strategyoordinate subsystemdo fulfill energy demand requirements

continuously

Figure 1-4. Implementation ch CCHP systenfor buildings inthree stages
4



1.2 Motivation

Regardless of the stages of a CCHP system, deaisaixers constantly seefficient

and effective approaelsto implemening a CCHP system witl3E targes. However,

due to the complexity o£ECHPsystems and environmental uncertainty, conventional
design and operation strategies that depend on expertise or experience might lose
effectiveness and protract the prototyping procBgéiculties expand in three stages

from planning, design to operatio

First, well-developed physical energy forecast tools require detailed building
information and environmental parameters before feeding into the simulation system.
These requirements make a comprehensive evaluation of building energy consumption
cumbersme. Second the design of thermal conversion subsystems withi@CHP
system consists of both configuration and performance variableslesign. The
configurationdesign involvesa wide choice of componentand a strong coupling
among components These compleities and the interdependence between
configuration andperformance variablelesigns make researchers choose potential
configurations from theandidate pool and concentrate morgerformance variables
design The designprocesss trivial, highly dependent oexperiencelose optimality
andthuschallengse the automation process of system design. Theratasajrgent to
developan optimization frameworko consolidate the twelemens and yield a more
automatic design proceskhird, starage subsystems maltee conventional operation

of a well-defined CCHP powerless. Recursive optimization through dynamic
programmingintroducescurse ofdimensiomlity for systen operation Moreover,

energy demands are not always accurate du@accurate weather forecasand
5



occupant fluctuation. Therefore, it is desirablentplementan efficient and effective

approactihat cardeal with system operatiavith uncertainty with storage subsystems.

1.3 Literature review

1.3.1 Energy demandplanning

The nodels for building energforecastcan be categorized into physicdhatadriven,

and hybrid models that combine the previous t&masyali and EiGohary 2018)
Physical models are established based on modularized building sectors and heat and
mass transfer mechanism¥evertheless, these models become incredibly complex
when considering the complicated mechanism and the coupling characteristics of every
module in buildings. The whole system performance can be evaluated only by
simulating or simplifying every subsystgd. Li and Wen 2014)In this genre, many
commercial software packages have been developed to assess the energy consumption
of buildings, such as DGE, EnergyPlus, ahBLAST.However thesewell-developed

tools require detailed building information and environmental parameters before
feedinginto the simulation system. Consequently, predicting the energy consumption
of any building would require an excessive amountimie, labor resources, and
knowledge from experienced exper(dmasyali and ElGohary 2018) These
requirements make a comprehensive evaluation of building energy consumption

cumbersome.

More importantly, building energy consumption is highly influenced by uncertain
factorsfrom weaher prediction, occupant activitidsuilding degradation, et¢Zeyu
Wang and Srinivasan 2017)hese factors are hard determine and evaluasd the

6



beginning of constructing the physical modélslike the physical models, the data

driven models have sometimes been deeméalack boxd Therefore, they have no

specific physical meaning, such as ML approaches, which only implicitly extract
featuredrom dataCompared with physical models, these methods have the advantages

of robustness, flexibility, and rapidity when applied to prediction sta&un,

Haghighatand Fung 2020XConcisely, the building energy prediction task is a type of

supervised regression in the viewpoint of Me f 1 e | d . OSupervisedd me
used for constructing a predi ctecantmmousmodel h
predction values. In this genre, any algorithms that are used to deal with supervised
regression in the machine learning area have the potential to be shifted to building

energy prediction tasks.

The development of ML and data science manifests the oppotunii leveraging data

for building energy predictionAmong all the paradigms d¥iL, neural networks

(NNs), support vector regression (SVR), decision tree (DT), and Gaussian process
regression (GPR) are the most represented @@singos 2015)These techniques

and algorithms have been intensively applieduiiding energy demand prediction

since 200(Kalogirou and Bojic 2000; Xu, Wang, and Tang 2019; Dong, Cao, and Lee

2005; Park et al. 2016; Z. Yu et al. 2010; Zhong et al. 2019; Heo and Zavala 2012)

Figure 1-5 summarizes the overall research trend of-bésed building energy

prediction tasks. Specificallfsigure 1-5a shows the tendency of annually published
papers since 2005. 60Traditional ML6 met ho
ensembl e algorithms, O(Amabyeliard &Gohay2@lB)i ses r e

statistic method¢Fan et al. 2020Q)feature engineerin¢Fan, Sun, et al. 2019)ata
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augmentatiorfFekri, Ghosh, and Grolinger 202@)assification task8Nestermann et

al. 2020) and transfer learningFan, Xiao, et al. 2019)The period after 2012
engenders an exponential increase in publications compared with the linear trend of the
period before 2012. This notable shift, whmdrresponds to theajor breakthroughs

of deep learning (DL )demonstrates the enhancement of ML on energy prediction tasks

endued by DL.

a. Year

XIS\ LI\ PN NPT\ ST\ C P\ E P N CRPT P\ LI GRS CRNET A LRI A

50

T T T T T
EEE Traditional ML
I @ DL
Others

40

Number of Published Paper

o |

=== DL GPR
mmm  ANN&FNN Ensemble
== SVR Review
- Statistic& LR Others
www DT&RF

== Thermal Both == Multi-types Simulated
mmm Electricity Overall s Single types Real-time

Figure 1-5. Research trend of ML in building enengrediction a. Paper published
along with year b. distribution of ML algorithms c. distribution of investigated energy
types d. building types and data types

Mor eover, DL6s capabi ddimensionabdnd ldrgecale datag wi t h

structure facitated researchers probing into energy prediction tasks by this algorithm.
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Consequently, many investigatiorsipported various Dbased algorithms for
building energy predictio(Fan, Sun, et al. 201.9\mong all the DL algorithms, RNN
(Rahman, Srikumaind Smith 2018pased model, notably long shoetm memory
(LSTM) (D. L. Marino, Amarasinghe, and Manic 2016; Kim and Cho 2019; Somu, M
r, and Ramamritham 202®&howedits capability in building energy prediction tasks
due to tempal characteristics along with the NN laydps. is superior to other models
for building energy prediction in various literature that conducts siegégytype
prediction(Rahman, Srikumar, and Smith 2018; Zhe Wang, Hong, and Piette 2020)
compared with the traditional ML algorithrito better understanthe superiority of
the NN-based algrithm in different taskgsigurel-5b sums up all 161 papers and plots
the distribution of different algorithms. The Ndised algorithms, includirgNN and

DL, represend4% of all documents ansl0% of research papers. This distition
further manifestd\NN's fast spread and advantageinly DL-based model, over the
traditional ML model. Koschwitz et al. adopted historical data from arasidential
district in Germany for training ML models to predict monthly thermal loads
(Koschwitz, Frisch, and van Treeck 2018he testing results shed that recurrent
NNs yielded higher accuracy than SWdAsed modeldNalker et al. analyzed seven
machine learning algorithms for hourly electricity demand predidiWalker et al.
2020) The result showed that the regression treeaatiiicial neural network (ANN)
model demonstrated higher performances than SVMtlathe-Gaussian algorithm.
Wang et al. differentiated other algorithms with ¥ised models as shallow machine
learning(Zhe Wang, Hong, and Piette 2028nd the authors found Dbhased LSTM

was best for shotterm prediction among all seven shallow and two deep algorithms.



These paperall validated the ability of the NNased model, mostly Dhased model,

to outperformtraditional ML in building energy prediction task

The primary concern of singknergy typeorediction ainedto explore the capability

of ML for predicting overall energy consumption from thermal or electr{&ghman,

Srikumar, and Smith 2018; Zhe Wang, Hong, and Piette 2@&0)ultaneously, the

detailed consumption information by different sectors of buildings is compressed in

this single taskin contrastsuch multple energy typegredicion is significantfor the

operation of subsystems in buildings. Thaltiple energy typeprediction is limited

as shown irrigurel-5c .  Her ed, eodnoevregryalclonsumpti on repres
predicting the gross sumf t her mal energy and electrici
targets predicting energy consumption from thermal and electricity. It is observed that

most of the prediction targetare a single energytype With the capability of

overcoming the limitation of physical and hybrid prediction models, a natural question

is whether the Mtbased regression models can accurately predidtiple energy

typesof building for multiple building tpes.On the other hand, the last pie plot in

Figure1-5 shows whether an ML algorithm is used for a single type or multiple types

of building prediction. Different building types involve variogsergy consumption

rangesand distinctive energy demand attributes. To further expand the robustness and
increase th versatility of the DL model, it is also worthwhile to investigate the
performance of Dtbased models for muttie energytypes on multiple types of

buildings.
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Prediction target:
consumpti-enabe& Fan;

Figure 1-6. Multiple-energytypes prediction on multiplbuilding-types

Energy prediction model for multiplenergy types and building types can be
categorized ifrigurel-6. It is significant for achieving optimum design, operation, and
largescale sustainability for energy supply systems. Therefore, applications of these
models in multiple energy types prediction on multiple building types are summarized.

The gaps in related remeh works are discussed below.

OQut put

Out pGBt

.......

Figure 1-7. Individual model vs. single model for multiple energy types
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There are two streams to predict multiple energy types for buildings, which can be
viewed inFigure1-7. The first stream is to construct numerous individual models to
independently predict the corresponding energy type. The second stream is building a
single model to predict multiple energy types simultaneously. It should be noticed that
the ML Oblack boxd is not necessarily a ne
models can also be used. Considering that energy consumption from different sectors
depends on each oth@masyali and ElGohary 2018)For instance, the electricity for

the plugin electric vehicle interacts with space cooling or heating Yaaudet al. 2012;

Chae et al. 2016Moreover,the physical model constructed from wedtablished
software EnergyPluéCrawley et al. 20013hows that factors like occupants residing

in the building impact electric light, water heg cooling, and heating load;
meteorology information affects cooling and heating energy consumption at the same

time.

Compared with conventional ML, parameter sharing in DL naturally helps with
increasing generalization and improves the performansenifar task§Ruder 2017,

Y. Zhang and Yang 2018Moreover, the feature of the building type can be easily
embedded into the model at the appropriate layer of NN. For a convolution neural
network (CNN) or recurrent neural network (RNN) model, thwaracteristic of
parameter sharing in neural network layers balances the performance on multiple
outputs. At the same time, the multiple independent models cannot obtain this shared
information. In addition, it is proved in the ML area that a single mfdahultiple
dependent energy types output increases robustness or generalization of prediction

compared with an independent mogal et al. 2016)And the feature of buildingype
12



can be easily embedded into the model at the appropriate layer of NN. Moreover, for
complex prediction tasks, like multiple energy types prediction, a single model saves
model construction timgY. Zhang and Yang 2018tompared with multiple
independent models. There are ten energgsygnd 16 types of commercial buildings

for the dataset in this thesis. The number of individual models would be 160. It would

be even larger when considering the locations of different cities.

At the same time, the patterns of occupant or meteorologyniaition might not be
easily extracted or obtained as the input features of the niddab and Magoulés
2012) A reasonable way to predict multiple energy types is to construct a single model
where tle dependent historical multiple energy types can be explored as additional
information instead of multiple individual models. Seyedzadeh et al. conducted a
comprehensive study to compare the most popular ML models for predicting simulated
cooling and heatig load(Seyedzadeh et al. 2019)he authors contired to propose
specific parameter tuning, optimization, and input feature ranking methods for these
ML models and addressed the energy retrofit prol§leeyedzadeh et al. 2020)hese
research work together to provide a valuabfenrence for ML model construction and
parameter tuningfherefore, a single model should be constructed to make predictions
with shared representation in DL to generate enriched bond information within the

different energy types.

One mainstream addressesmerous building type problems by emphasizing the
properties of the buildings. Chou and Bui constructed an ensembled model containing

ANN and SVR to predict thermal log@hou and Bui 2014)r'his model demonstrated
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efficiency, effectiveness, and accuracy at the planning stage. Whereas every property
of buildings containingvall area, height, compactness, etc., was used as input features
in the model. The broad and gross selection of features made the model cumbersome
and had few differences from the physical model. Robinson(&abinson et al. 2017)
further decreased the feature number te &imd adopted a gradient boosting regression
model to predict national data from the Commercial Buildings Energy Consumption
Survey (Yalcintas and Ozturk 2007However, the granularity of data is one year.
Therefore, this treatment is profitable for energy suppliers but invalid for operation

guidance a the demand side of buildings.

The other branch investigates this task by categorizing building t@oésbaet al.
developed a+nean algorithm for the clustering building type and SVR for predicting
30 mixedused buildings(Culaba et al. 2020)The clustering combined with the
predicting method can distinguish the consumption behavior of different building
types. However, there is only gross energy consumption considered. Hawkins et al.
categorized campus bdihg types by classroom, lecture hall, sixth form college, and
university (Hawkins et al. 2012)Activity-basel benchmarks and building internal
environment types were chosen as input features of the ANN model. The authors
analyzed the importance of parameters in the ANN model and confronted a low
statistical significance of these parameters due to the high defgneese in training

data. Nonetheless, the prediction results of their work indicated the potential ofthe NN
based model for analyzing building energy even though significant improvement is
needed for this model. In terms of the NN model, the featubaiitfing type can be

easily embedded into the model at the appropriate layer of NN.
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1.3.2 System dsign optimization

System design haalways been widely investigatein engineering arsasuch as
topology generation, material design, 8BapesynthesigRegenwetter, Nobari, and
Ahmed 2022)and cicuit synthesigGuo, Herber, and Allison 2019%ystem design
concerns twosignificant aspectscalled configurationvariable and performance
variable Forthermodynamic system desiggstemconfigurationcontains information

on specifc componentglike compressor, heat exchangerpine,and valveland their
connection And the configuration of a thermodynamic system is a heterogeneous
graph when considering the multiple types of compondimtsperformance variables
include capacity,pressure ratio, pinch point temperature, evaporating or condensing
temperature, efficiencyand other factors influencingthe system performanceA
system must go througimiterative procesbetween configurains andperformance
variablesto obtain asatising design.An automatic way to generathis satisfying

designis throughanoptimizationprocessviewedin Figure1-8.

ANY 4

9l f dzl

Figure 1-8. Overview of system design optimization
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The system design, evaluatji@nd optimization are responsible for defining a system

in an appropriate data structure, solving a system with interested metrics, and providing
iteration direction forsystemdesign.The performance variabledike pressure ratio,
efficiency, effectiveness, approach temperature, etwisys continuous valgen the
thermodynamic system design gnelereas the configuration is unstructured data that

a graph can represeitihe optimization for system design becaoemplex due to the

mix of different types of variable§ince the configuration cannot be separated from
the performance variablesvhen conductingdesign optimization researchers can
optimize theperformance variablefor a specific configuration and then tune the
configuration. This blevel optimization proess takes a long time to converge.
Therefore, lhe conventional approach for thermodynamic design optimizatibrsts
selecting the candidate <configurandi ons
optimization is then conductedith a focus onperformame variables Therefore,
designoptimization that includes the configuration aspect for thermodynamic systems
is still under investigation compareddther engineering design optimizatidike 2D

shape synthesis, circuit synthesis, ahdmical processi The following subsection
summarizes the research works targeted at configuration optimizatiomarea of the

thermal energy system

Overall, there are threspproachesf configuration optimization for energy conversion
systems. The firstapproachis a taskoriented method.The objective of the
optimization is to reach specific temperatures with minimum economic &astsof
the system remains optimized in this gestech as the heat exchanger network (HEN)

(Yee and Grossmann 1990; Lazzaretto and Segato .20019 method is always
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adopted in chemical processing application o i mi | and G-mez 2017,

2020) The flowsheet is sometimes rigid, and the whole network's functionality
completegpart of theentire process. In thermal engineering applications, the target is
to obtain the optimum temperature distribution at a system (éelg et al. 2018)r

a single heat exchanger le\@l Li, Aute, and Ling 2019)Pinch point(Sanaye and
Niroomand 2007)r discrete parametdZ. Li, Aute, and Ling 2019)nethods are
applied to simulate the networkhe complexity comes from the network structure,
and the functionality of every vertélat represents the thermodynamic comporgent
the same-- heat transferA homogeneougonfigurationis determined when each
component has same properties (matefiaictionality, representation, etcWWhereas

a heterogeneousonfigurationis defined as those where two or more types of
componentsexist in the system.In other words, thdargetedconfiguration is a
homogeneousnefor heat exchanger desighhereforeg it is notapplicablefor design
optimization of the whole thermanergy conversion systerwhere heterogeneous

configuration is required to represent the thermodynamic cycle

The secondapproachadopts superstructure, which first emerged in the process
synthesis area with the concept of containing various advanced system configurations
(Yeomans ad Grossmann 1999)n other words, th@ptimization variable at the
configuration levelre on-off signak of the connecting tubes so that only part of the
superstructure works. With this assumpticormponentsised or not in the system can

be describedising binary variables. The problem can be attributed to the nonlinear
component performance equations agaetinteger nonlinear programming (MINLP)

problens. A matrix table is used to represent candidate configurations. Grekas and
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Frangopoulos adopted an automatic synthesis process for the energy system based on
graph theory, and the superstructure of a coetbitycle was examined the
effectiveness of the approaf@rekas and Frangopoulos 200E)sido et al. proposed

a superstructurbased Rankine cycle that allowed the whole system to perform a
techneeconomic optimizatioElsido, Mian, and Martelli 2017).ee et al. designed a
superstructurdased optimization study utilizing LNG cryogenic exefgge et al.

2017) This structure contains 1,024 possible process alternatives. The best process
generates 40% more power than a simple organic Rankine(QRI€) system with a
stochastic optimizer. Yu et al. proposed integrating ORC with HENs considering a
superstructure with optional turbine bleeding and regener@tioyiu et al. 2017)The
optimized system improves the best configuration design by 13%etBhoconducted

a simultaneous optimizatiamongnine configuratiors for a threestage condensation

ORC system(Bao, Zhang, Lin, et al. 2018Bao et al.proposed a simultaneous
approach to achieve the optimal components@mpositions of the zeotropic mixture

at the same timé@ao, Zhang, Yuan, et al. 2018)he result shows the system with
zeotropic mixture has better performance than that of systems with pureCfagacdet

al. designed a superstructure based CCHP system for minimizing the operation cost
under transient conditien(Cao, Hwang, and Radermacher 201Klarado et al.
simultaneously optimized the selection and operation of technologies for distributed
energy systems in building€edillos Alvarado et al. 2014} allowed decisiormakers

to select optimal technology from a limited portfobb different technologiesind
defined an operational sahde that minimized the whole life costirand carbon

emission However, all the superstructdbased approaches are predefined based on
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researchers' expertise, which might exclude the optimum configuration initially.
Moreover, the problem scales up witkaegenumber of candidatemaking solving a

mixed-integer nonlinear optimizatiogoroblem timeconsuming.

In the lastapproachtheheuristic search or superstructiiree methodlepends on less
experienceo generate new configurations. This metddtersfrom the superstructure
methodfor generating new configuratioty a deterministic algorithmGeneral rules

are implemented fageneratng a new possible configuratide.g, it must consist of a
specific component or circle)Therefore, the method is stochastic instead of
deterministic. However, instead of a mathematical programming approach to discover
configurations from the integrated search spackearistic or metaheuristaigorithm

is adopted to generatmndidateconfigurations, then evaluated by an optimization
algorithm. Wright and Zhang designed a genetic algorithm to optimize the
configuration of the HVAC systeifd. Wright et al. 2008and validated this approach
through experimentgJ. Wright and Zhang 2008)The algorithm had an 81%
probability of finding a feasible systeneslgn when the component set was fixed as a
boundary condition on the search. However, the core part is designimycgeneous
graph representing \gentilation network like HEN mentioned before. Only flow rate
and energy mix or split are needed to be mared, which is insufficient for whole
system optimization. Similarly, Zhang et al. adopted an artificial bee colony algorithm
for HVAC optimization problems and validatednith two HVAC example problems
(Xin Zhang, Fong, and Yuen 2013Yoll et al. proposed a superstructdiree
framework for a distributed energy supply system by evolutionary algorithmp (EA

(Voll 2014). Subsystems were hierarchized and categorized based on functionality, and
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specific rules were designed to implement EA mutation. Rieearchysupported
approach carautomaticallyidentify complex solutions such as cogeneration and
trigeneration. Wang et al. further developed this approach by combing an energy
conversion hierarchy, which allows for generic replacement riile$Vang et al.
2014) Toffolo upgraded from HEATSEP and developed a superstrufreee
codification of the Rankine cycl@ndrea Toffolo 2014) This codification assumed

that all subcycles in configurations are constructed frarffour-component primary

ORC system. From this assumption and cascade mechanism, the newly generated
configuration never violatethe connection constraint as well as the thermodynamic
constraint without a priori specification. The auth@sToffolo, Rech, and Lazzaretto
2018)further applied this method fartwo-pressure level Rankine cycle optimization
and validated the effectiveness of this approach iffgerent working fluids and
temperatures of the heat source. However, the basic cycle only considered a four
component structure, which limited the configuration potential. For instdhee,
method would be powerless ifreat exchangecompressor, or tbine is connected
continuously in a basic cycldt is noteworthy that the optimization work in this
category heavily relies on experience or expertise since generating possible
configurations obeys the rule settled by researchiEnsrefore, an approachnat

depends on less expertise is needed to opticoiziguration othermal energy system.

1.3.3 System operationoptimization

The loadfollowing method are the most straightforward stratedgr operating a
CCHP system, adlustrated inFigure 1-9. The performance of PM is shown by the

solid line, which represents the relationship between generated electricity and
20



recoverable hedtom the exhaust of PMP.J. Mago and Chamra 2008y point A

or B represents the energy demand at any time. The cooling load is also transferred to
theheating load througthermallyactivated technologiesish as ABCLe t 6 sake t
point A as an exampl®egulating PM to point Ajpeans that the system operates under
thefollowing thermal load (FTL)while point Anjmeanghefollowing electricity load

(FEL). It is the same for point B. Overall, the leidlowing methodmatches the
energy demand and supply strately is observed that energy would be wasted no
matter which loadollowing method is used. Thus, some variants fthebasic load
following method likehehybrid methodP.J. Mago, Chamra, and Ramsay 2010; Fang,
Wang, and Shi 2012; Pedro J. Mago and Hueffed 2846jhe following minimum
distance metho(C. Y. Zheng, Wu, and Zhai 2014je used to reduce energy wasted.
Afzali and MahaledAfzali and Mahalec 2018Jeveloped a novel performance curve

for determining the optimal control strategy ®CCHP system based dhe load
following method. Energy priceu&l consumptionand CO, emission rates were all
considered in the novel curve. The case study shows that this methodology leads to the
best operation result compared ¢vher loadfollowing strategies based on 3E
objectives. However, the loddllowing mehod and its variants apeedefined andot
optimaloperationstrategies. They can be only used for capacity optimization from the
design point of view. In addition, subsystems axersimplified sometimes, and
storage is never investigated in this methbderefore, it is mainly suitable for simple

systens and statioptimization moded
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Figure 1-9. Loadfollowing method

The storage subsystem effectively mitigalestuation in energy demands and peak
shaving characteristics of CCHP systems. Wang an(BW/ang and Ma 2008jated
that the optimization retad to storagesulsystems was a dynamic optimizatigh
trajectory of decisions should be determined in the optimization prozi®s than a
single-point optimization In other words,the optimization with storage requires
significantly increased computation resoura@smpared with a system without a

storage subsystem

Zheng et al. considered heating and cooling stosgsystems and built enixed
integer nonlinear programmin®{NLP) model in GAMS o deal with the dynamic
optimization problen(X. Zheng et al. 2018)The authosolved theoptimal size and
operation strategy througthe Lindo optimizertargetingminimum cost andCO2

emissions Zheng et alproposed a novebperation strategy for théhermal storage
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strategyin a CCHP systen{C. Y. Zheng et al. 2017)This strategy determined the
operational state of the power generation unit based on the energy derdadhd state

of the storagsulsystem. This method was a complex variartheffollowing demand
method by counting the storage eneigfp the PM. The simulation results show that
charging or discharging as much as possible stored thermal energy vwquté
systemperformanceby up to 20% as compared with the system without thermal
storage. Hajabdollahi comparéalr different storagsulsystem configurations when
optimizing the capacity and operation strategiesa @CHP system(Hajabdollahi
2015) The optimal cas shows thathte total annual profit would increase most for
adopting cooling and heating storage devices. Gu etiralestigated the storage
subsystem in the system optimization with load uncertai@y et al. 2015) The
authorsfound the storagsubsystem acted better undeore considerablencertainty

of themal demand. In addition tile traditional sensible thermal storagetsystem

(Liu et al. 2015) some new storage technologies such as phase change material and
compressed air have been applied toGRHP. Jabaret al. used MINLP to optimize
the energy and exergy efficiency ah adiabatically compressed air energy storage
based CCHP systefdabari, Nojavan, and Mohammadi Ivatloo 20I®)eyresulted

in 21.8% and 22.4% lower operational costs umdeting and heating modes. Latent
heat storage is another choice. Ruan et al. adeptext storagsulsystem in building

a CCHP systenirhe system had similar energy efficiency but lower operation cost by

using a simple linear programming optimizatmodel(Ruan et al. 2016)

The gstem operated under redéime data shouldcconsider discrepancies between

practical and predicted deman#towever, theaboveoperation methods are based on
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predicted or default energy demand, egeggsources, and cost incentives. Therefore,
they cannot identifyoptimal realtime managementvith uncertain conditionsMore
specifically, uncertainty from energy demand prediction, energy market, pnde
activity schedule should be considered. Stochastic solutions are usually preferred over
deterministic solutions since the former providesgliable operationstrategy inreal-

world applicationgC. Marino et al. 2018)

Farmani formulated a deterministic and stochastic operation optimization problem
(Farmani et al. 2018)The Monte Carlo method was used to produce many scenarios
to simulate uncertainties, including weather conditiand forecast price Results

show that the proposed smart operation strategydcsignificantly reduce the
operating cost by considering the correlation between historical data. However, energy
storage is not used in the CCHP system, which dilutes the effectiveness of this
approachZhou et al. investigated thebustoperationoptimizationstrategy foran
integrated community energy system throdlyd mixedinteger linear programming
(MILP) model(Zhou et al. 2018)The uncertainty of renewable energpeluding wind

and solar and the uncertainty of the price market were considereithe robust
optimizatian. Theconfidence intervals of uncertain parameteeserpredicted vighe
Gaussian process method. Marino et al. investigdtedCCHP systemoperation
strategy undethe uncertainty of electricity(C. Marino et al. 2018)The uncertain
demand was asswd to follow a normal distribution. Twstage optimization was
implemented, in whiclthe uncertainty occurred in the second stage. A hybrid sample
average approximation algorithmas/ used with an enhanced benders decomposition

algorithm Ji et al. applied a fuzzyrisk-explicit interval parameter programming
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method to solve the systeaperationproblem under random energy pri¢k et al.

2018) The method can be expanded to tackle fuzzy and interval uncertainties in terms
of various cost coefficients, forecasted demands saecimakes' risk attitudes, and

other microgrid system management uncertainti@sang et al.implemented a
stochastic dynamic solution to investigate the performance of a CCHP system with
storagewith uncertain renewable resources and demgKdang, Zhang, and Sun
2019) The reslts indicate thathe CCHP system with randodemands and renewable
energyshows operation cost reduction by 1.66% compared with the deterministic

optimization.

Most of these research works evaluated energy demanesyy resources, and cost
incentives mdependently. The uncertainties are extracted in the form of confident
intervals. Howevemnultiple energy types in buildings are interdependent. And there is
a lack of investigations on uncertainties of all kinds of demarMsreover, the
computational cst of implementing stochastic dynamic programming increases
exponentially with the numbers of storage and discretizafioerefore, it is necessary

to implement an efficient and effective approachifmestigaing the uncertaings by

considering all typs of energy demandsd multiple energy storages.

1.4 Review simmary and gaps

Compared with a single energype on one type of building, there is insufficient
research for predictingultiple energy typesn an hourly basis for multiple types of
buildings in a single ML modglAmasyali and ElGohary 2018; Zhaand Magoulés

2012; Sun, Haghighat, and Fung 20281) prediction models are built specifically for
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one kind of building or longterm energy consumption, which mighot provide
operational guidance for buildings dusters. Second, few efforts haveeln devoted

to multiple energy typespredicting, needless to say, the model performance for
multiple energy types anmdultiple types of buildingsTablel-1 lists the major research
works that implemented DL for building energy forecast. These research works focused
on electricity or cooling demand forecast for only one types of buildig though

an independent modebln be builtby traditional ML for eergy consumption from
different sectors and then combine these mottefsredictmultiple energy typesit

would be cumbersome and éodnterrelationship among different energy types
Meanwhile,sparsity characteristias the dimension of the building tgpwould be

troublesome when feeding intiaditional ML models.

Tablel-1. Major research works by applying DL for building energy forecast

Dat a
scal Mo d

. . CNN
Ki m, 2 1 min dectr|lelect 2 mLST
0

Aut horfGranul Il nput Outp

Mar i n )
2016 1 min e ectr|elect 2 mLST
Herrer . . )
5017 1 min cool i cool il0. 35LST
Rah man
2018 1 ho| el ectrelect| 0. 3|LST
Cai , 2 1 ho| el ectrelect 24 CNN
Wan g, 15 mi el ectrnelect| 46k|LST
We n , 2 1 ho| el ectrelect 10 GRU
electrelect
Thi s t 1 hour COOI'. cool il 130 CNN
heat i h . LST
. . eat.
buil di

* The dataset is in million (m) or thousand (k) scale.
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The design optimizatiomoncerns two aspects, including configuration specification
and performance variabledesign The configurationdesignaspect required more
investigation compared with thperformance variableslesign aspect.The new
configuration generating process can daegorized intahree approachesdy the
prerequisite knowledge fatevelopng candidate configurations, as shownTiable
1-2. The configuration variables for taskiented and superstructure methods are
discrete and explicitly expressed in the optimization funcfldrerefore, mathematic
optimizationbasedonlinearsolverscan beused to tackldesign problem ithese two
approachesHowever, it might takéongerto find an optimum and might screen out
the optimum configuration at the beginnif@n the other hand, theonfiguration
variables are implicitly programmed in the configuration generation process for the
heuristidmetaheuristidoased methadlherefore, the optimiziain algorithm does not
need to deal with discrete variables but focuses more on designingritiguration

generation process

Table1-2. Four approachedor configuration optimization of energy systems

Prerequisit
Aubdbh Appr oa GraFThermody Vari abl| Mode
t hec
Wr i g| : Continu
2008 Task i e| Yes Expert explici MI NL
EIl si Expert|(Continu
2017Superst No i ntegrat explici MITNL
Tof f ] ExpertjiContinu
2014 Heur i g No basic q¢i mplici NLP
Thislpetahe( Yes| 1sanadaw CONEINUL 1 p
t hes i mpl i ci

Tablel-3lists major operation optimization works for CCHP systenaesdfollowing

and predefinednethods are the basiperationstrategies. They cannot guarantee a
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optimumoperationeven though they are widely used for CCHP sysiperationdue
to their easeof implementationDynamic optimization is another feature of CCHP
operation optimization with a storage subsyst@asides, the mismatch between
prediction and actual ne@dustbe consideredor optimumoperation When studying
operation optimizationuncertainenergy demargishould be evaluatedHowever,

research worlkeldomconsidered angf these uncertainty factors

Table1-3. Major operation optimization workior CCHP systems

Aut hg Stor|{Uncer { Met hod Obj ect Mod
Ma g o
2 09 No No Loddl Il o Cost LP
Wa Cost,
nJg N o N o Loadd!| |l of Emissi LP
2 001 . .
Ef fici
Cal i 1 Predef
5017 Ye s N o stratd Cost LP
Zhgn Mi ni mu
5 041 Ye s N o distan Cost LP
ch o Cost ,
Yes N o Energy Emi ssif NLP
2 001 . .
Effici
Cost,
Hu 2( No Yes Probabl o vosil Lp
constr ¢ . )
Effici
Hans, Mo d e | p 1
2015 Ye s Ye s contr c Cost MI P
Kang, Robust Li-Egcl
2018 No ves optimi zZperfor NLP
Aghda Chance . .
2020 Ye s Ye s constr . Emi ssif LP
This St oc ha
. Yes Yes dy nami Cost | MI L
t hesi

progranm

Based on the summary of literature review,t@ngapsaresummarized as follows:
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1 Successfully integrating a versatile ML model at the demand planning stage can
alleviate the dependence on expertise and accelerate the implementation
process of CCHPThis multiple energytypes of prediction on multiple
buildings by DL in this thesis wodilfill the gap of detailed guidance for the

energy supply system of buildings.

1 It is necessary to develop an optimization framework to consolidate the two
elementsincluding configuration and performance variablesyigdd a more
automatic design proces3his thesis uses least rules to generate system
configuration and implemera metaheuristic approach to optimize system

thermal efficiency.

1 There is a need to thoroughly study the optimum operation of CCHP systems
with uncertainties, from uncertain densisnsampling to efficient operation

strategy.

1.5 Researchscope

The overall objective of this thesis is to implement CCHP system to further improve
the energy efficiency and operational cost for commercial buildirgsfficiently and
effectively implement a CCHP system with 3E targets, multiple automatiented
approaches, including Mland optimization, are utilized to accelerate decismaking

at different stages. Specifically, 1) at demand planning staGbapter2, a versatile

DL modelwas built to investigate the performance of detailed energy consumption on
a large scale of buildings simultaneouslyafylesign optimization stage @hapter3,

this thesis developed a grapic and thermodynamicknowledgebased design
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optimization frameworkis to optimize the configuration of power systesn3) at
operation stagan Chapter4, this thesigproposedperation optimizatioapproactfor

CCHP systemwith considering uncertainty from multiptsergy demarsl
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2 EnerDgya®d anning

Different ML models for building energy consumptjdocusingon DL andtraditional
ML, are summarizeth the review sectianAs energy consumptiorassociated with
differentsectors of buildings are satisfied by different energwecsion systems, such
as distributed energy systems or combined sys{&@a®s, Hwang, and Cao 2019)
accurately characterizing and forecasting rplétenergytypesof buildings are crucial
and essential in optimally sizing and operating such syqfeatbor and Saxena 2020)
The more detailed informationbtaned from different building sectqrshe more
energy conversion system®uld gainby preparation. In other words, every section in
the buildings has a specific objective to achieve rather than targeting a gross number
that sums up all energy demands. Therefore, mhidtiple energyprediction is
beneficial for the detailed and precise mgament of buildings. Meanwhile, single
building design and planning are insuffici¢Bourdeau et al. 20199verall creating

a model to predict a cluster of buildinggh multiple energy types meaningful.

In this thesis DL modelsare proposedo investigate the performance wiultiple

energy type®n multiple building types simultaneously. The DL madate trained

and tested on a large scale of datasets simulated by EnergyPlus over 16 DOE building
types in 936 citieg the US. And each dataset contaerstypes of energy with hourly

consumption in a typical year.

2.1 Original data analysis and visualizaion

To investigate the performance of the DL model on pl@lgnergytypesfor multiple

building types. The dataset should vary in both dimengibasergy type and building
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type The dataset usddr making largescale predictionsomes from Opefnergy
Information Database (OpenEppenEl 2020)In this dataset, 16 different types of
commercial buildings were simulated in 936 citiesthe United Stateshrough
EnergyPlusFigure2-1 shows the distribution of selected cities on the map. Therefore,
there is a total of 14,976 building files. The building geoynetas based on DOE
building archetypes, and thHmuilding location and thermal settings can be found in
referencgHendron and Engebrecht 201Thegranuhbrity is one hour for each energy
consumption with a total length of a whole year period (8,760 hours). In detail, the
simulated energy consumption includes total gas, total electricity, and other sectional
energy consumptionlhe total data points are amed 130 million considering 8,760

hours in each building files.

Table2-1. Predictiontasks

Total energy) Sectional electricity Sectional gas

Gas heating, water

heater, other interior
equipment

Electricity, | Fan, Electric cooling, Electric heating
Gas interior light, other interior equipmen

The sectional consumption includes eighergydemands, such as fan, light, cooling,
heating, water heater, and other interior equippstawn inTable2-1. These ten types
of energy consumption are the target values of ouripheiénergypredictiontasks In
addition, the corresponding weather datasets foh éacation are fetched frotie

TMY3 datase(Wilcox and Marion 2008)
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10

Figure 2-1. Distribution of selected cities in the US

As mentioned earlier, different building types involve a various range of energy
consumption and distinctive energy demand attributes. The orit@ahillion data
pointswere groyoed by building and energy typeko better view and compare the
influence of building types on total energy consumption and consumption from
different sectorsthesel6 types of buildings were categorized into three groups based
on the maximum consumptidevels shown ifrable2-2. Given this categonkigure

2-2 plots the energy consumption distributions of different building types and various
prediction tasksstatisticaly. Besides the diversity of energy consumption from
different building types, it is easy to observe tgas and electricity consumeti
distributionsare quite different. The total gas consumption h&asoader range and
higher variance. There are more outliers (colored star marks above maximum value
represented by horizontal line) for gagated consumption than electricity. Moreover,
some of the sectional consumptions remain almost gech as 1) gas consumption of
interior equipment and water heater in all building types except full restgurant

apartmerg, quick restaurast small and large hotels, and 2) electricity consumption of
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heaters in full restaurants, quick restaurant, and small office. These inconsistent and
nortequivalent characteristics in different building types and different sectional

consumptions make accuebt predicting muliple energy typesard.

Table2-2. Buildingcategory

Group number I Il 1]
Total gas consumption
range x [kWh] 200<x<1000
Total electricity x<3(13800r and 10?832 and
consumption range y y 100<y<500 y
[KWh]
Full restaurant Middle office Hospital
Apartment : Large hotel
. Outpatient .
o Quick Retail store Large office
Building type restaurant Strip Mall | _Primary school
Small hotel Warlz,-house Secondary schoo
Small office Supermarket

As the cornerstone of the Blhased method, historical consumption data plays a vital
role in constructing the model and how well the model would perform. As a result,
feature selection on the input side should be made carefully. As summiar{&a,
Haghighat, and Fung 2020he input feature includes meteorological information,
historical energy consumption data, time indaxd building categorin Table 2-3.
Primarily, determined and predictable information is used as the input feature. In this
study, the selected features for the DL models include meteorology information,
historical consumptigrand timestamps, such as months, dates, and hours. Specifically,
meteorology information includes solar radiation in both normal and horizontal
directions, cloud coverage and opacity, temperature, humidity, pressure, and wind.
Overall, together with buildg type, 22 features were used as the input of the DL
models.A correlation analysiss conductedvithin all features except timestamjus

investigate the relationship between these featufee meteorology and energy
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consumption information asextractel from a small hotah Baltimore, Marylandin

the U.S.Figure2-3 shows the covariance of different features. It is seen that the same
type of energygas or electricity) has a strong relationship with each other. Some gas
or electricity consumption has more significantovariance than the influence of
meteorologyA fixed time step of 24 hours was used to compare these two DL models

and this paramet varied from 12 to 48 hours in the parametric stbelgtion 2.7
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Figure 2-2. Energy consumption distribution for different buildings in Baltimore
Washington Airport
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Table2-3.Model nput data category

Meteorological information | Historical data Time | Building
index | category
Dry bulb temperature Total electricity Month | Onehot
Dew point temperature Electricity for fan Date | codify from
Station pressure Electricity for cooling demand| Hour | 1to 16

Wind speed
Extraterrestrial radiation on
horizontal surface (ETR)
Extraterrestrial radiatio
normal to the sun (ETRN)
Total sky cover (Tot Cld)

Electricity for heating demand
Electricity for lighting
Electricity for
equipment

Total gas

Gas for heating

auxiliary

Gas for auxiliary equipment

Ele. Tot
Ele. Fan
Ele. Cooling

Ele. Heating -

Ele. Lights
Ele. Equ.
Gas Tot -

Gas Heating -

Gas Equ. -

Water Heat _
(Gas)

ETR -
ETRN -
Tot Cld -
Opq Cld -
Dry Bulb
Dew Point -
Pressure -

‘Wind Speed -

\e’g&‘)
Y
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Figure 2-3. Correlation between different features and secti@oalsumption

Two questions should be answered before training the DL modelsefentiultiple

tasks. First, how to split the dataset into a training set and a testing set? In this study,

to improve the robustness of the model for npldtitasks prediction on different

building types, the split happens within the cities and building types rather than the
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hours within a year. In other words, if one type of building in some city is randomly
chosen to be a portion of the training set, the whole year (B@68) dataof this
building, including all sectional consumptions, will all be only used for model training
(testing). Therefore, every piece of data from this building, including the information
aboutthe building itself, will never leak into the testingaftring) setFigure2-4 shows
detailed steps of the dataset splitte building type is encoded by ehet technique
The training dataset is first sata@ based on input stepadbatch size. Then shuffling
the sample order of fedd to increase the robustness of the models furthet it
should be acknowledged that the temporal order in each training sample is maintained.
Second, should future meteorology information be used for input of training and
testing?

N

S
S Start )

Markdown
building type

Numbering data
files (total 936*16)

Randomly
permutation

———Sequence rank=
g

) 4 ) 4
Pick top 75% as Pick bottom 25% a
training set testing set

Dataset shuffle on
hour granularity

Training
DL models

Final model

I 2

4 A\
S End P,

Figure 2-4. Dataset split upon training and testing
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As shown inFigure 2-3, energy consumption is strongly related to meteorology
information.It is reasonable to include future information as input for-tiea cases
since future meteorology information is predicted rather thantireal information.
However, for simulated energy consumption data, the future meteorology information
is the ground truth reference for future consumption. Thereforeglitninate
information leakage andavoid fitting the simulation tool, future meteorology
information will never be used as an input feature in our méikgplre 2-5 shows the

final data structure in spatial, temporal, and feature dimensions.

o
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éx\\b &mé\
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ti me (8t amp

I'npbht stlemiecagy an:
weat,heme gtha mp
Out pfuut ane(lhy

Ti me (8Tt 680D

Figure 2-5. Feedin data structure

2.2 ML models

There are ovemillions of data pointsas mentioned earliett will take longerto train
and optimize a nonBL model over this milliorscale level dataset. Therefore, a small
subset of data (10%yas usedo train, test, and tune the neb& models The best
models wee selected from these modelShen the best norAeL modek were

comparedvith the two proposed DL models in terms of accuracy. The selected none
38



DL models include Random Forest (RF), Support Vector Regression (SVR), Gaussian
Process Regression (GPR), Eexire Gradient Boost (XGBoost), and artificial neural
network (ANN).And the optimized parameters range of grid search is listédhbie

2-4.

Decision tees are a popular method for various machine learning tasks. In particular,
trees that are grown very deep tend to learn highly irregular patterns. Random forests
are a way ohveragingmultiple deep decision trees, trained on different parts of the
same faining set, with the goal of reducing the variarfeastie, Tibshirani, and
Friedman 2009) The training algorithm for random forests applies the general

technique of bootstrap aggregating, or bagging, to tree leqdzenes et al. 201.3)

Support vector machin&¥M) is proposed for classification, and SVR (support vector
regression) is a regression model based on $@Nhn 1998) The purpose of this
method is to obtain an optimal hyperplane and the optimization goal is to minimize the

farthest "distance" from the sample point to the hyperplane.

GaussiarProcess Regression (GPR) is a machine learning method developed based on
Bayesiartheoryand statistical learning theofidlensman, Matthews, and Ghahramani
2014) GPR does not require an explicit form of objective function because the
posterior distribution of th objective function can be automatically learned by fitting
training data after assuming it follows a Gaussian process of a specified mean function
and covariance function. The nparametric model assumptions include noise
(regression residuals) and Gaias process prior, and the solution is based on Bayesian

inference.
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K-nearest neighbor (KNN) algorithm is one of the most basic methods in the data
mining field(J-J. Wang et aR008) The core idea of the KNN algorithm for regression

is that the value of samples only related to the k most adjacent samples in the feature
space. The main point of obtaining a reasonable KNN regression model is to choose
the appropriate distae measurement method, K value and classification decision

rules.

Extreme Gradient Boosting (XGBoost) is an ensemble learning technique which can
combine multiple prediction models in a systematic way to improve their performance
(Chen and Guestrin 2016) adds multiple predictors sequentially which is different to
random forestThenew model can be constructed by paying attention to the prediction
error (the deviation between the true label and the prediction labet)adhed model.

By trying to correct the prediction error of the previous model, XGBoost can improve

its accuracy.

Table2-4. NoneDL models and parameters for grid search

Model Grid search parameter
RE Max depth: [5, 10, 15]; min samples leaf: [1, 2, 4];
min samples split: [1, 2, 4]; estimators: [80, 90, 100]
SVR epsilon: [0.001, 0.005, 0.01, 0.1]; C: [0.1, 1, 5, 10]
gamma: [0.0005, 0.001, 0.005, 0.01, 0.05]; max iteration =!
GPR alpha: [0.01, 0.02).04, 0.06, 0.08, 0.1, 0.12, 0.14, 0.16]
kernel: [RBF(0.01), RBF(0.1), RBF(1.0), RBF(10.)]
KNN N neighbors: [2, 4, 6, 8, 10, 12, 14, 16, 18, 20]
n estimators: [80, 90, 100, 120]; min child weight: [0.5, 1, 2
XGBoost max depth: [1, 2, 3, 4gamma: [0.2, 0.5, 1, 1.5, 2];
subsample: [0.4, 0.6, 0.8, 1.0]
ANN batch size =512; hidden size: [(25,), (50,), (100,)]
solver: ['sgd’, 'adam’]; alpha: [0.0001, 0.005, 0.01]
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The mathematicdbrmulation of these two DL modetgas firstformalizedas follows
The mapping inputrefers to the parameters that affect energy consumption in the
historical period (including multiple energtypeg. The output is the energy
consumption that needs to be predicted fohae. The energy consumptigrediction
mapping can be defined as:

Fa . Py e 2-1
wheree is the set ofbuilding featurs, specifically building type in our stud#w is
the measurable physical information, such as meteorology information, befofE time
4 is the output energy to be predicted at timand®@ is the learnable parameters of
the model. The nonlinear mapping M@ can be obtained by minimizing the
expectation of empirical loss function in the definition domain of the collected dataset

W. The training process is formalized as:

@ O Q& i, o fl
3 R 2-2
fl f b M@ L I OhJ—‘N e A&
whereMl is the mathematical expectation;ﬁJ—-N ﬁﬁ] D" indicates data samples
from the buildings;fl is an empirical loss function, generally expressed as the

difference between the real energy and the prediction resultg, .

Only the energy prediction for the next time steps(the time step index after
discretization)s consideredTherefoe, the output time step ie bel. The model can
then be written as Equati@3 ~ Equatior2-5, whereN:, Nc, andNg are the input time

steps, the number of input feaggrand the output features, respectively.

F i eht N e 2-3
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F O Q0 M= 2-5
In the following descriptionthe detailed structures of two deep learning models are
shown first, and then all mathematicoperatorsapplied in LSTM and CNN are

defined. The network training strategy is presented finally.

2.3.1 Convolution neural network

In general, a CNN model is built upon the NN architecture and consists of convolution,
downsampling, and full connection layers. Shifting to the rpldtienergy types
prediction on multiple types of buildings, similar to the image recognition task that
treatsred, grea and bluelayers as input channels, all sectional consumptares
treatedas the input channels. The simplified CNN structure is depictédyure 2-6.

A convolutional layer is basic operation in a convolutional neural network. It obtains
the local information of the image by a convolution kernel specificsize acting on

the part of the image area. Local connection and weight ghaa twoessential
features of convolutional neural networks2-D kernel is in general used for image
process. It strides in two directions to calculate the convolutional ottipertefore, it

can extract the spatial information of the input sigiak energy consumption only
expands in time direction. Then, unlittes traditional 2D convolution, this study uses
1-D convolution, and the convolution kernel moves in a single direction in the time

series data.
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Figure 2-6. CNN structure for mulple energy typegrediction on multiple types of
buildings

Before making a detailed description, sor@®arksare needetbr the tensors (muki

dimension vecta) that flowed in CNN. Let= : denote the output tensorieth layer
in the network It can also be viewed as al2matrix with the sizeof Li xCi. The
superscripL; is the length of the output tensandC; is the number of channels for
layeri-th. Especially when the subscript0 means the input end tensbs=N;, and
Co=Nc.

e el 26
whereL ; represents the input features-h layer, that is the outpégatures of the
previous layersy  is referred to as the convolution kernel weight. It should be

indicated that is a 2D convolutional operation defined as follows.

T h Zéﬁﬁ @) rORrp Q0 B Q
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Q

whereCi:1 is the output chann.eH-:',..Qpg.j..Qp is the corresponding bias of the laylat1

is the output length, which can be calculated-by——  p. Here,s, Uand} denote

convolutional filters' kernel size, stride size, and padding size

A simple elementwise operatign O called activation function is applied to all
components of the output tensor. In addition, to solve the problem of vanishing gradient
in deep neural networks, the leaky rectified linear unit (leakyReLU) is commonly used

as an activation function insteatlaosigmoid function, which can be written as

uhgo T
Mrphw T 2-8

0 Q& QW Y,0h Y
Upon the pooling layer, a dowsampling layer is employed to compress redundant
features otonvolutional layers, thereby reducing the situation of overfitting. The 1
max pooling operation is used to divide the features of each channel into some non
overlapping segments and returns the maximum value. The component pbatiag
on features=s ;  can be expressed by

Gp GOMrE Qp 1N 1B QO K QO 2-9

wherg is the length of the neaverlapping segment and the output lerigth can be
calculated by 7 . After these operations of several convolutional blocks, the high
level features with a shorter length and more charareksxtracted layer by layer. At
last, pooling layer, the multlimensional tensor should be flattened to-@ %ector
L5 whereN. is the layer index of the last pooling layer and then concattnatie

the building features. This operation wouldtrongly affectbuilding types orthe

multiple energy typeprediction.
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O Oprhhgt B 0 o/ 6 2-10
Wherey is thedummy variable encoded as:

ph 0@ v ¢

mh 0@ e 211

W p o
As for fully connected layers, the full connection mainly refits the features to reduce
the loss of feature informatipand the calculation method is the samE@sation2-7.
Two layers are applied in this architectuf@e first layer with a nonlinear activation
function is to reorganize the extracted features from the convolutodsthe second
layer withoutanactivation function is prepared to output the final target result.
F i a0 Qovgiy 4 2-12
Therefore, the learnable parameters in the RNN model can be collected as:
@  hithr Rt be R SQ fE D 213
2.3.2 Long short-term memory
Long shoriterm memory (LSTM) is built based on recurrent neural network (RNN)
architecture, whose layer deepens along thigtime direction shown ifrigure2-7. It
is thus suitable for dealing with tempodépendent tasks. The original input
information from the current layer, together with hidden information from the previous
layer, is used for the input of the current layer. In detail, LSTM constraethanisms
such as memory cetl input gatd, forget gatd, and output gate. The combination
of these gates and memory smitamaticdly improves the ability of the neural network
to process longme seriegdata.The structure between them is showrfFigure 2-8.

LetZ denote the input vectors of the netwérk n attime stepin layerl. Then

the calculation formuléor each memory ceits expressed as follows:
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where,i, ft, ¢, 0t represent the output vector of the input gate, forget gate, memory cell,
and output gate, respectively. All théandb with subscript are the weight matrix and

bias vector of the response; sigmoid and tanh are the Logistic and hyperbolic tangent
functions, respectively: represents elememtise multiplication operations. The input

gate controls the strength of the new input into the memoryccéiie forget gate

controls the strength of the memory unit to maintain the value of the previous time, and
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the output gate controls the strength of the output memoryLdadlthe CNN model,
building featuress are concatenated with the last layer andlaise step T) with the
hidden output layer.

1 |~ 2-16

Then, a fully connected layer is applied between the hidden state and the output power
at time stept+1, which also includea nonlinear activation function and Linear
operation as:
I » T o dik ‘H’o ut 217
where andg, ,and4, , are the weight and bias of the output layer, respectively.
Therefore, the learnable parameters in the LSTM model can be collected as:
O

In the training process, the derivatives concerning the weights in the kernel were

2-18

calculated based on referenoodfellow, Bengio, and Courville 2016)he first

order gradienbased stochastic optimization algorithm Adarttingma and Ba 2017)

was used to optimize the parameters in the two DL models, which performs well for
most nonconvex optimization, largelume datasets, and higlimensional space.

Mathematically, the parameter updates by:

o YaN o Flﬁ, r]gv
i NT 3 p 1T =

v ON | AP DdiYes 2-19
veN@ | Tp I (X6 -
TheHuber losdunctionis expressed as follosy
fl F‘IFrJ g
p o - .
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2.3 Parameters setting of DL models

Both of the DL models were implemented via the pytbased package PyTorch
(Paszke et al. A07). One laptop with i©8750H 2.2 HLPU,16 Gmemory,and Nvidia
GeForce 1060 8@raphic cardvas used as the model implementation platform. The
network structure was deemed as hyperparameters of the models. Except for the
network structure, the setgjs of other parameters are listedTiable 2-5, which
includes the dropout rate in both NN structures, initial learning rate, learning rate decay
ratio, and teacher forcing ratio (TFR). TFR is a regularization strategy for training the
LSTM model. It describes the possibility of using the model output from the previous
time step as the input of the current time step. The last two parameters in thisetable a
the stop criteria of the training process. Overall, the scale of the parameter number

measures the complexity of the model and the computational efficiency of training.

Table2-5. Settings of generddyperparameters

Parameter CNN LSTM
Batch size 1,024 1,024
Dropout rate 0.2 0.2

TFR / 0.5

Initial learning rate 0.001 0.001
Learning rate decay 0.1/ 10 epochs 0.1/ 10 epochs
Minimum loss decrease| 5*10°/ epoch 5*10°/ epoch
Patience of earlgtop 5 epochs 5 epochs

2.4.1 Preliminary analysis

Table2-6 andTable2-7 summarize the detailed structure parameter of CNN and LSTM
models. And the number of parameters that need to be determined in each layer was
also outlined. For the CNN model, the same-dimeension kernel was used for every

convolution layer. The kernel width is the striding size is 2, and no padding. Batch
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norm was used for regularization. For the LSTM model, the hidden layer size was 20.
There was a full connection layer connected withpoutlt is worthwhile to mention
that even though the CNN model has over four times of paranasteessLSTM model,
the computational time of the CNN model would not necesdagilgnger than LSTM

as a result of GPU acceleration.

Table2-6. NN structure for CNN model

Kernel type .Kernelldimensio.n Channel [in, out] Parameter #
[size, stride, padding]
Convolution [3*1, 2, O] [21, 64] 4,096
Convolution [3*1, 2, O] [64, 128] 24,704
Batch Norm / [128, 128] /
Leaky RelLU / [128, 128] /
Max pool [2*1, 2, O] [128, 128] /
Flatten / [128, 256] /
Concatenate / [256, 272] /
Full connection / [272, 10] 2,730
Total / / 31,530
Table2-7. NN structure for LSTM model
Kernel type Channel [in, out] Parameter #
LSTM [22, 20] 3,440
LSTM [20, 20] 3,280
Concatenate [20, 36] /
Full connection [36, 10] 370
Total / 7,090

2.4.2 Parametric study

A parametric study was carried out to study howhyygerparameters would influence
the performance of these two DL modélfe investigated hyperparameters included
the input step, the number of NN layers, and the loss fundtabie2-8 andTable2-9

list these parameters' detailed sesinghe convolution kernels in different CNN
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models were desigdeto be the same for eliminating the impact of kernel size on

performance.

Table2-8. Parametric table of CNN and LSTM models

Hyperparameters
Model Input step NN layer Loss function
CNN 12, 24, 36, 48 1,2,3,4 L2, Huber
LSTM 12, 24, 36, 48 1,2,3,4 L2, Huber

Table2-9. Model size under different parameter settings

Parameter Parameter

Hyperparameterg Settings| number of number of
CNN LSTM
12 30,250 7,090
Step 24 31,530 7,090
36 34,090 7,090
48 35,370 7,090
1 16,298 3,800
Layer 2 31,530 7,090
3 261418 10,360
4 655146 13640

2.4 Evaluation metrics

Many indicators can be used to evaluate the prediction performance of the ML model.
Thereare two categories. The first category is absolute error, imgjudean absolute

error (MAE), mean square error (MSERnd root mean square error (RMSE). The
second category is the relative error, which is dimensionless, like the coefficient of
variationof the root mean square error (CVRMSE), R squafy @Rdmean absolute
percentage errors (MAPE). The error value calculated by CVRIiglBEger than that

of MRMSE and MAPE under the same ground truth and prediction yahesWang,

Hong, and Piette 2020CVRMSE is recommended by ASHRABSHRAE 2020)
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Therefore MAE and CVRMSE are chosen as evaluation criteria. The detailed
expressions of MAE and CVRMSE are listed below.

060 UE O oS 221

cio

0 wYD Yo ;
w

Where« ., «.and« are the predicted value, ground truth, and mean value, respectively.

2.5 Prediction results

The best notDL model is selected based on the minimum average CVRMSE value of
all building and energyypes The best performance after grid search on each-Dane
model can be viewed ifable2-10. It is observed that the best nelDke model is ANN

with a mean CVRMSE of 0.566. Then ANN is used to train and test on the same dataset
used as the DL models. In the following section, thegoerdnce between DL and
noneDL modek was comparedand the results of accuracy and computational
efficiency for both CNN and LSTM models were described. Last, the influence of
hyperparameters listed Trable2-10was compared with the basic settings of these two
DL models.

Table2-10. Optimized nor®L models and Performance comparison

Model Optimized parameters Mean CVRMSE

RE Max depth: 15; min samples leaf: 1; 0.82
min samples split: 2; estimators: 100 '

epsilon: 0.1; C: 5

SVR gamma: 0.005; max iteration =1000 0.8

GPR alpha: 0.1; kernel: RBF(1.0) 0.79

KNN N neighbors: 10 1.27
n estimators: 120; min child weight: 2

XGBoost max depth: 1, gamma: 0.5; subsample: 0.64

batch size =512; hidden size: 100
ANN solver: 'adam’; alpha: 0.005 0.57
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2.6.1 Case study of whole year performance

Multiple energyprediction yields all energy consumption from different sectors
simultaneously Considering that the testing set contair®18 building files and ten

tasks in 8760 hours need to be examined in each building file, it would be inefficient
todisplayallte predi ction results. Therefore, for
performance on thisultiple energyprediction, the prediction performance of total

energy consumption tasks on a particular building for a wholeigegsualized The

building perfamance is viewed from scatter plot and time series plot for both ANN

and two DL models. Then, for a better view of the performance of different models on

different buildings and total energy consumptions (total electricity and total gas), the

best and wotgerformance of these three models concerning the CVRMSE \akies

plotted

2.6.1.1Performance on a large office

Figure 2-9 through Figure 2-11 show the performances of the ANN model, CNN
model, and LSTM model for the prediction tasks of total gas and total electricity
consumption, espectively. The building is a large office located at Baltimore
Washington International airport in Maryland, UMBgure 2-9a-Figure 2-11a and
Figure2-9b-Figure2-11b depict the grounttuth value and predicted valirea year
Figure 2-9c-Figure 2-11c andFigure 2-9d-Figure 2-11d illustrate the comparison via
scatter plots, which show the unsatisfied accuracy of the ANNehaodl CNN model

on the total energy consumption tadRart e inFigure2-9 throughFigure2-11 zoom

in onthe performance during summertime. lbisservedhat the CNN model and ANN

modek can hardly reveal the real consumption volumé@summertime.
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Figure 2-9. Performance of ANN model a. Performance on total electricity
consumption b. Performance on total gas consumption c. Scatter plot of ground truth
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Figure 2-10. Performance of CNN model a. Performance on total electricity
consumption b. Performance on total gas consumption c.e8gédt of ground truth
and prediction for electricity d. Scatter plot of ground truth and prediction for gas
consumption e. Performance on a low gas consumption time region
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Figure 2-11. Performance of LSTM model a. Performance on total electricity
consumption b. Performance on total gas consumption c. Scatter plot of ground truth
and prediction for electricity d. Scatter plot of ground truth and prediction for gas
consumption e. Performaa on a low gas consumption time region

Contrarily, the predicted value LSTM by model approadhesground truthmore

closely. Moreover, the performance during summertime is also better than the ANN

model and CNN model.

2.6.1.2Best and worst performance comparison

To visualize the performance on a broader range of buildingse theee models' best

and worst performance in terms of CVRMSE values is plotted and compared in Figures
and Figure 2-13, respectively. The time series plot can be found in supplementary
section from referencésao et al. 2021)The best performance fare LSTM model

has an obvious advantage over ANN and CNN nwofiel both electricity and gas.
However, the worst performance of the LSTM model does not show much dominance

compared with CNN and ANN modglespecially for gas prediction. Whereas this is

54



only the prediction performance from a single building and single engmg/ An
overall performance evaluation should be considémecomm@are ANN and two DL

models comprehensively
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Figure 2-13. Worst performance comparison on total gas and electricity
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2.6.2 Overall performance comparison

As discussedn the data analysis section, energy consumgti&s wide ranges and
scales for different sectors of various building types. It is essential to look at the
prediction performance from both absolutand relative error viewpointsr multiple
energy typeson all building types. Consequently, the error of every task in each
building file wascalculated and grouped by building types in the same statistical way
as shown in section 2.1. Basic CNN and LSTM models were compared first for these
two metricsThemodel input step is 24 hours in these two basic nspdeld the neural

network follows the structures shownTiable2-6 andTable2-7.

2.6.2.1MAE distribution

The absolute error distributions of ANN models for thsgting set are summarized in
Figure 2-14. For convenience, the MAE in three buildings growgse consistently
discussedfrom the left side figure of reall-scale consumption tonediumscale
consumption and the rigiside figure of largescale consumptiork-rom the bottom
figure of total energy consumption to sectional gas consumption and last sectional

electricity consumption in different tasks
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Figure 2-14. MAE of multple energy typesn different types of buildings by ANN
model

For Grougs |, II, and Ill, the errors have evemider total and sectional energy
consumption rangef®r all building types. Specifically, the errors predicting total
electricity and gas concentrate on a wide range between 5 kWh and 100 kWh. The error
value is relativly larger forsmall hotes, retail store,and warehouse The errors for
predicting sectional gas consutgm in the three groups are more related to gas
heating considering the range and scale of total gas and sectionaklgtsl
prediction. As for sectional electricity consumption, treor rangeis also evenly
distributed for all building typesvith arange between 2 kWh and 25 kWh. However,

various outliers are observed for electricity predictibhe ANN model has better

performance on large consumption scale buildings in different building.type
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Figure 2-15. MAE ofmultiple energy typesn different types of buildings by CNN
model

The absolute error distributions of CNN and LSTM models for the testing set are
summarized irfFigure2-15andFigure2-16. In Group |, the total electricity prediction
errors for all building types concentrate on a range between 5 kwh and 10 kWh. The
total gas prediction error ranges from 10 kWh to ®dhk exceptfor one outlier from

the small office reaching 35 kWh. The errors for predicting sectional gas consumption
in this group are bounded to gas heating. This is similar to the eredicting total

gas consumption. The errarspredicting othe sections are almost equal to zero. The
prediction errors of electricity for fans, heating load, lights, and other interior
equipment are below 4 kwWh. However, the prediction error of electric cooling ranges
between 4 kWh and 10 kWh. The outlier valuesedtional electricity are relatively

larger for small offices. I&roup Il, the error of total electricity consumption is around
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10 kWh. And the erroin predicting total gas consumption ranges from 25 kWh to 29
kWh. The errorén predicting sectional ga®nsumptions remain similar to that of total
gas. The errors predicting sectional electricity are all below 12 kWh. The erirors
predicting electric heating are equivalent or larger than that of predicting electric
cooling for median office and retatores. Interior equipment and lights are predicted
with higher errors in this group. @roup lll, secondary school has the largest error
value for total gas, electricity, and all sectional energy prediction tasks. More
specifically, the errors for totglas and total electricity range from 60 kWh to 110 kWh
and from 60 kWh to 150 kWh, respectively. Moreover, the errors for gas heating and

electric cooling are notably high.

As for the LSTM model, inGroup |, the absolute errors fahe total electricity
predictionare below 5 kWh. Significantly, the error of predicting total electricity in a
quick restaurant is aboutkqh. The errorsn predicting total gas are below 10 kwWh
except for the full restaurant. For sectional gas consumptiudtigtion, the errortn
predicting gas heating and water heater are below 10 kWh and 5 kWh, respectively.
The errorsin predicting interior equipment are almost zero for all buildings in this
group. The sectional electricity has error ranges below od émdak\Wh. And errors

in predicting electric cooling are still the largest among all sectional electricity
consumptions. FoGroup Il, there are a few outliers of error for total gas prediction
from warehousgreaching 21 kWh, whereas errors for othetding types are below

20 kWh. The errorsn predicting total electricity for retail stores, strip malls, and
warehouses are below 8 kWh. In contrast, it reaches 10 kWh for mediars affite

outpatient building For sectional energy prediction, the erdistribution for gas
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heating idike that of total gas. Errors of other sectional gas predictions are almost zero
in this group. The errons predicting sectional electricity remain below 7 kWh. The
errors for predicting electric cooling rank first fot gipes of building in this group.

For Group lll, the secondary school still has a relatively high error value in total gas
prediction. The erran predicting total electricity for all buildings in this group ranges
from 8 kWh to 35 kWhThe errorin predcting sectional gas rangé&rom 10 kWh to

45 kWh. The errorg predicting sectional electricity are as low as 10 kWh except for

errorsin electric cooling in hospitals, large offices, and secondary school buildings.
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Figure 2-16. MAE ofmultiple energy typesn different types of buildings ltye
LSTM model

2.6.2.2CVRMSE distribution
Since thescales oenergy consumptiodiffer significantly for different building types

and energy typesit is necessaryo discuss the relative error in building tgpend
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multiple energy typeaspectsFigure2-17 shows CVRMSE for the CNldnd LSTM
models respectivelyThe number in the figure represents for the CVRMSE value, the
darker color means a larger valié&e hospital has the CVRMSE vatranging from

3% to 29% in the building type dimension for the CNN mo8etall office shows this
index rangesrom 77% to over 100%. In multi vectors dimension, the relative error of
predicting gas consumption by interior equipment ranges from 3% to 66%. The relative
errorsin predicting electric cooling and gas heating are almost 100%. As for the LSTM
model, inthe building type dimension, the relative error of hosgitahges from 3%

to 26%. And the relative error of small offices ranges from 33% to over 100%. In the
multiple energy typedimension, the CVRMSE of total electricity consumptianges

from 3% to £%, whereas it ranges from 1% to 100% for total gas consum)dtioen
summing up all the prediction tasks in different building types and energy 6(%s,

of thetaskspredicted by LSTMsatisfy ASHRAE Guideline 14 witaCVRMSE under

30%.
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Figure 2-17. Overview of the accuracy comparison in terms of CVRMSE
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2.6.3 Performance analysis

The two DL models have better performance over the ANN model, especially for
overall performance on all types of buildings. Compgrithe best and worst
performance of total electricity and gas prediction, the LSTM model has an obvious
advantage over the other two models. The ANN modelahisger but even error
distribution on all the building types thére two DL models. The two Dinodels have

the potential of providingnultiple energypredictiors for different building types. The
performance of LSTM is relatively better than the CNN model, no matter from the
MAE or CVRMSE point of view. In terms of the absolute error, both models perform
better in predicting total electricity consumptionomparedwith that total gas
consumption. For predicting sectional energy consumption, the performance of
predicting gas heating and electric cooling has a relatively higher MAE vEhge.

CNN model performs well in predicting gas consumption for interior equipment
terms of relative erroHospital is the best building category in multi vectors prediction.
The LSTM model performs well in predicting total electricity, electricity for lighting,
electricity for interior equipment, and gas for interior equipmeratisth performs best

in the hospital category. The worst performance concentrates on predicting total gas,
sectional gas, and electric cooling consumption. As for building types, the
performances in different building types have a strong relationship wih th
consumption characteristics of each building type. The unsatisfied performance is
closely related to those building types that are heavily influenced by different seasons,

such as officg apartmerg schoo$, and strip madl.
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In terms of the data characteristics, three factors pose the challenge for accurately
predicting energy consumption in a single model. First, different commercial buildings
show different scales for total energy consumption. Second, in the energy type
dimension, different types of energy have distinct scales. Last, any types of energy have
distinctive fluctuation patterns in a year. There @@y low-value data for seasen
related consumption, such as gakted energy consumption and the electricity for
cooling demand. These inconsistent characteristics mmalgple energypredictions

on some types of buildings unsatisfied. For instance, the small office has a minimum
energy consumption in terms of the energy scale. Large hotels and hospitals have few

outiier points of electric cooling.

Comparing these two DL models, the CNN model was designed to tackle spatially
related tasks like computer vision problems. However -tieheted information cannot

be passed down if no special operation is implementethdordnvolution process. In

this CNN model, thelD kernel wasmplemented, thereford, works as a multiplier

filter to move in the time serial direction. The kernel stride process is a vector that
moves over the input data, performs the dot product Wéetstibregion of input data,

and gets the output as the vector of dot productspétierns in a short period would

be recorded and passed to the following channels of layers. Besides, timestamps can be
added as additional input features for indicatingctthation patterns of energy
consumption. However, the CNN model still lacks accuracy and requiretufiing

or more complex structures. As for the LSTM model, the cell and hidden layer, together
with gated operatoran be used to load previous infotroa. Then the temporal

information can be inherently passedhefollowing time steps. Therefore, the LSTM
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model outperforms the CNN model when a similar layer structure is constructed.
Specifically, for the same building type and task type, the vdladsolute error for

the LSTM model is half of the CNN model and improves relative error for most tasks
and building types. Considerimgultiple energy typesn all types of buildings, the
LSTM model predicts 50.7% of the tasks with CVRMSE lower than.Z08d 22.8%

of the tasks with CVRMSE between 20% and 50%.

On the other hand, it is also observed that sontkedfVRMSE valuesxceed30%.
Besides the factomssociated with the distinguished scales of different building types
and different energtypes the energy consumption scale is also different for the same
building type ancenergytype at variouslocations (cities) due to the thermal settings
andmeteorology characterizations. Moreover, there are tenlyypes of buildings for
each locationThis feature variety is relatively small compared with the continuous
meteorology information as inputast, since the energy consumption profile has a
wide range bdifferent energy types and building types,li§ist deviation of prediction

on smaliscale consmption buildings, such as small offices or apartmembsild make

the relative error large. These made some of the predictions unsatisfied.

64



1.0 -~ Train +_ Test

L]
0+ ., * o tpe t"‘.’"
" ° 3 -C. 0% v,
.‘_. '.. o T ¢ 5 ot [F oo e ot ".o.
aceh, ° o A Ve ® Cot * P S e By
g ®e Far® o % o ** + ® & o Q6,0 *+4* ® oot 4 og €
‘..q.)..’++ 1“.. o & ° € ° "3'.;% ARSI
. .t ‘e . ' Y 8% i 'y otaal
o o - * *? * 4 %808 & W
.* ¢ X Py ° * .y
> ~ + " o
- LN
0.0 o
Full Rest. Hospital Large Hotel Large Office
1.0 T, » t
40 e # e o ‘.' . 0:')'
% o O W o"‘to"': +y %9
+ @€ o + . C% ceq0 * ated: 2V & ) * e g¥ s TR
oo .'""'.' e e T %, Y 1. T',*. bt X T e, AT, + o otetoe *
+* 21 %% 0 § AIPT L T o %0 o+ 3 8° To Ainties BBl * +"<-:*L Y
+o® & tgote St oy o ) AR N + Toom & Pl £3..%
r T o LY 4 '. 1Rt e ¢,‘+.Q vt (V" Py ’.‘\,
I - rgped.® Lo %% 1% "“,o'.‘ b
+74 ot R 1 " ..' % B
o, & T e T+
0.0 - —
Md Office Apartment Outpatient Primary Sch.
1.0 -
Y . )
:‘o o * “o.... s 0 =
++ 40y x & ° e 3
o+ €y + o » ~ T Y.
* ‘et *ey * o+ o8 ° o i e ¥ o '? “ .‘:‘
* s e> L. G.* * o gbe Yot s *°, 0 es POk 3®at o %t 0% aust &%+ Yt
.f} :.",.s’o-‘k.. + b +:}‘~ (1..':.’ ’°.': Weg,om B % ® "}‘ .: .:o’ ¢
X + + ERA ¢ * Dt " o el e i d 8o
- o_!"". o+ ° .. ‘\ * P.‘ "o 'L. .:“.'.v
0.0 “. > %
Quick Rest. 2nd Sch. Small Hotel Small Office
1.0 ¥
¢® o *, “‘ .0 :v"
o ¥ ‘} > Qo ., o;.o .‘ * - :"\”
. %, \a;: ‘.‘t’ ote » % :"’q‘ +3. 3 2, :rt": * e (ol‘“ * o
° v < o
P BT 2| b G NS L SRSETRE S| B ’.-zy‘ ol o0,
« ° L M 35
“o o608 T, ge BATT aslel _,‘,;{?i.:“a. : Wit Ry N
R 0o 84+ T e W¥sglte o vmOte ke
. TEED AT
+* *’; ShLE 4
0.0 =
0.0 1.0 0.0 1.0 0.0 1.0 0.0 1.0
Retail Store Strip Mall Supermarket Warehouse

Figure 2-18. Dimension reduction of original inpigatures before training

To further illustrate why the LSTM model has various rangfeerrors on different
building types, principal component analysis (PCA) dimensionality reduction is
performed on the original data and the internal output of DL befattern
concatenation. The dimension of the output feature for original features and after
training is two(Price et al. 2006)The results are shownkigure2-18 andFigure2-19.

It is observed that the originpars are very chaotic. However, the feature distribution

after training shows a strong pattern.
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Furthermore, the trainingnd testing datasetsverlap, indicating that overfitting is
restricted after training. Look back to the errortpfoFigure 2-16 and Figure 2-17,

where the higheerror percentage appears in building type of small office and 2nd
school. The relatively weak patterns in these two buildings indicate that the encoding
cannotdistinguish some of the building types waatid might miss other building types.

There shoulde more ample embedding method that can involve more information o

Figure 2-19. Dimension reduction of internal layer features after training

building types in the model. This should be explored in the future.
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2.6 Hyperparameter influence

This section investigated three critical factonsput steps, neural network layer

number, and loss functionfo demonstrate their influence on the performance of

prediction accuracy and training efficiency, the baseline models-layge®s and 24

steps trained CNN and LSTM models. Thkative changewaluated the performances

of CNN and LSTM models with different parameteossnpared with the corresponding
baseline model. For dedicating to the parar
total energy consumptiowere picked and presenting thesava tasks' performance

change®n all building types.

2.7.1 Influence of input step and DL layers

Figure2-20andFigure2-21 show the performance changes on these two tasks by using
CNN and LSTM modelsA larger input step would not necessarily indicate better
performance for the CNN moddtor both tasks on oast building types, a 36 hours
input is the best, and then 48 hours input. AhdAr input has a similar performance

as the24-hour input. Ondayer CNN degrades the performance by around 25%. The
enhancements are approximately 25% and 50%, respectiviegn three and four
layers of NN structure are engaged. The performance is unchanged when the input step
changes for predicting gas consumpiiompartmergand warehouselt also remains
intactfor predicting electricity consumption strip malsand supermarkstAnd some
building types are not sensitive to layer number. For instance, the task performance
does not change even the layer increases when predicting gas consumption in

apartmerg and warehousor predicting electricity consumption supermarkets.
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Figure 2-20. Hyperparameters influence on CNN model

As for the LSTM model, the step increase would mostly decrease the prediction
performance compared with the-8&p model, except for a slight increase for a large
office, middle office, and strip mall. The degradation rates for both tasks of predicting
total gas and electricity are larger than 100% on a retail store under 12 or 48 steps mode.
And the increase in layer number would slightly increase the perfornoAmeest of

the buildings. However, the depletion percentage for full restaurant, middle, offic
apartment, and outpatient would be larger than 100% when choosinglayene
structure. The task performance of predicting gas for a hospital, outpatient, and
secondary school degrades slightly compared with a-tayee structure model. The

task perbrmance of predicting electricity for apartments, fast food restaurants, and strip
malls degrades over 50% when choosing a thager structure. The degradation of

outpatient is above 200% for a elager model. Like CNN, some building types are

68



less sensive to the change of input steps, such as both tasldsll restaurart, gas
prediction task for apartmerg and warehouse and electricity prediction taskor
supermarket Other building types are less sensitive to layer change, such as gas

predicion tasks on apartments and warehouses and electricity prediction tasks on large

hotels, supermarkets, and warehouses
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Figure 2-21. Hyperparameters influence on LSTM model

The improvemenin predicting accuracy is directly related to hetmucture ofneural
network isconstruced, hyperparameteiend lose functionaere choserf-or the CNN
model, the influence of steps on prediction accuracy is not nragptone Since the

time serial chacteristics are embedded manually, the kernel shape is essential to the
performance of the CNN model. Longer input steps might require a refined convolution
kernel in different layers. Moreover, the time step influence is limited when compared

with layer nfluence. A larger number of layers for the CNN model would significantly
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boost the model performance since more patterns in the temporal dimension can be
extracted for a deeper CNN structure. As for the LSTM model, the larger input step
from 24 hours to 8 hours improves accuraéyr gas and electricity in most building
types. However, when decreasing to 12 hours or increasing to 48 hours, the
deterioraibn is apparent. The relatively shorter input step results in incomplete
recognition of the periodic patrn. In this LSTM design, the prediction heavily relies

on the output of the last time step.

For this reason, a longer input step might slightly undermine the effect from the very
beginning. Attention mechanisms could be added to the LSTM network te téekl
strongly coupling issue of loAgme input. Regarding the layer influence of LSTM on
the accuracy, a larger layer number might not bring many benefits for most buildings.
However, the ondayer LSTM model degraded much because the spatial feateres ar

hard to be extracted from this structure.

2.7.2 Lossfunction influence

All ten tasks are considered when switching to the influencelads function The

CNN and LSTM models adopt alyer and 24step structurg-igure2-22 andFigure

2-23 show CVRMSE changes compared with the corresponding baseline DL model.
The performance of the CNN model with the Huber loss function has little
improvement over a conventional MSE loss functibnere is slight degradation for

the LSTM modekompared with a traditional loss function. The prediction errors are

still worse for pedicting electric cooling, electric heating, gas heating, and water on
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almost all building types. Theultiple energyperformance of the small office is also

the worstof all building types.
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Figure 2-23. Loss function influence on LSTM model
The steps, layersand hyperparameter in the Huber loss function should be further
studied. Systematic optimization work should be carried@mumprovethe prediction
performance by the DL method. Meanwhile, the unsatisfied performance in the tasks
of predicting gaselated onsumption should be further investigated. In particular, the

multiple energy typeprediction moded need to strengthen thumevendistribution of
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gas in a whole year range. Second, the building information is compressed iha one
encoded vector. Othdéeature engineering techniques that can differentiate sufficient

building characteristics should be compared for multiple builtlipgs ofprediction.

2.7.3 Training speed

Previous sections evaluated the accuracy of the DL modemftdtiple energy
predictiors on different building types.The tradeoff between accuracy and
computational efficiency emerges when determining which model should be
implemented.Figure 2-24 shows the computational efficiency for different layer
numbers, input steps, and loss functions in total time and time consumption per
iteration. First, the total computational tinee constantfor both CNN and LSTM
models under the 12nd 24stepinput model structure. Moreover, it increases slightly

for LSTM after 24 steps. But a sharp increase is observed with a time step increase
from 24 to 48 for the CNN model. The computational time per iteration keeps relatively
stable for the LSTM model. Keever, it decreasdsy 0.25 seconds from 24 steps to 36
steps and 0.2 seconds from 36 steps to 48 steps for the CNN model. As regards the
l ayer 6s i nf | ueandtke contpliationa torte goér itetaiiom ecrease
exponentially with layer number increases for the CNN model. However, these values
show a linear increase for the LSTM modghe Huber loss function significantly
influenceghe model convergence for bdii. models. It decreases by 33% of the total
computational time for the LSTM model while increes by 15% of the total

computational time for the CNN model.
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Figure 2-24. Overview of theomputational efficiency comparison

The time consumption for training CNN and LSTM models differs when changing
input step and layer numbers. Overall, the influence of the step number is less than that
of the layer number. The total time consumption iblstéor different input steps of

the LSTM modelwhile it linearly increases for the CNN model. And the total time
consumption linearly increases when increasing the layer number of the LSTM model,
while it exponentially increases for the CNN model. Tirmesumption per iteration is

also more related to the layer number and shows similar patterns as total time
consumption. The time consumption fits with thie model's scale when recalling the
parameter number changesth the input step and layer number.eThuber loss
function does not influence the performance framaccuracy perspective and even
longer the training time for the CNN model. However, it accelerates the convergence
of the LSTM model. The Huber loss function pays less attention to outlibuslamng
energy consumption than the L2 loss functibhe outliers are clear for this multiple

energy prediction on multiple building typesspecially in predicting gaglated
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energy consumption. Therefore, taking advantage of the Huber loss functidvd w

benefit convergence.

2.7 Summary

Energy saving in buildings is critical for increasing total energy efficiencyisind
significantto maintaining a sustainable society. With growing attention to accurate,
rapid, and robust implementation approaches, Mpeeslly DL, has garnered broad
attentionin building energy prediction tasks. Howewarrent research works are most
concerned about the consumption of single energy types in single buildingTiipgs
seldan deal with the multiple enerdgypesprediction on multiple building types. This
multiple energyprediction is vital when considering the robustness of the prediction
model on various types of building#t requires comprehensive guidance for the

operation of multiple sectors of buildings.

Multiple energy typegprediction fills the gap of detailed guidance for the energy supply
systems and yields a robust ML model on multiple types of buildigsDL models

and two DL models fomultiple energypredicton on multiple building typesere
constructedThe original dataset comprises 16 building types in 936 cities across the
US. Each building in one city contaiten types of energy from different sectors. A
random 75% of data filesere chosen as the tramg set. The main conclusions can be

drawn as follows:

ANN is the best noiDL model among KNN, DT, XGBoost, GPR, and ANN amas
chosen as the baseline for DL models. Compared with DL models, ANN has a more

even and larger error distribution on all builgliperformance. LSTM model
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outperforms the ANN and CNN model from MAE and CVRMSE perspectives. Among
all the tasks, the performance of the task for predicting total gas and electricity
consumption is better than that of the task for predicting sectiongjyec@nsumption

such as fan, cooling, heatingnd other interior equipment. Besides, the electricity

related prediction is better than gatated ones.

LSTM has good performanda hospitals and large hotels, satisfying performance
outpatiens, secodary schod, apartmerg and warehouse while unsatisfied
performancen offices, retail stors, strip mals, and supermarketWhen considering
multiple energy typesn all types of buildings using the LSTM model, 50.7% of the
tasks have CVRMSE lowerdh 20%and22.8% of the tasks have CVRMSE between
20% and 50%. It is also worthentioningthat 19.3% of tasks have CVRMSE over
100%, which requires substantial improvemé&xhen summing up all the prediction
tasks in different building types and energydsy, 60% of the tasks predicted by LSTM

satisfy ASHRAE Guideline 14 with a CVRMSE under 30%.

Hyperparameters, such as layer numalranging from 1 to 4, input step ranges from

12 to 48 hours, the loss function is chosen from L2 namd,Huber in the DL nuel
wasinvestigated. The performance of the CNN model is sensitive to the layer number
rather than the input step. The convolution kernel should be carefully designed for a
specific input step. A twdayer structure is good enough for the LSTM model. Larger
layer numbers would not improve the performance mudie LSTM model is more
stable under different input steps and layer numbers considering training speed

However, the training time of the CNN model would exponentially increase with layer
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increase, which mehes the parameter number incred$eHuber loss function help

with the training speed for the LSTM model but not the prediction accuracy.

Overall, the performances of the LSTM model on most of the building types are better
than the CNN model. The LSTvhodel is more suitable for thiswultiple energy
prediction. Whereas several limitations should be considered and investigated more in
the future. First, attention should be paid to the unsatisfied performancerefajad

tasks. In this regard, tmeultiple energy typeprediction modedneed to strengthen the
unevendistribution of gas in a whole year range, especialtilesummertime. Second,

the features reduction through PCA showat ttihe encoder part of DL has limited
ability to recognize some s of building pattesysuch as™® school and small office.
Currently, the building information isncoded byonehot technique which m&es

some building type is hard to be differentiated from others. Therefore, other feature
engineering techniques embedding methods that can differentiate sufficient building
characteristics should be compared for predicting multiple types of buslding
addition, the Dkbased model is evaluated by simudgtmultiple energy typesn
multiple building typesTestingthe DL model on a real building consumption dataset
would be more valuabl&ince it ishardto obtaindelicae granularity data fanultiple
energy type®n multiple building typesimultaneouslyit might be more practical to
apply this modelith two types of energy on the same type but different buildings.
Last, systematic optimization work is required to enhance the overall performance

without losing computational efficiency.
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3 Opti nbeens ioCQGPower System

The optimizatiordesign forthe energy systemoncentrates on two aspeas shown

in Figure 1-8. The configuration (also called synthesisthre chemical process area)
implies the entire set of functional components like compressor, turbine, heat
exchangers, etcand how they are connectedhe performance variablaspect
involves the specification of every componémat operates ah nominal condition
includes pressure ratid compressor, effectiveness of heat exchanger, split ratio of
splitter, etc Various studies focus operformance variableptimization based on
expertise and experience in tiemal engineeringirea(lglesias Garcia et al. 2017)
Theperformance variableare often continuous for a given configuratilike capacity
andpressure ratio at the desigtage(Yang et al. 2021)Overall, the system design
optimization concerns about how the components are connected to each other and how

to determine the performance variabbégverycomponento obtain alesire objective.

The topic of configuration optimization has been extensively investigated in chemical
process engineeringMencarelli et al.2020) However, little work has deeply
researchd the configuration optimization problemtbermalenergy systemat the

same time, researchers have developed varioaslvanced thermodynamic
configuratiors. This developmemnight greatly promote theystem performancg..

Wang et al. 2019}uch asnultiplecomplex and advanced supercritical carbon dioxide
(S CO2) power generation configuratisnsummarized in(Crespi et al. 2017)
Specifically, the variabkein configuration optimization involve discrete variables,

makingit more complcated when exploring the best system configuration and design.
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With more advanced configurations developed, it is essentially impossible to try every
candidateUnder most conditions, researchers limit feasible regiorio predefined
configurations based on basic and mature oféerefore,the feasible region is
shrunken by the prescreening processitisdeasier to be trapped by a local minimum

of systemconfigurationdesignwhen relying on researchers’ experience efdiore,
exploring feasible and robust approaches that reproduce researchers' mind maps is

necessaryo find the optimunthermal system configuration

The system evaluation process in configuration optimization can be determined by
steadystate(Garcia et al. 2016pr transientstateanalysis(Xu Zhang et al. 2018)
which corresponds to the design and operation |&Vedsystem desigoptimization
problemis discussedinder steadytate conditionsTherefore, the governing equation

for every component is time independefhe operation level ophization is not
considered in thichapter Figure 3-1 shows a Brayton cycle that consists of four
components. The performance of this system can be evaluated after &wolthegstate
variables (enthalpy/temperature and pressure) at each ctionepipe (xi-xs). The
governing equatiafor each componermrenonlinearfunctions, which map the input

variables to the output variables.

X4—¥ Condenser——Xp:

W

X3— Evaporator ——X

Figure 3-1. Brayton cycle
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Since thefeasible regionof configuration is discrete and mixed with continuous
variables in design spadbge followingsulsectionfirst explicitly explains the volume
changeof feasible regiorwith specificrule constraints. The rest of tlseitsection &
organized bythe methodology used to conduct a configuration optimization process,
including the whole framework and details tfe configurationoptimization
framework Thensimple and complex case stied are carried outo validate the
optimization famework through the -80O, power generation systeniast, the
influence ofan initial configuration on the effectiveness and convergence of the

frameworkis explored

3.1 Feasible regionof configuration optimization

As mentioned earlier, two folds of variables should be optimized for design
optimization, including configuratiorvariables of system and thevariables that
determine componentsd® peThé ganered but ormal n
expression of a configation optimization problem can be representdtbmation3-1,
where® and® are variables that represent the configurafeasible regiorof the
systemevel andperformancdeasible regiomf components level, respectivelfz and

"Q are the functions that restrict tldesignvariables(configuration and component
performancg to feasible regionlt is worth mentioning thaexplicitly expressg
constrains towards configuration is difficult Instead, theseconstraintsmay be
implemented through configuration generation rul@s. the function that evaluates

the interested metrics, such as thermal efficiency.
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Thenumber ofconfigurationsshould be limited for practical usagedthere would be
many ineffective designs iio ruleis appliedfor connection between components.
Therefore, it is essential to confine fieasible regiorwith appropriate constraints for
configuraton design Except for the range limitations of variables, the implicit
constraints adopted by researchers can be approximately categorized based on different
types of knowledge levelgraphc, thermodynamic, and experience/experéispects
as shown irFigure3-2. Here, graphic knowledge means the strongly connected (SC)
property of a thermodynamic cycle. The strongly connected means any vertex in a
graph can be reached by any other vertex in a ddegtgph Mathematically, a graph
is strongly connected if it contains a directed path from u to v and a directed path from
v to u for every pair of vertices u, Whis rule can also be interpreted as mass
conservation for thermodynamic cysleThe feasible region shrinks when more
knowledge is applied. Therefore, the question becomes: is it possible to develop
appropriateconfiguration generating rulé@s this optimization problerwithout relying
on the engineers' or researchers' experierideese generatgnrules implement all
graphic and thermodynamic knowledge requirementkeep as many potential
candidats of configuration desigas possible.
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Figure 3-2. Feasible regiorshrinks as knowledge applied

The candidateconfiguration number can be calculated thy permutation ofthe
connection amongomponents with or withouheserules Graphic or thermodynamic
laws can vastly shrink the number of candidate configuratidhe details of
calculating the volume dieasible regiorcan be redirected to the appendix section.
Figure 3-3 shows that the number of configurations increases whenuhwwer of
componerg increases with and without grapltonstraintsThe results show that the
number of configurations satisfyinght SC propertyis much less than the full
permutation (indicated with 'allyithout considering SC propertyrhis high volume
implements exhause searching impossible, especially for cases with a larger
component numbetere, the split means a compohémat divides one stream of
working fluid into two or more streams in a thermodynamic sysiém.noted that the
candidate number explodes exponentially when the component number inaedses
the magnitude increases three levels with one more §itsidering thdeasible
regionof componenperformance variabl@) ) is built based on the configuratiai §,

the overallfeasible regiorfc Ftd ) would be even larger.
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Figure 3-3. Total configuratiomumberincreasesvith component number

EvenSCis applied to narrow down tHeasible regionThe diminishedeasible region

is still too large (over ten million for only nine components). Therefoegntbdynamic
constraints should be applied to decrease the volume further. Howppérng too

much experiencéom researchersuch as cascading different configurations, might
screenout potential candidatesThis thesis only applieSC property and bsic
thermodynamic knowledge (1st and 2nd laws) for restricting and explorifeptible

region even though exact algorithms, such as branch and cut, can be used to solve
integer programming problesn These algoriths cannot implement the SC and
thermog/namic rules to screenout candidatse. Thereforethe exact algorithms will
spend much time evaluating configuration that does not obey SC and thermodynamic
laws. And assigning objective values for these violated configurations will be a
problem if one wats to measure thguality of the design. In addition, a seceledel
optimization will still be needed to optimize tisemponent performance variahles

which will slow down the optimization process further. Therefore, a -metaistic
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method -- simulated annealingbased configuration optimization framework is
developed tosimultaneously find the best configuration goerformance variable
settingfor the SCO, power generation system. Two case stubdesedupon limited
component numbers for simple and complex configurations are investigated to prove
this framework's effectiveness. In the next section, a formal expression of the objective

and constraints that describe the optimization problem is carried out.

3.2 Graph representation of thermal system configuration

Modified from the structural graph for chemical process networks proposed in
(Emmerich, Grotzner, and Schutz 20t )hermodynamic graphi{graph) is designed

that can fully represent all configurations' information, including topology,
components' governing equations, and variables. The completed definition can be

described as follows:

oh  hohoh M B Hof AQ 32
L0 h @®dNve O pkBRE O
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T-graphis defined as tuplein Equation 3-2 andEquation3-3, where is a finite set

of all thermodynamic component typancluding compressors, turbines, and heat
exchangers, etowis a set of verticeim a directed graphp O wis the subset dfxed
vertices ofw; b is a function that assigns element in sdb each vertexn setw;

¢ R dwm s arethe functions that describe the indegree and outdegree of vertices
insetw; 0 ,0 dare the sets of inlet and out contwes; E is a set of edges; is the

83



function that assigns the thermodynamic properties (mass, pressure, and temperature)
to every connectoiQ) are the governing equations that assign outlet properties to the

inlet properties of every vertex in g6t

It should be noted thab h n when there is no restriction on specific components and
the configuration of a thermodynamic cycle is a dalo$sop. By adopting this
definition, theT-graphof a recompression cycl€igure3-4(a)) can be mathematically
expressed as in thgppendix andFigure3-4 (b) expressethe connectiomn terms of

the graphtheoryaspec.

€ (b)
e e b wo

€ €1 €

| | )

) €1 e
Rp{‘u;vj-fm Rprupﬂrm —(égx— € —»é— €, —>(\4/\»<—

' ' t &, |

Figure 3-4. T-graph of recompression cycle: (a) original cycle; (byaph
representation

3.3 Configuration optimization framework

The configuration optimization framework consistsaothermodynamic graph €T
Graph), configuration solver, and optimizer. The overview of this framework is
depicted inFigure 3-5. The configuration solver is responsible for solving nonlinear
equations representing thermodynamic cycles in this framewidr& T-Graph part

bridges the gaps betwe#re thermodynamic cycland configuration representation
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Possible mutatianof originalconfigurations can beodifiedand implemergdon a F

graph Lastly, the optimizer tries to find the optimutasigqh through iteration.

nitial
configuratiol

77777777777

SC check & amend

New configuration

1. Inset/ delete comp.
2. Inset /delete edge; -
3. Change parameter \ T-Graph

[ Penafty obj. Heuristic
Solvable No— "| value Algorithms

D

| Property ’| Nonllnear|‘7; Adjust

| limiation solver [' linitial value |

Yes
@ No
i ) exam o
Configuration solver Yes Optimizer

Figure 3-5. Configuration optimization framework

3.3.1 Configuration solver

A configuration solver shoulgolve any given configuration and evalu#ite system
performance. The primary task is to provide sufficiegavernng equations
representinga T-Graph and find an appropriate method to solve these nonlinear
equationsFigure3-6 shows the complete sdion process of a given configuration and

its parameter settingt should be noticed that there is component checka@gtagning

a new system configuration. There imidgpe insufficient component in a circuit of a
cycle, such as compressor/turbine, this should be amended by inserting this missing
type of component. And when designing a new system configuration through insert or

performance variable (pressure ratio/ex@an ratio) change, the pressure
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ratio/expansion ratio might be less than 1, this turns a compressor to a turbine or a
turbine to a compressor. The detabloutthese amendmentsill be illustrated in
Section 3.3.3.2 and Section 3.3.3Be M, P here meammass and pressure, these two
sets of variables are solved first and independently (from enthalpy) due to simplified

model.

Initial component

nitial
configuratio
parameters

omponeél Previous

No check configuration
v
- Yes
Continte change
Ireversechange :l,
M, P linear

solver

v

Fix M, P and
Initial T
-
Initial value
normalization

solver initial value
Solvable

N
=
N0+ Penalty facto
Yes |
-

System
performance

Figure 3-6. Configuration solver

Property
limiation

Adjust

The governing equations that map the input and output (component) are critical to
solving the thermodynamic cycles. As definedthe T-graph, the total number of
unknown variablesmported by these differemtomponentscan becalculatedby

indegree and outdegree of nodes, as exprésdeglation3-4.
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0 oz BE& 0 Bg& U Ichw 3-4
An equivalent number of equations plus parameters should be provided to perform
steadystate evaluationf a T-graph. Taking S8CO, power generation as a case study,
only limitedcomponentypeswere considered ifi-graph,such ashecomponentypes
of arecompression cycle in the last sectiBach component except split/ merge has
one indegree and one outdegree. Each split/merge has two/one outdegree and one/two
indegreeThen, the total number of variables is expresseldnation3-5.

0 oz B0 B0 B0 B0 Cz
B0 0zBO

35
Heat transfercoefficientand pressure drop equations are used for the heat exchanger
mode| while compressors and turbines ad@ptencoefficient model Smplified
component models aressunedto avoid struggling with convergeeissues anfbcus
on optimization. Theequations that goverevery componerdreexplicitly expressed
in Equation3-6 throughEquation3-11. Merge and split are passive composehat
solely obeymass, momentum, and energy conservations.lawthesolutionprocess,
the Pythonbased package CoolPrdBell et al. 2014)is used for property search
represented by function® ,"Q ,"Q ,"Q . There are variablethat need to be
determined for solving a configuration governed by theeggationsThese variables
are deemed constant when solving a configuration in this optimization Wuoel can

also be optimized through tlsgmulated annealingptimizer. These variables incled

effectiveness or efficiency-{, pressure ratio, expansigatio f] ), mass split ratio

(6 1).

87



v a a no v
¥, O Q0 RY
3EQE Y Y Y z— h A0

s 3-6

o3 | OGPV A Y Y OY oz

Ny Y "Q 0 RO

nm3i OBAEA E

vy a h a h I']f) h 0 h
S Ol Q0 ; RY ;
l’h‘p'Y . "Y . "Y . "Y . z
el o " ho A
l’]’u’ Y Q 0 hO 3-7
- e 1 S
U’ "C) FI "O F] "O ﬁ z d F] 7d F] "C) F]

Nm2AAOPAOAODT O

o a @ no 0
;i I DPONOOI O 0, O T

. 400APT AO 0 ; 'O z-— h

Ly . o 3-8

& O Q~U th

N, 'Y "Q 0 hO

AlONm#1 | DO XODYOET A
a a a

0 0 no 0 h Ai'ovm-AOCG/ 39
EI;"o 0 74 0 24 T&
70 a a T4 ai
o 0 0 NO 0 h AIO"m3bl E 310
o "0 0 NO 0
G a 0 NO O h Al wACA311

Until now, the total number of variables in these governing equations eguaiss
shown inEquation3-12. Consideringhat split and merge are in pajrit seems the

number ofequations equalthe number ofunknowrs. However, the mass balance
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eguations are not independent, which means the neatnistituted by mass equations

is rankdeficient. It is the same for pressure balance equations when no pressure drop
in heat exchangers assumedTherefore, two additional equatioaie needetb make
configurations solvable. By setting the minimum puessn the system and fixing the
mass flow rate of coolant at one heat sink, the equations required for solving any
thermodynamic cycles are complete.

0 0zB0D 0zB0D 0zB0 0zB0
@zB0 1z2B0 vzB0O

3-12
As discussed before, the pressure drops hreat exchanger and pipeline are not
considered. And based on the equations listeqgunation3-6 ~ Equation3-11, the
mass and pressure can be separated from enthalpy (temperatiuegyréssure ratio
and split ratio are given ahead. Therefore, a separated solver that solgeanthas
pressure first and then enthalpy (temperature) is designdidear equationsolver
from NumPy(Harris et al. 2020)s used for solving mass and pressurenohlinear

multivariate equatiosolvert hat uses MI NPACKG6s Otmombr do

SciPy(Virtanen et al. 2020} implementedor solvingenthalpy (temperature).

Moreover,multiple techniques have been embedded in the solver to boost the success
rate of solving thermodynamic cyclel§ This configuration solver is embedded in the
optimization process. The configuration change during optimization is linaitetithe

new configuration is within the neighbor of the previagsiq. In other words, the
mutations designed in the optimization algorithm only bring minor change for the
origind design. The inlet and outlet state should be changed not much. Therefore, the

new system design is similar with previous design before mutation and the states of
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working fluid are close to the previous ondherefore,the previous iteration of
configurdion information performancevariable$ can be used fahecurrent iteration
ofthec o n f i g werfarmancerarialslesfor fast convergence. In other words, the
thermodynamic information from the previous configuration is used as the gnigas
value for the new Igraph 2) Based on the material limitation thieturbine and other
componentsthe property boundary for any configuratiomns set (e.g. maximum
pressure is 25 MP#he maximum temperature is 500°C); 3) adjustingguess vala
approachWinkler, Aute, and Radermacher 2008)mplemented after the failure of
the first triel. Overall, if maximum efficiency is thebgective, the objective can be
expressed akEquation3-13. It should be noticed that the two sets of variables are
directly reflected in the objectiveriction, however, the two sets of variables, including
configuration and performance variables, are concluded in constraints. The objective

can only be calculated after connection (E) and performance varialale (decided.
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Finally, for recuperators in-802 systems, the pinch poimiay exist in the middle of

the heat exchange due to inappropriate des$tgrth point temperatures examined
after solving the configuratiomnd a minimum value for recuperators is set to be 5 K
(Dostal, Hejzlar, and Driscoll 2006, ®) eliminate this issuéA penalty factor is placed

on the objective value if the thermodynamic laws, includiffgadd 29 laws, are
violated. This violation might be inappropriate performance variables that result in

energy imbalance, negative power cycle
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3.3.2 Constraints of configuration

3.3.2.1Graph property constraints

A graph (configuration) is strongly connected (SC) if every vertex (component) is
reachable from every other vertex (component)js definition can be interpreted as
mass conservation and stealgte conditioncorresponding to the energy conversion
system Therefore, the graph constituted by the configuration of the energy conversion
system should be an SC graph no matter how researchers intend to design the
configuration ofa thermakystem.The naural question is how tguarante¢he newly
generated cdrguration is an SC grapfihe T-graph is further simplified to examine

the SC property.

The recuperatan configuration is decouplessa heating and cooling pad simplify

the graph structur@hen, the T-Graphin Figure3-4 (b) can bedisassembléo Figure

3-7 (a), where only tweedge vertices§ 0 plE 0 p) and threedge
vertices¢ 0 &€ 0  0) exist. Then, the decoupledG@raph isdisassembled

by two-edge vertices anthreeedged verticedlt is easy to find that the deletion or
insertion tweedge vertices will not influence the flow direction or the stream of
working fluid. Therefore,two-edge vertices do not influence the SC property, no
matter how manyf these vertes are embedded in the graph. Lastisassembld-

graph like Figure 3-7 (b) can represent the original graph without losing the SC
property.With the above configuration representation, and analysis of the decoupled
T-graph, an SC graph can be manually permuted with two steps: first, make a

connection within only splits/merges (thredge vertices) of a system without
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considering other components (h@dge vertices), second, insert other components

(two-edge vertices). This process will guarantee the SC property and any configuration

can be reached.

@ (b)
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Figure 3-7. Simplification of TGraph: a) dissemble v&ion of Fgraph; b) decoupled
T-graph

3.3.2.2Thermodynamic property constraints

From a thermodynamic viewpoint, the cycle in th&faph should comply with mass,
momentum, and energy conservatidhmight bedetermine whether thermodynamic

laws are violated when the solver cannot converge. Howeaemally screening them
would betrivial and waste many computational resourdéeerefore, a few general and
necessary conditions should be satisfied for any configuration if one wants these
conservation rules to be satisfied-S diagram can be used to explain the
thermodynamic rules 3fland 2¢law. First, the energy conservation for closed loop can
be interpreted as closed loop inSTdiagram (¥ law). Second, the compressor or
turbine must have irreversible compression or expansion process, which means entropy
increase across theseo componentsTake the SCO; cycle as an example, as shown

in Figure 3-8. There must be incline compression or expansion process. To fulfill a
closed bop in T-S diagram,1) theremust be a compressor and turbine in a loop for

circulating working fluid, and 2) a nominal sink is required to complete the
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thermodynamic loop. Here, the 'sink' might not be a heat exchanger. Any method that
results in a tempature decrease can be viewed as a Siokh requirements in each
loop of thermodynamic cycle should be satisfied to fulfill the thermodynamic rules
when implementing mutation in optimizatidhshould be noted that only these three
components in a configation result in a negative efficiency due to net power input
This type of configuration might be a refrigeration system would be phased out by
the optimization algorithm eventually. With these two minimum requirements, energy
conservation is satigfd. The other two conditiorere automatically satisfied due to

SC property. Therefore, the influenced loop in the configuratiomng new
configuration generating process examined. The supplementary composeate
inserted into the looghen configurdon (connection) changes.

T

Figure 3-8. The necessary condition of loops iGTfaph
3.3.3 Configuration optimizer

3.3.3.1Simulated annealing algorithm

Since thefeasible regionmixes discrete and continuous variablasgtaneuristic
algorithms would be preferred for optimum seaildiere are other algorithms that can

be used to solve mixed discrete and continuous variables, such as branch and cut based
methods. These algorithms are chaio implement the strongly connected and
thermodynamic rules to screen out candidates. Therefore, the exact algorithms will

spend much time evaluating configuration that does not obey SC and thermodynamic
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laws. And assigning objective values for theselated configurations will be a
problem if one wants to measure the quality of the design. In addition, a deeehd
optimization will still be needed to optimize the component performance variables,
which will slow down the optimization process furthek. simulated annealing
algorithmis implemented due to robustness and effective(iditslaev and Jacobson
2010) Kirkpatrick et al. developed this algorithm in 1983 based on the metal annealing
process(Kirkpatrick, Gelatt, and Vecchi 1983)t is a probabilistic technique for
approximating the gbal optimum of a given function. It is good at exploring the
solution spacelt has good characteristics of finding the global optimum even though
it often converges very slowly in practice due to the lack of crossover operator in the
algorithm.
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Figure 3-9. Simulated annealing algorithm
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Figure 3-9 shows the optimizationrpcess of a simulated annealing algorithm. The
algorithm first starts from an initial temperaturér), candidate solutiono§) and
computa the initial objective value'Qw ). Then a random disturbance is added for
generating a new solutiorw( ) in the neighbor of current one, and the energy
difference Qw  "Qw ) between the new solution and the original solution is
obtained. The new solution is adopted as the current solution for a minimization
problem if the difference is less than 0. On the contrary, a probability proportional to
the energy difference is ustmldetermine whether to accept or reject the new solution.
A lower temperaturendicates asmaller probability of acceptance, aadgreater
differencein objective value meanssaaller probability of acceptance. The probability

of acceptance is calculatbdsed orEquation3-14. Herew Qs the energy difference
between the new solution and the original solution,”and is current temperature.

The temperature gradually decreases with the number of iteratihnstich can be
expressed iEquation3-15. As a result, the probability of obtainingpaor solution is
small. The loop continues until the temperature is lower than the tolerance'Yalye (
Before the temperature is lowered to the minimum, a better solution is found through

multiple iterations at the current temperature.

n Qonwdy 3-14
&SADHO  YIp o
#AOKEU "Yz-— 3-15
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3.3.3.2Mutation of configuration

The new configuration updateés the core part of the whole optimization procdsse
maximized range othe feasible regioms maintained by applying specific updating
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rules In other words, the updated configuration should be any possible configsiration
that do ot violate theconstraints at thiopologicaland thermodynamic levelall the
possible updates frorthe mutation perspective can be categorizedpadormance
variableschangs of component, insertion, or deletion componentshmT-Graph.
Sinceperformancevariableschanges are straightforward and do not impact topological
properties only the deletion and insertion of componenttheT-Graphneed to be

discussed

As descibed in the last subsectiovarious disturbancegenerate a new configuration,
such as insertion/deletion of thredge or tweedge vertex This subsection will
discuss how constraints influence the generation ofdesins from both topological

and themodynamic aspects. It has been explaineslection3.3.2.1that the tweedge
vertices would not impact the SC property. Therefore, any deletiosention of twe

edge vertices into the-Graph will not be constrained.he only needis to find a
method that does not violate the SC property for insertion or deletion of three edge
vertex. It should be noted that thkghtest change should be made # T-Graph if

multiple procedures can be executed when practicing new configuration generation.

It is apparent that split and merge (thezkye vertices) appear in pairs, and the insertion
of threeedged vertices will not influence the SC property eitfibe exceptional one
that required special care is the deletion of Ha@ged vertices. Deleting the same type
of threeedged vertex will not be considersthce it will result incomplete system
configuration Moreover, there must be a direct edge betveegair of split and merge

(without other splits or merges within this edge) for a strongly conneet@dph with
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at least one pair of split and merge. Considering a general case sheigaras-10.

For the condition of split pointing to merge, since any new configuration remains

SC graph, the connectivity between vertéx)(and vertex § ) determine the new

configuration as l or Il. The newonf i gur ati on

shoul d

(without crossover) if there is more than one path from the veant@xd vertex ¢ ).

Ot her wi s e, t he

new

conf i gur athaconditiorsdi oul d

merge pointing to split, the dite paths between vertices before menyei( ) and

vertices after splitl( hb ) should be found and matched. The new configuration should

be a crossover

type

be t

he

be

Mo r e configurationsithatd uct i on

can reach any configuratiottrough multiple insertions or deletiarigntil now, | can

freely make any deletion or insertion to generate any new configuration from the

graphical perspective, even though the number okgplinergsis limited in practice.
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Figure 3-10. Deletion for pair of threedged vertices:
(a) deletion for pair of spltmerge; (b) deletion for pair of mergsplit
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Figure3-11is an example of onstep insertion and deletion of an edge to a bottom
composite SCO, power cycle(Crespi et al. 2017)There are various insertions and
deletions for different types of components. Based ondge sBumber and component
information of a bottom composite@0; cycle, the total number of new configurations
is listed in Table 3-1. However, some imstions or deletions requiradditional

components which satisthermodynamic constraints.
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Figure 3-11. Example of edge insertion or deletion on bottom compositeecycl

4—— |l nser
—— p» Deleet

Table3-1. New configuration number based on a bottom composite cycle

Component Insertion Deletion
Evaporator 14 2
Condenser 14 1
Compressor 14 2
Turbine 14 2
Recuperator 364 3
Split and Merge 364 6

3.3.3.3Mutation of performance variables

Contrary to an explicated designed configuration, it is not straightforward to determine

which pressure component(s) should be changed after an initial pressure ratio change
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from the FGraph perspective, especially for two splits/merges configuratitmes.

same amount of pressure change is assumed for computational efficiency when
manipulating the pressure/expansion ratio. For instance, two compressors have a
pressure ratio (PR) of 2, and one turbine has an expansion ratio (ER) of 4 in a loop. If
the ER inceases from 4 to 6, then only one of the compressors increases the PR from
2 to 3.There are many choices to change other pressure components to make pressure
balance when initializing a change for one pressure component. For instance, there is a
system cafiguration shown as Figure 3 (other components that do not influence
pressure are excluded). The pressure ratio or expansion ratio of components are listed

in bracket in the figure.

M -
y
ompre ssa(
Turbine3(2)

. \ Turbine1(3) / \ Turbine5(2) /
urbine4(1.5

Figure 3-12. Configuration without nofpressure components

When change the pressure ratio of compressorl from 3 to 6, we can have following
choice: 1) change expansion ratio of turbinel/turbine2 from 3 to 6; or 2) change
expansion ratio of turbine5 artdrbine3 from 2 to 4; or 3) change pressure ratio of
compressor2 from 6 to 3 and turbine3 from 2 to 4, etc. There are many choices we can
make the pressure balance. The first choice only needs to change one component
whereas the second and third choicesdito change two components. The first change

option will be preferred considering minimized change is brought to the system design.
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A composite configuration frorigure 3-13 is used as an example to illustrate this
problemto clarify the challenging aspects$-irst, the pressure components and loops
are identified inTable 3-2. Any loops should contain an even number of changed
pressure componentsased on the pressure/expansion ratio change rule mentioned
above. Ad the minimum number of changsisould be achievesimultaneouslyto

make the change as small as possible. In that case, the possibility of excluding
candidatedesignis low. Based on these criteria, the pressure ratio of V10 should be
changed if vertice V9 is changaahile V5, V9, and V11 should chandevertice V2

is altered. A bi-level integerlinear programming problem determines which pressure

component(s) should be changed

e
» ‘__Bgs‘fp;};iﬁi" VS‘ ___________________ V 3

V4— V5
W ~..Rgcupe;£;15‘r“

ﬁécuper@\_t,os-
v W
Kium press74 Evaporator

Figure 3-13. Composite configuration andGraphrepresentation
Table3-2. Pressure components exist in loops of a composite configuration

Pressure componer, Loop 1l | Loop2 | Loop3
V2 Yes No No
Vs Yes Yes No
Vo No Yes Yes
V1o No No Yes
Vi1 No Yes Yes
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The formal and general expression of the integer programming prididédetermines

the changed componerdan be represented Bguation3-16:
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Where® and® are binary variables represimg whether to makéhe pressure ratio
change for compressor and turbine in a ldapThe objective of the above in&y
programming is to minimize the change of the whole configuration due to the change
of initial PR/ERchange of compressoor turbines. The constraint in the problem can
be interpreted as the number of changes in one loop should betegaeredessary to
determine the following change type (increase/decrease) based on the original change
type in the changed componentfie mathematical expression for the change type can
be represented Bquation3-17, wherewo andod are integralariableq(1 for increase
or -1 for decrease) represent pressure components detdrtoichangdn Equation
3-16.
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Then,the changed components from the first level wilttaasferrednto the second

level of integral programming problem &xuation3-18 shows. The component
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change typdincrease/decreaséy determinedby solving this integer optimization

problem
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3.3.3.4Codification of mutation

For any configuration, the topological informationasr-Graph. Any insertion or
deletionwill import additional statevariablesthat determie the pressure, mass and
enthalpy of fluid New nodes and edges carry these new variables, andebdyo be
codified into the originaldesign. Figure 3-14 shows how insertion and deletion
influence the TIGraph of aninitial configuration. The edge inserted will move
backward, and every insertion impoane vertex and one additional edge. Eage
connected to the deleted vertex outlet will be removed together with the.vEmex
inlet of the deleted vertex will be kept and directly connected with the forwarding
vertex. Deletion or insertion will be easily codified with this consistent and
modularized deletion or insertigorocess

Vi— € —»V

Inseﬁt Vi- € »V3- & —»\V,

—»\V3- € —»

Vi- € »Vo- 6 Vv,

Del eit e vV, — e_]_—>V3

e ————

Figure 3-14. Codification of insertion and deletion orGQraph
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3.4 Implementation of configuration optimization

3.4.1 Parameter settings

The whole optimization platform is built in a Python environment with the help of the
property library from CoolProfBell et al. 2014pand a nonlinear solver package from
SciPy (Virtanen et al. 2020)Two samplecases under limited component number
constraints t@re examined&alidate the proposed optimization framewddecessary
parameters are required before aactthg the evaluation. Based on the design
reference and limitation fronDostal, Hejzlar, and Driscoll 2006Yhe maximum
temperature and minimum temperatures in tH@Cs power system are set to 850 K
and 320 K. The maximum and minimum pressures in t®Spower system are 32
MPa and 8 MPa. The rest the performancevariablesof every component are listed

in Table3-3, includingthe range and the initial value of thegariablesin governing

Equation3-6 and Equatior8-11.

Table3-3. Performance variablef components

Component nam Performance variable Range Initial value
Heater Sourcetemperature,Y 0 850 (fixed) 850
Approachtemperature)Y 0 [10, 100] 50
Cooler Sinktemperature}Y 0 310 (fixed) 310
Approachtemperature)Y U [-10,-50] -30
Compressor Pressureatio, N {-] [1.1, 4.0] 1.2
Isentropicefficiency,— P [10, 90] 80
. Expansiorratio, Q |-] [1.1, 4.0] 1.2
Turbine Isentropicefficiency,— b [10, 90] 80
Recuperator Effectiveness— b [10, 90] 80

Split Splitratio,i [-] [0.05, 20] 4

The parameter setting of the SA algorithm is listedTable 3-4. Since SA is a

probability-based optimization algorithm, multiple variations can be @mganted for
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an existing configuration. Designing the probabibfydifferent mutation types one

of the key parts of the optimization process. The mutation happens within the deletion
or insertion of components and chasdglee componentgerformancerarables The
probability should obeyEquation 3-19. In this study, the detailed probability
distribution can be viewed ifigure 3-15. It should be noted that when chamy
performancevariableof split/merge, there is only one choicsplit ratio (eta). Suppose

the minimum or the maximum number of eacimponent typés satisfied. In that case,

the probability of deletion or insertion should be 0, respectively.

Table3-4. Parameter setting of the SA algorithm

Terminated temperaturéy( ) | 0.1
Initial temperature) 50
Internal iteration time’Q) 100
Penalty factor 299
b n ph " ET GADIGABAT CA
o Aooph ov (8T FPOEMBOFEA®DCA
oy ey E0  GER e o &0
‘u" A Pl v (8% 1 (DO AR FBCP I- EAGD Gk Q ohpiQi

Mutation " .

Probability

Deiere Change
0.6 Decrease
0.5 ' B

'V"

" A '
HX sr Compressor Turbme HX recu [ Split/Merge
0.15 0.10 0.10 0.30 0.2

Figure 3-15. Probability distribution of mutation types
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Table3-5. Component number limitation for two cagadies

Maximum # for | Maximum # for - .

Component : : Minimum # Initial #

no splitfmerge | one split/merge

Evaporator 1 1 1 1
Condenser 1 1 1 1
Compressor 1 2 1 1
Turbine 1 1 1 1
Recuperator 1 1 0 0
Split 0 1 0 0

The total number of each compongreis restricted, which is displayed Trable3-5,

to investigate the capability of the thermodynamic solVae initial configuration is a
four-componenbased system that includescompressor, turbine, evaporator, and
condenser. Two case studies that correspond to no split/merge condition and one

split‘merge condition are carried out to prove this optinoraiamework's capability.

3.4.2 Validations of configuration optimizer

There is no split/merge in the configuration in the first case sfittycomponent types
includeone moreecuperator. The three types of mutatioluding deletion, insertion,

and perfomance variables change,can be implemented under the limitation of
maximum and minimum component numbdtsis viable topermutate all possible
configurations under the limited searching domain and do an exhaustive search for all
the configurations Therdore, this case study's purpose is mainly to demonstrate the
capability of the configuration solveBince thenumber offeasible configuratiosis
limited, the optimization result frorthe SAbased optimizer cahe verified by the

result of an exhaustiveearch among all the feasible configurations
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Figure 3-16. Rate of feasible configuration and implemented mutation
Figure3-16 shows the generation rate of feasible configurationevery temperature

drop of SA and the mutation type implemented by the SA algorithm in a single
execution. The configuration solver resighconvergenceate for all configurations

in this low volumeof the feasible regianHere, the type of design that violates
thermodynamic laws and assign penalty factor is called infeasible design. The rest of
design is feasible and divided by totakthn will produce rate of feasible configuration
The feasible rate shows below 100% at the beginning optimization process due to the
inappropriatgperformancevariablessetting of components resulting in the second law
violation condition. The deletion e is as low as 5% at the beginning since the initial
configuration already reaches the minimum number restriction. After iteration 15, the
optimizer mainly implements thegerformancevariablesand deletion mutation since

the objective value reaches a tela value and reaches the maximum number
restriction for this simple case study. The mdheiterations can be viewed as purely

tuning ofperformancevariables
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