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Abstract
An integrated approach is presented in this stodgesign electrical hubs combining optimization ltirzriterion

assessment and decision making. Levelized Energy C&C), Initial Capital Cost (ICC), Grid Integian Level
(GI), Levelized CO2 emission (LCO2), utilization oénewable energy, flexibility of the system, lasfsload
probability (LOLP) are considered as criteria usedssess the design. The novel approach con$istveral steps.
Pareto analysis is conducted initially using 2Ddaifronts to reduce the dimensions of the optitramaproblem.
Subsequently, Pareto multi objective optimizatiménducted considering LEC, Gl and ICC which wedentified
as the best set of objective functions to repregentiesign requirements. Next, fuzzy TOPSIS awdl ldiagrams
are used for multi-criterion decision making (MCDYnsidering the set of criteria and the boundaayrix that
represents the design requirements of the apmitaRareto analysis shows that 5D optimization lgrabcan be
reduced to a 3D optimization problem when considgtliEC, ICC and Gl as the objective functions. Finaesults
obtained from the case study shows that the noe#hod can be used design distributed energy systenssdering

a set of criteria which is beyond the reach of Raoptimization with different priority levels.

Key words: Distributed Energy System; Multi-objeeti Optimization; Multi-criterion Assessment; Deoisi
Making, Electrical Hub; Fuzzy TOPSIS
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1) Introduction
Integrating renewable energy technologies is ingmirto make energy systems sustainable and faceh#ikenges
due to escalating prices of fossil fuel resour€agen House Gas (GHG) emissions and security prabliue to
nuclear energy. Wind and solar energy are becommage promising choices in this regard. Howeverclsastic
nature of these energy sources limits the dirgegmation of these energy technologies up to 40%he®fdemand in
order to maintain the stability of grid [1,2]. Srharicro grids [3-5], virtual power plants [6—8],idjintegrated and
stand-alone hybrid energy systems [9-11] are gefiopular on this regard as methods to integraglednifractions
of Solar PV (SPV) and wind energy. These systenmsisbof dispatchable energy sources and storagehvelan
absorb the fluctuations of SPV and wind energy &ilaintaining the reliability of the power suppHowever, a
number of aspects (technical, environmental, ecariosocial) need to be considered in the desigmiracess

especially considering site specific requiremehty.[

Multi objective optimization of distributed energystems have been amply taken into discussiorcentditerature
in order to consider wider spectrum of aspectstedlao the design, moving beyond simple cost optition. A
number of diversified factors such as cost, envirental impact [13-15], utilization of renewable &ge[16],
system reliability [10,17,18], social impact [19%xergy efficiency [20] etc., have been consideradthe
optimization depending upon the requirements whesigiing distributed energy systems. A detailetl dit
different objective functions considered in multijective optimization of energy systems is preseig Tan et-al
[21], which is quite extensive. One cannot use seraled list of criteria as objective functions fbe design
optimization. On the other hand, according to Eadand Radzi [12], research studies on multi object
optimization of energy systems should focus moreatering site specific requirements when desiguisgributed
energy systems. This makes it essential to consideamber of sites and design specific requirembatond
objective functions used for multi-objective optraiion. Hence, multi-objective optimization sholle a part of
decision making process instead of being the aiely;sas it is practiced in most of the instancegrasent [10,13—

18].

Recent research work on multi objective optimizated energy systems can be classified into two neiasses
depending upon the way it considers multiple attel; i.e. weighted sum method and Pareto meth?id [[2 the

former, different attributes that need to be comd are weighted and formulated as a single abge@tinction.
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This method is used in energy domain whenever desiig having a better understanding of objectpace [23—
25] (in order to weight the objective functions)ialhis not common in most of the instances. Thiedas used to
obtain entire set of Pareto solutions considerihtha objectives which is frequently used in desng distributed
energy systems, especially considering the Paretd 6f cost and reliability[10,17,18] or cost a@8®2 emissions
[13-15]. It is important to continue energy systdesign beyond multi-objective optimization as sgigd by
Bhattacharyya [26] where multi criterion assessnagrt decision making needs to be combined withtddségning
process in order to rank the set of Pareto solsitairtained from multi-objective optimization. Seleg appropriate
objective functions for Pareto optimization (ascdssed before) and linking the Pareto optimizatigih multi-

criterion decision making is still challenging.

Multi criterion assessment and decision making playital role in both planning and designing egexgstems. A
number of different techniques have been usedisnctintext which are reviewed in detailed in R&%,p8]. Multi-
criterion decision making has been amply used nipua applications related to locating energy syst¢29-31],
performance evaluation of energy systems [32—3difiguration selection etc [35-38]. However, mokttlese

applications are different from energy system desig

When it comes to design of distributed energy sgystaon-dominant set of solutions used for multtezion
decision making needs to be obtained using Pamgtmization. This is a lengthy process comparedhast of the
previous examples. Sayyaadi et-al [20], Perera §39] and Mazza et-al [40] have used multi cii@erdecision
making following multi objective optimization to sign energy systems. Sayyaadi et-al [20] et-al usedy
Bellmane-Zadeh approach to rank Pareto solutions fdesign application of co-generation systemre2hiet-al
[41] used LINMAP method to arrive at the most sbligéadesign solution from the Pareto front. A simé@proach
based on fuzzy TOPSIS was used by Perera et-abfg®l.uo [42] when ranking Pareto solutions fotamd-alone
energy system and Sterling engine. Objective fanstused for Pareto optimization are directly uasdhe criteria
for multi-criterion decision making process in thesudies. Finding the most appropriate objectivetions for the
Pareto optimization is one of the main challengethis context (Fig. 1). This approach cannot seduwhenever
set of criteria used to assess the energy systempases notably; especially for practical applaretiof distributed
energy systems where much diversified criteria expected to be evaluated (Fig. 1). In such ins&niteis

important to have an integrated approach consistfregveral steps in order to identify the critehiat need to be
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considered in the assessment, select most them@fgieocriteria as objective functions for Parepdimization and

support multi-criterion decision making consideralbthe criteria used to assess the system.

This study presents an integrated approach thatbeamsed to design grid integrated electrical hi#3544]
(simplified version of a multi energy hub [45,46}lp considering the electrical parts) consistingSéfV panels,
wind turbines, battery bank and an Internal ComibasGenerator (ICG). Eight criteria are consideredssess a
grid integrated electrical hub extending the numdiecriteria used to asses distributed energy syst| recent
literature. A novel integrated approach consistofgseveral steps is introduced to design the eétatthub
depending upon the importance of each criteriorRPaketo analysis is conducted with different comtoomes of
objective functions to reduce the dimensions of dbp&mization problem and select the most suitaifigective
functions. Decision making process is extended heybe Pareto optimization (values of the objecfiuection)
considering all the aspects of the design usingpantdary matrix to present the boundaries of thetoouer
expectation. These all are discussed thoroughtlgerfollowing sections: Section 2 provides a baeérview about
the system considered in this study. Section 3idesva detail description about the criteria useddsess the
system and optimize. Section 4 presents a con@serigtion about the dispatch strategy. Sectiomptiization
algorithm and different combinations of objectiwenétions considered. A detailed description abet movel
integrated approach is presented in Section 6.lIirepplication of the novel method is taken imtiscussion in

Section 6.

2) Computational mode for the eectrical hub and assessment criteria
A computational model is developed in this studyfdomulate criteria that are used to assess thetriglal hub.
Some of these criteria are directly used as objediinctions in the optimization process and sorteroare
considered in the decision making process. Thidigegresents a brief overview about the energyesys

configuration and the functionality

2.1) Overview of the Electrical Hub

An Electrical Hub operating as a distributed enesgstem connected to the grid is considered inghidy. The
Electrical Hub discussed in this paper is related trural electrification project for a small moddlage (peak

demand of 29 kWh) in Hambanthota district. Rurakéification projects are an amply discussed sasdy related
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to distributed energy systems [47-52]. A detailedew of rural electrification projects based orbtigt systems
can be found in Ref. [53].Hambantota is situatethensouthern coastal belt in Sri Lanka which igitng significant
solar and wind energy potential according to thwesys carried out in Sri Lanka (Fig. 2). Hence eaergy system

configuration consisting of SPV panels, wind tudsinlCG and a battery bank is considered for tleetEtal Hub

(Fig. 3).

A steady state hourly simulation is used to assiessnergy flow in the system. Hourly wind speed giobal
horizontal solar irradiation are taken from metéogal databases which were available throughllecsather
stations. An isotropic model is used calculatetiltesd solar irradiation on the SPV panel [11]. &lg, power output
from the solar panels is calculated using Durisclieh[54]. The main advantage of this model is its capahitit
consider cell temperature, air mass, tilted satadiation when evaluating the efficiency of SdPAf panels which

provides a better accuracy in modeling SPV paltd$. Similarly, the power low approximation is usedctmvert

the wind speed from anemometer to hub level hei@ahic Spline interpolation technig(i®6] is used to represent

the power curve provided by the manufacturer ofviired turbines. Finally, renewable power generdigg) using
SPV panels and wind turbines are computed on hdwalis. A detailed description about the model used

compute the energy flow through the renewable gnesghponents can be found in Ref. [11].

3) Thecriteriafor the formulation

Eight criteria are used to assess the energy sysbearing a wider spectrum of interests by the sisétthe energy
system; including economic, environmental, enefffigiency and reliability. A concise description@li the each

criterion is presented in this section.

3.1) Power supply reliability

Power supply reliability becomes a vital factorb® considered in the designing process. Stochaatige of the
renewable energy potential, maintenance downtingystem devices as well as limitations in grid iattions and
energy storage can result in breakdown in the pewpply. Loss of power supply (LPS) due to downtwhsystem
devices is not considered in this study. LPS iseetgd to be occurring (according to Eqg. 1) for tistep ‘t’

whenever renewable energy generatiog:( is less than the demand and the mismatch ¢adyéulfilled by the

grid and the storage due to the limitations inghergy storage and the grid curtailments.
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LPS(t) = ELD(t) - R(t) 'Pnger{t)_ Paat-maXt) — Pro-max (1) (1)

In this equation, ELD, Ben Psatmax @Nd Re.max denote electricity load demand of the applicatimominal power of
the ICG, maximum power flow from the battery depgagdipon the state of charge, and maximum powerdia
be taken from the grid considering the grid cumaihts. All these terms are in kWh taken as inpté/dalculated
each time step t [hour] for 8760 time steps. Fipdibss of load probability (LOLP) is calculateding LPS

according to Eq. 2 which is used as the performardieator to evaluate the power supply reliability

8760
> LPS(t)
_ t=l 2

LOLP = (5— 2)

> ELD(t)

t=1
3.2) Grid integration Level
Autonomy of the system plays a major role in theereable energy integration process. Strong intieragtwith
grid will make the grid to be vulnerable to cascéalkrires. Hence, autonomy of the system is comsitlas a vital
factor to be evaluated in renewable energy integrgirocess especially in distributed generatiostdad of taking
system autonomy (i.e. determines the percentaggewfand generated within the system), grid integmatevel
which is the complimentary to system autonomy iasiered in this work. This will convert the maxaaiion
problem into a minimization problem that will makee decision making problem trouble free. Grid gnégion

level can be defined in different methods. Howet@he aligning with system autonomy defined in.R&¥], Gl is

defined according to Eq. 3.

GI — t=1 (3)

In this equation, PFG denotes the energy units (kiaken from the grid during steady state operatidime step t.
3.3) Utilization of renewable energy

Various reasons such as stochastic nature of thenld and renewable energy potential, grid curtailsy@nd
limitations in energy storage makes it challendiogitilize renewable energy. This leads to a nunafgroblems
including poor energy efficiency, dependence oml gni dispatchable energy source which results timeeipoor

6
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autonomy or higher GHG emissions due to the condnust fossil fuels. In order to rectify this issusilization of
renewable energy is considered as a major critécidoe optimized in energy system design. Thisystigks Waste
of Renewable Energy (WRE) as the performance itolicghich should be minimized in the design proc¥RE
represents the energy losses that take place iersydue to seasonal changes in demand, renewablgyen
potential, and limitations in the energy storagd grid curtailments that has been amply used ientelterature

[16,39,58]. WRE is formulated as Eq. 4.

B (Prc (1) = Pag_yae (1) = ELD(t) = Py (1))
WRE =t — 4)
S ELD(t)

In this equation, & vax [KWh] denotes maximum energy that can be stordufia step t [hour], depending upon the
state of charge and:&ua.x denotes maximum units [kKWhs] that can be soldhto drid depending upon the grid

curtailments.
3.4) Fud Consumption of ICG

Dispatchable energy sources play a major role whegrating renewable energy technologies intograted
energy systems. However, reliance upon dispatchabérgy sources based on fossil fuel resources sniie
system to be vulnerable to dynamic pricing due ighér depletion of fossil fuel resources. In aduiti Fuel
transportation becomes challenging for places famfcities and the frequent use of ICG will leadftequent
maintenance. Minimizing fuel consumption will leem minimize all the aforementioned limitations ama@ke the
system to become more sustainable. Fuel consum(&ohof the ICG is calculated considering the afiag load

factor (LF) of the ICG which is taken as a fourtider polynomial function of ICG according to Eg8).(
8760

FC=X(a,+a,LF(®)+a ,LF*(t)+a LF’ 1)+ a , LF*(1)) (5)
t=1

In this equation, @, & 1, &2, &3, and @ [liters per hour] are taken for each ICG using#sformance curve.
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3.5) Initial Capital investment

Two economical parameters are considered in tresament: initial investment required and LeveliEegrgy
Cost (LEC) considering lifecycle cash flow of thestem. Initial Capital Cost (ICC) required consi$tacquisition
cost (he), installation cost of the components (wind tudsn SPV panels, battery bank, ICG, power electronic
devices etc) and other services charges that shufzhid to the Energy Service Provider£[$]) to operate as
grid integrated energy systemic![$] comprise of cash flows related to purchasirffgsgstem components
considering present Sri Lankan market. Cash floslated to land clearance and installation costscarsidered
under |.s [$]. Investment for the land is not consideredhis work. Finally, ICC [S] is calculated accorditgEqg.

6. S denotes set of system components

ICC = l ESP + Z(l AC,s + l Ins,s) (6)

0sds

3.6) Levelized Energy Cost

Levelized Energy Cost (LEC) is calculated consiugiihe total cash flows of the system. LEC mairdpsist of
three components i.e. ICC and operation and maantancost (OM), and cash flow due to grid intecansti OM
consists of two main components, these are fixdd £y [$]) and variable costs (OMiapie [$]). OMEieq CONSiders
recurrent annual cash flows for maintenance of wimthines, SPV panels, fuel and operation costi@® etc.
OMuyriane CONsiders the replacement cost for ICG and battank. Replacement time for the ICG is determined
considering the operating hours and Rain-flow athor is used to determine the replacement timeHerbattery

bank. Finally, present value of OM (QN%]) costs is calculated using Eq. 7 combininghb®Mrixeq and OMariabie

h
OM p = Z(OM Fixed s CRFS) +2 2 plOM variable, s,k (7)

0sas 1=1 0s0S

In this equation, CRflenotes Capital Recovery Factor flrcomponent of operation and maintenance cash fow.
denotes the real interest rate calculated using lmberest rates for investment and local marketuah inflation

ratio. The lifetime of the project is presentedhby
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Net cash flow due to Gls (GICF) is computed condigecash inflow due to selling excess generatedl karying
the mismatch based on the real time price of the ¢fet cash flow of the system is calculated onuah basis

according to Eq. 8.

t=8760

GICF = ) (PFG(t)GCF(t) + PTG(t) GCT (t)) 8

In this equation GCF(t)and GCT(t) denote the re@mktprice of grid electricity when purchasing fothe utility

grid and selling.
Subsequently, the present value of grid integratesth flows GICFis calculated.

Finally, Net Present Value (NPV) of all the threaimcash flows is combined and NPV of the projsatadlculated

according to Eq. 9. Finally, LEC [$/kwWh] is calctdd based on NPV.
NPV =0M, +ICC + CRF.GICk (9)
3.7) Levelized CO2 Emissions

Minimizing CO2 emissions in different phases of freject is considered as one of the objectivethefenergy
system designers. Levelized CO2 (LCO2) is takethagperformance indicator to evaluate this aspettis work.
Firstly, CO2 generation due to energy system coraptsnand their replacement is considered. Seco@iD2
generated due to grid interactions (when purchaslegricity) and power generation in ICG is comesétl. Finally,
total CO2 emission (TCO2 [kg]) of the system iscaddted combining both these aspects which is sulesdly

used to calculate the LCO2 [CO2 kg/kWh] accordimét]. 10.

TCO= Z ICO2, + ht:ie(()PFG(t) CGF(t) +CICG(t,LF) P (1) (10)

Osas t=1

In this equation, ICQO2[kg] denote the lifecycle CO2 emission of systeomponents including replacement for
ICG and battery bank. CFG [kg/kWh] denotes the @@@2nsity for electricity unit taken from the gristhd CICG

[kag/kwh] denotes the CO2 intensity of each uniteyated by ICG depending upon the load factor ol@t.
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3.8) Flexibility of the system

Flexibility of the system is defined as the abilifiithe system to adjust for the changes that jdéee in internal or
external environment changes. Flexibility will make system impervious to changes in the inputstl@dutputs
which are essential when it comes to distributedegation. Hourly time series for renewable energteptials,
demand, price of grid electricity etc., are consdeas inputs to the computational model that &ehastic in
nature. Hence it is important to consider the fidity of the system to get adapted to the charagfdbese factors.
In addition to these factors, flexibility of thesdsgm needs to be measured considering volatilityafket prices in
fuel, electricity, and energy storage. All the afmentioned factors can be considered as the ekfaatars which
system needs to be flexible. In addition, interfettors due to malfunctioning or maintenance oftesys
components such as wind turbines, SPV Panels, I€G reed to be considered within the broad scdpe o
flexibility. However, most of the recent studies émergy systems design did not consider all thepeds
simultaneously due to the complexity and most efgtudies limit their scope to power supply relighiresilience
(ramp rate) or cost [59-63]. This study also lintlits scope to internal factors considering the gharnn renewable

energy potential, demand and grid curtailments.

In the field of energy system, many of the recéntlies related to energy systems evaluate thebfl#yibased on
one criterion either reliability, resilience (rampte) or cost[64]. However, flexibility needs to be defined
considering all the criteria related to evaluate slystem. In order to address the aforementiomaiiations, four
criteria are considered when evaluating the fldixjoof the system (i.e. LEC, reliability, WRE anO2) using the
method proposed in Ref65,66] for manufacturing systems. Performance changeaah eriterion due to the
changes in the external factors is calculated. fiesexibility calculation is performed for the Paresolutions
obtained after multi objective optimization. k pitds scenarios are considered in this context clamgig the

changes in wind speed, solar irradiation, gridailmtents, and demand profile (three for each).d®eréince change

(PG inthe ' criterion in the design solution q is calculatedading to Eq. 11.

PCyy = (4, (Cl, ~Clo,)(Cly,) )

10
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In Eq. 11,Cl, , denotes the criterion value under deterministinage andCl; ,denotes criterion value under

external disturbance®ossibility of occurring each scenarig; can be obtained using a tree diagram. Relative
change due to the changes take place in the sysprris taken the measure to evaluate the flawgbiCoefficient
of closure (CC) defined in Technique for Order oéfErence by Similarity to Ideal Solution (TOPSIS)sed to
evaluate the flexibility of design solutions usidgcision matrix (q x p) defined based 84,,. A detailed

description about the Fuzzy TOPSIS method is gime®ection 6.
4) Dispatch Strategy of the E-hub

A bi-level dispatch strategy combining fuzzy anuité state automata theory is used in this studyetermine the

operating load factor of the ICGs and the energgractions with both battery bank and grid. Fistate automata
have been amply used in representing dispatctegirathen designing hybrid energy systd6i,68]. Fuzzy rules

are defined considering the state of charge lef/¢h® battery bank and the difference in Electrmatl Demand
(ELD) and generation. The fuzzy rules are optimimsthg the algorithm presented in Section 6. Imfivas with
the grid and energy storage are determined ingherglary level after determining the net power gatian of the
system, mismatch between demand and generation{imes electricity price in grid and state of chargf the
battery bank. State transfer function is derivedsoiering seven decision variables which are optahiusing the
optimization algorithm. Subsequently, the ten pgussstates that the system operates considerin§@t of battery
bank, renewable energy generation, COE in grideufounds to purchasegR.x (t)) or sell electricity to grid

(Pre-max (1) (grid curtailments).
5) Design optimization of the system and dispatch strategy

Optimum design and control of integrated energyesys combining renewable energy technologies ftin btand-
alone and grid integrated applications is a riakaaof study. A number of publications have preskulifferent
techniques for optimization including heuristicredit search, numerical methods where differentabivge functions

are considerefil2,69,70]. The response of the energy system to the changksnand, renewable energy potential

etc. needs to be considered where hourly simulaioequired. Simulation of the system considetinge series of
demand, renewable energy potential and grid camditresult in objective functions neither linear aoalytical.
Simultaneous optimization of design and contraitefyy makes mapping of decision space variabledhjective

11
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space complicated. Lopez et-Bd1] has shown that evolutionary algorithms are efficien optimizing such

integrated energy systems for stand-alone appiestiDifferent architectures of algorithms haverbedapted to

optimize integrated energy systems which have shimmpe promising for both grid connected and stalodie

operation[12,69,70].

Evolutionary Algorithm based ofxdominance technique is used in this study for rulijective optimizatior{72].

This method is a proven technique to maintain dityiof the Pareto front while reaching the bestaesolutions.
Optimization algorithm is combined with the compigaal model that formulates the objective functioklence, a
simulation based optimization of the system is quened. Several combinations of the objective fuomgi are
considered as shown in Table 1 based on the fotinntsadescribed in Section 3. Power supply religbils

considered as the constraint in all the optimizetio

6) Framework for the multi criterion assessment and decision making
Optimum design and operation of Electrical Huba multi-step process which consists of several ghas shown
in Fig. 4. Multi-criterion assessment starts witidarstanding the main requirements that need tmétein the
energy system designing project. This will helputalerstand and define criteria that need to beideresd in the
optimization, assessment and multi criterion deaiginaking. As the second step, classifying theséopeance
indicators based on the relative importance tcstiezific project is performed. In this study, peniance indicators
are classified into three groups i.e. Preferenaicators (PI), Basic Indicators (Bl) and Criticaldicators (Cl)
depending upon its importance and relevance t@pipdication. Power supply reliability and LEC aakén as the
most influential factors to the design which canmetwaived to increase the performance of othacatdrs. Power
supply reliability is considered as a constrainthie optimization process which is not considenadhgr in the
decision making process. LEC is carefully considexi®ng with all the other criteria in the decisioaking process

to ensure meeting the expected outcomes of thgresi

Bls are selected from the pool of criteria congitgrthe site specific information and the requiremef the
applications. These criteria have a lower priocitynpared to Cls. In this work, ICC, LCO2, WRE, Gldasystem
flexibility level are considered as Bls. These eomsidered as objective functions in the Paretaropation and

subsequently in the Pareto analysis (except syiexibility which is computed following the Paretptimization
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considering the performance of the Pareto soluioRmally, Pls are considered as other criterizdhéo be
considered in the design. After the classifying thigeria, these criteria should be modelled toused in the

optimization. This is usually performed by an enyesgstem designing tool box as explained in Sest&y and 5.

A number of techno-economic criteria can be suggksi consider in Pareto optimization. Howevergeding the
dimensions of the objective space will make thenoigtion process more difficult and increase teeaf Pareto
solutions. Each and every solution in the Paretatfpresents a unique system design, operatiotegyr@r both.
Hence, increasing the set of non-dominant solutiwiismake the ranking process more challengingné¢ée a 2D
Pareto analysis is used to identify the performainckcators which can be promoted as objective fions to

determine final set of solutions while reducing tii@mensions of the optimization problem.

Selecting final system design by using the obtaiRadeto front will limit the opportunity to fullyansider the
design requirements and the influence of the othiéeria which are not considered for the Paretbnuipation.
Hence, decision making needs to be performed mavaypnd the graphical analysis of the Pareto fointained
using Cls and few selected Bls where multi-criteriecision making technique is required. This widlp to
consider the pool of criteria including Cls, BlsdaRIs with its relative importance. However, itiisportant to
define the boundary matrix which gives the maximuatue (for a minimization problem) that you can atea
considering a specific criterion based on the desigguirements. This is obtained considering thsigme
requirements of the energy system, boundary valb&sined in the 2D Pareto analysis and the boundnes of
the 3D Pareto front. Finally, Fuzzy TOPSIS methsdused with the support of Level diagrams for thatim
criterion decision making process. Fuzzy TOPSISehagen amply used as a multi-criterion decision ingpk
technique for energy related applications [39,73+iere a detailed explanation of this method carfdund. A

concise description about this method is presentéus section.
The fuzzy TOPSIS method consists of several steps:

Step 1. Performance criteria for all the design solutians normalized using Eq. 12.

C.,—C.
CN — _“mn min,n (12)
C

m,n C

maxn min,n
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In this equatiorG,, ,, denotes normalized value foith criterion value fomth Pareto solutionC,, ,,, Cgxn, and
Cminn denotes respectively the value fath criterion value fonth Pareto solution, maximum and minimum values

obtained by the Pareto solutions for the samerimite

Step 2: A positive ideal solution {) and a negative ideal solutiori)(ls introduced which represents two ideal

solutions considering best and worst performancalfdhe criteria.

Step 3: Weight matrix is developed which as a 1 x j ixatrhich present the relative weight for each ciite (for j

criteria).

Step 4: Arrive at Ideal Positive Solution (I1+) and Ideak@ative solution (I-) taking the best and worstecidn
value under each criterion. Design solutions apeeted to be close to the positive ideal solutiod far from the

negative ideal solution.

Step 5: Positive distance matrix (d+) is computed takingliglian distance between I+ and GNor each Pareto

solution as shown in Eq. 13.

d; sz (11-CN,,)? 3)
i=1

Similarly, negative distance matrix (d-) is caldath

Step 6: Coefficient of closure (CC) is defined as a mirdation objective (most preferred solution is havihg

minimum value) which is calculated according to [E4j.

CC= dn (14)

T dr+d;

m

7) Resultsand discussion
The path that needs to follow before reaching thal fsystem design is quite lengthy. This sectilaberates the
final part of the design process which combinestiraltjective optimization with multi-criterion desibn making.

As the first step, the role of each performanceceidr in the assessment process is investigatesdidering the
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local conditions and specific design requiremeAtsdiscussed previously, energy system optimizgti@tess has
turned from classical cost optimization to Pargitimization where set of non-dominant solutions barobtained
considering conflicting objectives. The main adeget in this process is the system designer hagassbility of
selecting the best solution considering the linota of each criterion and its relative importangdis is an
extensive task starting from selecting the besea to consider in the optimization process amossquently the
decision making process. This section elaboratestbcaddress these issues using the novel methartiirced in
this paper through a case study. First part ofgbigion is devoted on how to filter the best slidgteria for Pareto
optimization. Second part of this section is deidao the selection of the design based on Pémetd obtained

considering the objective functions identified lire ffirst part.

7.1) Analyzing 2D Pareto fronts

Main challenge in the design process is to selaxdtmelevant criteria to assess the system de$igs. becomes
more difficult when selecting several criteria feareto optimization from the pool of criteria sééecto assess the
system. In order to identify the criteria to be dise the optimization, 2D Pareto front is createmsidering the
main objective as one objective function and thext respectively as the first step. In this waikC is considered
as the main objective function and, LEC-CO2 emissidcC-ICC, LEC-GI and LEC-WRE are taken for theide.
Cross comparison of the values for objective furdiare carried out to understand the limitationgriproving

each objective.

In order to analyze the Pareto fronts further, glesiolutions of four Pareto fronts are plotteddionilar objectives
in Fig. 5. When analyzing the objective space ig. B, it is clear that design solutions of LEC-I®@@reto front
presents a non-dominant set of solutions since &RCICC are considered as the objectives. In auidii notable
increase in ICC is observed when moving from Paselations of LEC-ICC Pareto front to LEC-WRE, LEzl-
and LEC-LCO2 accordingly. More importantly, desipiutions of the four Pareto fronts can be clusténéo two
main clusters i.e. Cluster A and Cluster B as showiig. 5. When considering the design solutiohsamm Pareto
fronts in Cluster B, both are quite close to eattten Although it is not as close as Cluster B,igiesolutions of
two Pareto fronts in Cluster A are quite close.r€f@re LEC-ICC Pareto can be used to represent WERE Pareto

front when considering LEC-ICC objective space.
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In a similar manner, design solutions of the Pafietots are plotted in LEC-LCO2 objective spacey(F6). Similar
to the previous case, LEC-LCO2 Pareto front presterg non-dominant frontier. When considering LECA2 and
LEC-GI Pareto fronts both are located close to edbbr as these were clustered in Fig. 6. If wesictar the scatter
plot of design solutions of Pareto front considgrail the five objectives; LEC-ICC and LEC-LCO2 Btar fronts

can be considered as the boundaries when congid&giprojections in LEC-LCO2 objective space.

Let us consider the possibility of replacing LCOR ®l in the Pareto optimization process which wétluce the
dimensions of the optimization problem. In thisesadesign solutions clustered in Cluster C willldet which will
result in loosing (dropping out) Pareto solutiorarked in Region B. In addition, Pareto solutionskad in Region

A will be lost. When considering most of the apations, the possibility that final design soluti@aching Region

B is quite less due to the higher LEC which isesst more than 50% larger when compared to themuimi.
Comparing the region covered by LEC-ICC and LECRalreto fronts (area enclosed by light green aneé blu
scatterplots, and light blue dash line) Region Aégligible. Hence, it can be concluded that Gkles a good
indicator in representing LCO2 based on the prigacin LEC-LCO2 objective space which will minimizke

dimensions in the optimization process.

Scatter plots of four Pareto fronts are presenteld5C-Gl objective space to analyze the systemhéur{Fig. 7).
The two main clusters observed since the begincamgbe seen even in this case. LEC-WRE and LECR&f@to
fronts meet each other; although the latter extéadbher. LEC-GI Pareto front presents set of sohg which are
dominant as expected. LEC-GI and LEC-LCO2 are tjoseated to each other. However, when compareggo
5 the difference in the solutions of two Paretofsoare not uniform (Region C) in this case. Irtaiarinstances, it
extends up to a 10% difference in grid integratievel. Therefore, representing Gl using LCO2 wéladl to take
away some important design solutions which areésteng to be considered in the multi criterionidienn making

process.

Utilization of renewable energy is considered as tburth criterion to conduct Pareto optimizatioithwLEC.
The Pareto front obtained and the objective fumctialues for the design solutions of the other feafnts are
plotted in Fig. 8. Clear separation of the LEC-C@fl LEC-GI Pareto fronts are observed in this plttough
LEC-WRE and LEC-ICC can be clustered together. Wbensidering the renewable energy utilization of th

design solutions of LEC-GI Pareto solutions, WRHeiss than 15 % and majority of the solutions dvstered
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within 10% up to 15%. In contrast, majority of tthesign solutions are having WRE more than 20% wheomes
to LEC-LCO2 Pareto front which is not preferreduisual system designing. Hence, LEC-GI can be censitlas

realistic upper bound.

After conducting the graphical analysis it is pmot® say that the four objectives considered tintipe the system
design along with LEC can be classified into twougrs in which one objective function can preseetgtoup. This
will reduce the five dimensional optimization preiy (including LEC) into a three dimensional optiatian
problem along with LEC. Further, this will improbeth accuracy and efficiency while reaching thérpin set of
results and sacrificing few design alternatives.eWigonsidering the first group (Cluster A in Figl&C can be
considered as better alternative than WRE. ICCidasva better upper bound when considering LCO2Giralong
with an extended boundary considering LEC. FurtloeenLEC-ICC Pareto front overlaps with LEC-WRE &ar
front except for a small part in LEC and WRE objsztspace. Hence, it can be concluded that IC& lietter
performance indicator to present both ICC and WHilarly, Gl can be used to represent the otheugr Finally,
LEC, Gl and ICC gives a better representation @& five objective functions discussed while reducihg

complexity of the optimization process.

7.2) 3D Pareto front considering LEC-1CC-GI

The 2D Pareto analysis helped to reduce the nunfbdimensions in the optimization problem. Howewbg four
2D Pareto fronts obtained in previous section gmyvided the boundaries of the objective space liickwvfinal
design solution is located. In order to obtain aminant set of solutions, multi-objective optintina is carried

out considering the objective functions identifiedSection 7.1.

The Pareto front obtained from the optimizationsidaring LEC, ICC and Gl are presented in Fig. @tt@r plot
clearly demonstrate that there exists a well disted Pareto surface. Contour plot generated igjubie scatter plot
in order to help the system designer to visualiee distribution of Pareto solutions. Scatter plotl &he contour
diagram clearly delineates that the three objesto@nsidered for the optimization are conflictiogetach other in
which it is difficult to optimize these three objiges simultaneously. It is simple to select onesRasolution using
both scatter and contour plot. Nonetheless, detisiaking is not straight forward since it is regdirto consider

other factors such as LCO2, flexibility of the gyst WRE etc., in the decision making process.
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7.3) Multi Criterion Decision M aking (M CDM) Process

In this work, seven criteria are used to assessp#réormance of the system. Direct graphical regmtgion
methods cannot be used to assess the solution sgemeever the number of criteria used to assessybEem
increase beyond three. Hence coming up with tred igstem design is not straight forward. MCDM s helps
the designer to arrive at the final design solutionsidering conflicting criteria as discussed @ct®n 6. The main
challenge in using the multi-criterion decision nmaktechnique is deriving the weight matrix for EyZTOPSIS
considering relative importance of each criteridhis section presents path followed in order toieaah the final

design solution.

MCDM process is sensitive to the specific applmatdf the energy system. Prioritizing the critearad identifying
the expectations for the design plays a major ilthis context. Identifying the upper bounds (sirtbe design
problem is formulated as a minimization problem) tlee design requirements play a major role in tustext.
Whenever one or several criteria are improved perdmce of some other criteria will degrade. Herdese

comparison of each criterion is important in theltivariterion decision making process. Normalizedtesion

values will be useful in such an ambiance to idgrttie upper limits for design requirements and teguired
changes. Finally, multi criterion decision makingeds to be carried out considering the importarfceagh

criterion specifically to the application withingtbboundary matrix.

The application of the suggested method is triedhencase of a small, model rural village in Hantbata, a
district in southern coastal belt of Sri Lanka. iRelity of the system is considered vital whichtaken as a
constraint in the optimization as discussed iniSed. The village is already connected to the gridch requires
having a competitive electricity price after designthe new system (compared to the grid) and rsiclered as a
special design requirement. Initial capital investinplays a vital role since it is challenging tofgr bank loans for
community based energy systems. Flexibility of siygstem had to be considered seriously since coasaiher
changes rapidly which results in notable changesiimd and SPV energy potentials. In addition, migimg grid

the integration level is one main objective thakigpected to be achieved through the design. Howédves a

difficult task to provide a quantitative value regjag the importance of each criterion.
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Decision making is all about for what extent oneulddbe ready to sacrifice the performance of ontewarcriterion
to improve the performance of one or several datetere a qualitative and quantitative understagdibout the
relative importance of each criterion is importdrgck of a quantitative understanding about thedrtgmce of each
criterion makes it difficult to go through the MCDptocess. A small change in one criterion may téawd notable
change in the other criterion. This relative impare need to be obtained considering values olotdonadifferent
criteria by the non-dominant set of solutions aedigh requirements of the application. Inter deperd on each
criterion makes this process more tedious. Hengeteaative approach is required on this regarce plocess is
initiated by defining the boundary matrix which gé/the upper bounds (for minimization problem) éach
criterion in the decision making process. The upgpaund is merely taken observing the upper and ldweeind
values of each criterion obtained through Paretimopation along with design requirements. Henberé is no
guarantee that designer could reach it. The boyndatrix can be changed whenever the designer staaets that
it is too tight or maintain similar ratios wheneveis too loose. Finally the boundary matrix whiphesents the
boundary for each criterion where the customeely to accept the design is created which is pteden Table

2.

7.3.1) Analyzing the Level Diagrams

MCDM process starts after understanding the boynétar the final design with an initial guess forethveight
matrix. Results obtained for each weight matrigvaluated while improving the weight matrix in orde cater the
objectives. Level diagrams are used in this cortexdentify the possible directions that can Hestain improving
the weight matrix. An intermediate (Case A) and fihal weight matrix arrived (Case B) in the decisimaking
process are presented in Table 3. Best six desigtians corresponding to both Case A and CasebBaijoed using
fuzzy TOPSIS method) are presented in Table 4 andlband a set of 3D contour plots obtained fahtBase A

and B are presented in Fig. 10, 11 (a) and (b).

Table 2. Boundary matrix for the criteria basedtom requirements of the customer. Green denotesptartce and
red denotes rejection for different regions of nalized value for criteria. Green color denotes ptatgde and red

denotes not acceptable
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3D contour plots are helpful in understanding timpact of changing the weight of one criterion otrex others.
Contour plots are presented in Fig. 11 (a) anatdbsidering different criteria used for MCDM. Whamalyzing the
contour plots for two cases, several local optimames observed in Case A (plots in left hand fohbeig. 11 (a)
and (b)). However, when moving to Case B one glapimum is observed in most of the instances exagep
normalized flexibility and LEC which shows complied variation with several local maximums. Thisesg with
the previous observation in 2D scatter plot. Ineoritd analyze the 3D contour plots further, twotoan plots from
Fig. 11(a) (Normalized LEC (NLEC)- Normalized GI@) and NLEC-Normalized Fx. (NFx)) are taken fors€a

A and illustrated in detailed in Fig. 12.

Analyzing the 2D scatter plot is considered asfitts¢ step in the decision making process whichvjates a better
representation of all the criteria simultaneoudyira Fig. 10. In addition, 2D scatter plots suppdtte decision
makers at the early stage of decision making peoteéring all the global optimums close to the imtary matrix
(or into the boundary matrix). When considering tiwe scatter plots in Fig. 10 it is clear that theface of the
scatter plots for Case A is rough except ICC. Ammasequence, global maximum moves significantlie(ochange
with local maximum) with a marginal change in theight matrix. This makes it difficult to analyzeetpossibility
to improve the specific criteria. When moving tos€a in the same diagram (left to right) much srheosurface
is observed for most of the criterion except fléit§p This makes it easy to analyze the systenmth&r. However,
2D scatter plots can be used only at the beginningre major changes in weight matrix is performedider to
bring the criteria considered closed to the boupdaatrix. Sensitivity of changing the weight foreoariterion over
the other cannot be evaluated directly using 2Dxaxomplots which make it difficult to be used amathod to fine
tune the weight matrix. This can be visualizedher using 3D contour plots considering two craesdong with

CC.

When analyzing the NFG-NICC contour plot for CasénArig. 12, best ranked solutions (red coloredaegare
distributed in P and Q regions. The distributiorthise two regions forms a frontier with a negatvadient. This
demonstrates that these objectives are confli¢brepch other and a significant reduction in N-FE@ be obtained
with a marginal increase in N-ICC. A similar pattés observed when analyzing NFX and NLEC Paraintf(Fig.
12 (right hand)). Best ranked solutions are disted in region R and S. These two objectives atedyre a Pareto

front in which it is difficult to improve both sinfimneously. However, this indirectly implies both @hd flexibility
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improves with a marginal sacrifice in LEC in whichprovements in Gl is more significant comparedleaibility
as observed in P and Q regions in left plot in BE®.and R and S regions in right plot (numericdl®sa are later
presented in Table 4 and 5). In a similar manntecan be shown that a significant improvement inwih a
marginal sacrifice of ICC when analyzing the NGIEU contour plot for Case A in Fig. 11 (a). Therefat is clear

that a notable improvement in Gl can be achieveitevelacrificing the criterion values for ICC and CE

The analysis can be extended further to evalug@aissibility of improving the other criteria artetconsequences
of improving them. In order to analyze the consegee of improving LCO2, NLEC-NLCOZ2 plot for Case(lAg
11 (b): first left one from the top) is taken. Téet of high ranked solutions is distributed witkinarked in red)
linearly with a positive gradient. This revealstthBC and LCO2 are parallel objectives in which evikk increase
with the increase of the other. When analyzingdtetour plots for Case A, it is observed that Gi ba improved
which will convert existing distributed maximas dana global maximum (or merge both together) resglin
increase in LEC as shown in regions P and Q in ER. However, a major improvement in flexibility li
interchange global maximum and local maximum whigl increase the LEC beyond the expectations (fiero
S) since this will increase N-LEC beyond 0.25 whishthe boundary. Improvement in flexibility andidr
integration levels is required to meet the expémtat of the customer according to the boundary imat¥hen
analyzing the contour plot it is clear that inciegsthe weight of grid integration and marginalhcieasing the
weight of the system flexibility will drive towardfe expectations. The observations of the corptatranalysis is
used to improve the weight matrix and finally aedvto a weight matrix for Case B which is givermable 3.
Contour plots obtained after revising the weightrirare plotted in the same diagram (Fig. 11 (& €b)) in order
to make the comparison simple. When analyzing trmaur plots for Case B it is prudent to say thaistrof the
contour plots are quite smooth with one global mmaxn for most of the instances. This makes the amsand
decision making easier. Local minimums locatediffiér@nt locations of the contour map makes it draing to
analyze the consequence changing the weight ofcatexion. Hence, decision makers should go badk fanth
again and again from one plot to another as digeclbefore in order to find the promising directitdshange the
weight matrix. Contour plot for Case B clearly shsothat all the criteria are within the boundary andotable

improvement in criteria is not possible.

21



538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

7.3.2)Analyzing the best candidates for each weight matrix

2D and 3D Level diagrams help the decision makergach towards the best fitting weight matrix. Hoer, final
system design should be arrived after closely emamgithe best ranked design solutions. On the oktaed,
analyzing the best set of solutions obtained akeising the weigh matrix, helps the decision matcemget a
guantitative understanding about the promising gkarthat should be made in weight matrix especfaliyery
small changes in the weight matrix. Hence, anatytire contour plots and best set of solutions areptimentary

tasks which help the system designer to come upfimial system design.

Assessing the best ranked solutions, started vefdgcsng the best six design solutions for Casesde(Table 4).
When analyzing the design solutions, it is prudbat most of the design solutions perform well wiensidering
several criteria. A1 adheres to most of the desigeria except with Gl. A1 maintains a normalizge integration
level of 0.57 which is greater than the acceptedt lof 0.4 which is the same for A2 and A5. These tesign
solutions are having normalized grid integratioreleof 0.64 and 0.62 respectively which is highert 0.4. A4 and
A6 design solutions performs close to each othemfost of the criteria being within the boundarytrixaincluding

grid integration level. However, A6 is marginallytside the boundary matrix when considering theeetqiions of

the design. Therefore, A4 becomes the only desigirtisn within the design requirements.

Contour plots provide the possible directions teiiave the weight matrix further. After several @gons weight
matrix for Case B (see Table 3) is obtained in otdesee the possibility of improving the desigmtlier. A
significant change in the weight matrix is not penfied when moving to Case B. Hence, four desigutisols that
appeared in the best six alternatives are appearifigible 5 (B1, B3, B4 and B5). B6 does not fulfile design
requirements since LEC is beyond the critical LEfired in the boundary matrix. Both B1 and B2 nteetdesign
requirements. B2 outperformed B1 when it comesrio igteractions and B1 outperformed B2 when it esnto
LEC, LCO2, fuel consumption and waste of renewalergy. System configuration will change when cdershg
the capacities of SPV panels and wind turbines. Wheving from B2 to B1, the final decision solutiarrived is
highly subjective to the decision maker whetherdbsigner appreciates the notable improvementidhiiggegration

level in B2 or the overall improvement B1. In thisse Bl is considered as the best design solution.
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564 7.3.3) Comparison of different approaches

565 Single objective optimization is used in most of thstances when designing distributed energy systelowever,
566 multi-objective optimization is followed by multriterion decision making using the same set ofdat used as
567 objective functions in certain instances. It issnesting to compare these two approaches with ékrel rapproach

568 presented in this study.

569 First, we compare the novel approach with the te@itained through single objective optimizatidwo cases are
570 considered for the comparison as presented in TAhle. design solution with the minimum LEC (BLE&hd ICC
571 (BICC). LEC can be reduced by 27% while LCO2 emisstan be reduced by 46% when moving from B1 to
572 BLEC. However, when analyzing the system desigrtaveunderstand that system tends to depend maregrid
573 when considering BLEC. Furthermore, flexibility ¢fie system drops notably. More importantly bothséhe
574 performance indicators are below the expectationthe users when considering the boundary matrixellv
575 moving into BICC, system flexibility, ICC and WREeaway above the expectations. However, LEC, LCOR a
576 grid integration level are way above the expectatiof the design. When considering both BLEC and@Wve can
577 conclude the optimum design ends up in extremegevbgstem performs way better considering certatera

578 while it performs extremely poor for the other eré.

579 In most of the instances, decision making is penfat based on the criteria considered for Pareimigattion. This
580  will omit several important criteria from the deois making process. It is important to assess tmsequences of
581 limiting the decision making process into few aiehat are considered in the Pareto optimizgpimtess. In order
582 to achieve this, four cases are considered (ia&se, D, E and F) removing one or two criterithenweight matrix
583 from the decision making process. The ratio ambegiteights for the other criteria remained sant@a€ase B in
584  the weight matrix. Case C does not consider Sy#iexibility, Case D does not consider grid integratlevel, Case
585 E does not consider LCO2 and fuel consumption amally Case F does not consider initial capitaltcdgeight
586 matrix for each case is tabulated in Table 6. Tés Hesign solution obtained under each weightixniatpresented

587 in Table 7.

588  When analyzing the design solutions for Cases (& Bnd, F it is clear that removing a criterionnfrthe weight
589 matrix will results in a notable increase of thefpemance indicator (considering a minimization fdeam) of the

590 specific criterion removed from the weight matfsar example, the N-Flex increases from 0.499 t@&.&nd N-
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Gl level increases from 0.373 to 0.887 for Casesi@€D which respectively remove flexibility anddyintegration
level from the weigh matrix (Table 7). The same banobserved in Case F. This will result in poorfgrenance
under these criteria which are outside the decisiairix in this case which will not be preferred thye end users.
However, due to the weaknesses (over simplificatibthe design space) in the existing methods disedulti-

criterion decision making system designers will-eipdn such designs.

The sensitivity of each criterion considered fag thulti-criterion decision making is different depéng upon the
weight matrix, the considered criterion, its radaship with the other criteria and the boundaryrimaFor example,
when considering Case E, increase in N-LCO2 afiking away from the weight matrix is insignificawhen
compared to Case C, D and F. This can be justliiedssessing the level diagrams, LCO2 and LEC arellpl
objectives (as discussed in 6.3.1) within the clogeimity of the weight matrix selected (as showrFig. 12.(a)
NLEC-NLCO2 diagram). Hence, both these objectivas simultaneously be minimized within the proxinutythe
weight matrix selected with strong coupling. Highareight matrix on both LCO2 and LEC results in &w
emissions as well as LEC. Removing LCO2 from weiglatrix does not influence in a similar manner &s€ C
and D. This is due to the weight imposed by LECwiweer, a notable reduction in LEC is observed duéé
removing of weight in LCOZ2. This coupling makedglifficult to fine tune the weight matrix where Count Level
diagrams are extremely useful to find the propeedtions to improve the weight matrix. However, tteipling
between LEC-LCO?2 is limited to one part of the dexi space as observed when analyzing Fig. 5, @ alénce,

a notable change in LCO2 can be observed for ardift setting of the weight matrix.

When considering both approaches practiced in ptesés clear that multi-objective optimizationlifmved by
multi criterion decision making performs better ttteingle objective optimization. However, the liatibn in
considering a number of criteria in the optimizatjorocess and subsequently in multi-criterion denisnaking
process is still one of the main challenges inrditgre. This will lead to system designs that aeefggming
extremely badly for the criteria not consideredha optimization process. The integrated approachgsed in this
study can address the aforementioned limitationsygpropriately selecting the objective functions ttee Pareto
optimization and subsequently considering the ataot considered for the optimization in the dam making

process.
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Conclusions

A decision support tool to design distributed eieet hubs consisting of wind turbines, SPV panbkttery bank
and an ICG operating connected to the grid is takndiscussion in this study. Selecting the otiyecfunctions
for Pareto optimizing and subsequently multi-cigerdecision making, considering a set of critémiarder to meet
the design requirements is focused. Eight critaradefined covering wider spectrum of interestduiting cost,
environmental impact, energy efficiency etc in tlesigning process. A novel method is introduceev@uate the
flexibility of the energy system based on severdeda. Flexibility of the system is evaluated satering the
uncertainty of external factors such as renewabkrgy potential, price of grid electricity and gidrtailments.
Optimum set of solutions obtained from the Pargitingization is simulated considering 27 differenqgtecation

scenarios. Flexibility is used to evaluate the sthess on the design solutions under varying apgrabnditions.

A bi-level multi criterion decision making proceissintroduced to reach to the final design solutidd Pareto
optimization is used to select the best represgatabjective functions to be considered in theeRaopptimization.
Subsequently, LEC, grid integration level and alitapital cost found out to be the best represiertabjective
functions reducing the dimension of the problemap 3D optimization problem without losing a largember of
possible solutions. Pareto front obtained considgtfiree objective functions are ranked using sevieeria. Fuzzy
TOPSIS is used to rank the non-dominant soluti®isgu2D and 3D level diagrams. Boundary matrix sedito
assure that the design requirements of the disnbanergy system are met and the relative impoetaiof the

criteria are maintained while reaching the finadiga solution.

Design solution arrived using the novel decisioppgrt system is compared with the design altereatvbtained
considering single objective optimization (considgrLEC and ICC) and weight matrices neglecting sarhthe
criteria not considered for Pareto optimization {fmels practiced in present). Optimum design smhgtiobtained
considering LEC and ICC as objective functions qerf better compared to the final design solutiotaimied using
the novel method when considering the specific a@hje function. However, the performances with extgo the
other criteria are extremely poor. Furthermorealfidesign solution obtained from the novel methad wompared
with design solutions obtained using a weight mateglecting the criteria that were not considerethe Pareto
optimization. The comparison shows that neglecthmy criteria that were not considered for Parettinupation

will lead to design solutions with poor performasemder those criteria. This can be addressedeogdhiel method
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introduced in this study through appropriate séecof objective functions and extending the ciéeronsidered in

the decision making process.

This study considers eight criteria at differentells of the decision making process. The critesaduin this study
can be directly used or extended further dependpmn the requirements of the application. Similad@jective
functions can be selected in a similar manner badethe classification considering the importandeeach
criterion. This study uses a Pareto analysis aglithension reduction method. However, it is diffido guarantee
that dimensional reduction can be achieved in dairtevel or the system designer will end up wvilte same set of
objective functions. This process solely dependmupe application. Other methods such as Prin@gmponent
Analysis (PCA) can be looked for possibility of dinsion reduction. However, extending the multiesi@n

decision can be followed as it is which is essétmi®dring the sensitivity of other criteria.
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658  Table 4: Best six solutions ranked based on weigdttix for Case A

Criterion Values Normalized criterion values cc System configuration
LEC! LCcOo2 FC GEF WRE' ICC® Flex. |[NLECNLCO2 NFC NGI NWRE NICC NFlex SPV? Wind’" Battery ICG®

Al 0.155 0.261 0.038 279 102 232 0362 0.05 50.10.09 057 0.06 032 056 0.68329 50 2880  27.1
A2 0.179 0356 0.063 314 018 180 0309 0.14 70.20.19 0.64 0.01 0.18 04 0.68409 35 960 30
A3 0.161 0.270 0.043 257 095 233 0372 0.07 60.10.11 052 0.05 032 057 0.68329 50 2880 30
A4 0.197 0363 0.079 185 042 233 0327 0.21 80.20.26 0.37 0.02 032 049 0.6833.6 40 1920 30
A5 0.148 0.219 0.022 30.7 150 234 0367 0.02 90.00.02 0.62 0.09 032 05 0.68156 50 2880 30
A6 0.185 0312 0065 174 152 251 0372 0.16 10.20.20 035 0.09 036 057 0.6f23.6 55 1920 30

System

N0 O N0

659

660 Table 5: Best six solutions ranked based on weigltrix for Case B

Criterion Values System configuration
Syste n 3 s CcC — 5
LEC! LCO2 FC GPF WRE' ICC® Flex. |[NLECNLCO2 NFC NGI NWRE NICC NFlex SPV? Wind’ Battery ICG
B1 0.197 0363 0079 185 042 233 0.327 021 02826 037 002 032 04Pp 068136 40 1920 30
B2 0.203 0.374 0.087 143 117 250 0.326 0.23 90.20.29 029 0.07 0.36 050 06f80.9 55 1920 30
B3 0.185 0.312 0065 174 152 251 0.372 0.16 102020 035 0.09 0.36 057 06836 55 1920 30
B4 0.161 0.270 0.043 257 0.95 233 0.372 0.07 60.1011 052 0.05 0.32 057 06329 50 2880 30
B5 0.155 0.261 0.038 279 102 232 0.362 0.05 50.10.09 057 0.06 0.32 056 06329 50 2880 27.5
B6 0.222 0381 0094 96 133 270 029 031 03032 019 008 041 04p 067422 55 1920 27.5
661
662 Table: 7 Best six solutions ranked based on waeigdttix for Case B, C, D, E and F
Criterion Values System configuration
Systeng n 3 s CcC — 5
LEC! LCO2 FC GPF WRE' ICC® Flex. |[NLECNLCO2 NFC NGI NWRE NICC NFlex SPV? Wind’ Battery ICG
B1 0.197 0.363 0.079 185 042 233 0.3P7 0.210 0.27/256 0.373 0.024 0.318 0499 0680 13.6 40 1920 80
C 0.166 0.254 0.043 21.1 2.06 2.51 0.489 0.089 0.137109 0.425 0.119 0.364 0.6¥8 0.746 16.3%5 1920 30
D 0.186 0.397 0.062 43.7 0.00 1.23 0.3p1 0.167 0.371186 0.887 0.000 0.042 0.4%8 0.7p0 4.76 25 960 BO
E 0.251 0.406 0.108 3.1 1.94 2.87 0.191 0.420 0.3333770 0.059 0.112 0.454 0.281 0.6Y7 12.9260 1920 30
F 0.227 0.303 0.078 2.7 3.14 3.40 0.2Y7 0.326 0.2002520 0.051 0.181 0.587 0.419 0.724 19.0465 3840 27.5
BLEC 0.143 0.196 0.021 25.3 3.43 2.82 0.502 0.000 0.061017 0.512 0.198 0.441 0.781 NA 16.3265 3840 30
BICC 0.281 0.715 0.172 28.5 0 1.44 0.130 0.536 0.731 430.60.579 0.000 0.000 0.182 NA 0.68 0 2880 30

663

664 'LEC in $,%L.CO2 in kg/kWh 3uel consumption in I/kWIPgrid integration level (%YWRE (%),°ICC (x1F$), °SPV capacity in kWwind turbine capacity in KW Battery
665  Sbank size in kWh an8iCG capacity in kW



666

Nomenclature

Bl Basic Indicators
CC Coefficient of closure

CFG CO2 intensity for electricity unit taken froimet
grid

ClI Critical Indicators

CICG CO2 intensity of each unit generated by ICG

Cl, , criterion value under deterministic scenario

criterion value under ™  scenario with

Cl,

disturbances

Cnn, Normalized value fomth criterion value fonth
Pareto solution

Cininn Minimum value fomth criterion value fonth
Pareto solution

Cinaxn Maximum value fonth criterion value fonth
Pareto solution

CRF Capital Recovery Factor
d+ Positive distance matrix
d- Negative distance matrix
ELD electricity load demand
FC Fuel consumption

Fx. Flexibility

GCF(t) real time price of grid electricity when

purchasing

GCT(t) real time price of grid electricity when ke
GHG Green House Gas

Gl Grid Integration Level

GICF Net cash flow due to Gls

GICFP present value of grid integrated cash flows

I- negative ideal solution
I+ Positive ideal solution
I ac @acquisition cost

ICC Initial Capital Cost

ICG Internal Combustion Generator

ICO2s lifecycle CO2 emission of the system

components

lespservices charges to Energy Service Provider
I\ns installation costs

LCO2 Levelized CO2

LCO2 Levelized CO2 emission

LEC Levelized Energy Cost

LF operating load factor of the ICG

Limgc limit cost for battery charge

Limgp limit cost for battery discharge
Limgtg limit cost for battery discharge to grid
Limgrg limit cost for battery charge from grid
LOLP loss of load probability

MCDM multi-criterion decision making

NFC  normalized fuel consumption

NFx.  Normalized flexibility

NGI Normalized Grid Integration Level
NICC Normalized Initial Capital Cost
NLCOZ2 Normalized Levelized CO2 emission
NLEC Normalized Levelized Energy Cost
NPV Net Present Value ()

NWRE Normalized Waste of Renewable Energy



OM operation and maintenance cost Prc.maxmaximum units that can be sold to the grid

OMEiveq fixed operation and maintenance cost SOG,i, minimum state of charge

OMp present value of OM SOGuinG minimum state of charge when

discharging to grid

OMuyarianie Variable operation and maintenance cost

SOG maximum state of charged to be reached

P the real interest rate when charging from grid

Psat.max maximum power flow from the battery SPV Solar PV

Pngennominal power of the ICG TCO2 total CO2 emission by the system

Pe.max maximum power that can be taken from the  Tops|S Technique for Order of Preference by
grid Similarity to Ideal Solution

Pl Preference Indicators WRE Waste of Renewable Energy

Pre renewable power generated ®; Possibility of occurring ith scenario

Psg.maxmaximum energy stored in battery
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Table 1: Different combinations of objective furets considered for optimization and decision spac&bles

Obijective functions

Scenarib . Constraint function Decision space variables
considered
Case 1: LEC-ICC ¢ Number and type of SPV panels
A Case 2: LEC-LCO2 * Number and type of wind turbines
Case 3: LEC-GI Loss of Load « Size of Battery bank
Case 4: LEC-WRE probability + Size of ICG
« Variables for finite state machines
 Variables of fuzzy controller
B LEC-GI-ICC

Wscenario A relates to Cases for Pareto analysis and B relates for multi-criterion decision making

Table 2. Boundary matrix for the criterions basedtloe requirements of the customer. Green denaiesptance
and red denotes rejection for different regionaaimalized value for criterions. Green color desateceptable and

red denotes not acceptable

0-0.2

N-LEC
N-LCO2
N-FC
N-GI
N-WRE
N-ICC
N-FLEX

Table 3: Weight matrix considered for Case A andeC

Case LEC LCO2 FC Gl WRE ICC Fx.

A 0.255 0.136 0.043 0.128 0.064 0.187 0.187

B 0.245 0.131 0.041 0.163 0.061 0.180 0.180




Table 4: Best six solutions ranked based on weigdttix for Case A

Criterion Values Normalized criterion values cc System configuration
LEC! LCcOo2 FC GEF WRE' ICC® Flex. |[NLECNLCO2 NFC NGI NWRE NICC NFlex SPV? Wind’" Battery ICG®

Al 0.155 0.261 0.038 279 102 232 0362 0.05 50.10.09 057 0.06 032 056 0.68329 50 2880  27.1
A2 0.179 0356 0.063 314 018 180 0309 0.14 70.20.19 0.64 0.01 0.18 04 0.68409 35 960 30
A3 0.161 0.270 0.043 257 095 233 0372 0.07 60.10.11 052 0.05 032 057 0.68329 50 2880 30
A4 0.197 0363 0.079 185 042 233 0327 0.21 80.20.26 0.37 0.02 032 049 0.6833.6 40 1920 30
A5 0.148 0.219 0.022 30.7 150 234 0367 0.02 90.00.02 0.62 0.09 032 05 0.68156 50 2880 30
A6 0.185 0312 0065 174 152 251 0372 0.16 10.20.20 035 0.09 036 057 0.6f23.6 55 1920 30

System

N0 O N0

Table 5: Best six solutions ranked based on weigltrix for Case B

Criterion Values cc System configuration
LEC! LCO2 FC GPF WRE' ICC® Flex. |[NLECNLCO2 NFC NGI NWRE NICC NFlex SPVF Wind” Battery ICG®

Bl 0.197 0.363 0.079 185 042 233 0327 021 02826 037 0.02 032 04p 0.6803.6 40 1920 30
B2 0.203 0374 0.087 143 117 250 0326 0.23 90.20.29 0.29 0.07 036 050 0.6f80.9 55 1920 30
B3 0.185 0312 0065 174 152 251 0372 0.16 102.20 035 0.09 0.36 057 0.6fa3.6 55 1920 30
B4 0.161 0.270 0.043 257 095 233 0372 0.07 60.1011 052 0.05 0.32 0.5/ 0.6f329 50 2880 30
B5 0.155 0.261 0.038 279 102 232 0362 0.05 50.10009 057 006 0.32 056 0.6f329 50 2880 275
B 6 0.222 0.381 0.094 96 133 270 029 031 03032 019 008 041 04p 0.6y422 55 1920 27.5

Syste

Ooro 3 N O ©

Table: 7 Best six solutions ranked based on waeiwgdttix for Case B, C, D, E , F, BLEC and BICC

Criterion Values System configuration
Systeng n 3 s CcC — 5
LEC! LCO2 FC GPF WRE' ICC® Flex. |[NLECNLCO2 NFC NGI NWRE NICC NFlex SPV? Wind’ Battery ICG

Bl 0.197 0.363 0.079 18.5 0.42 2.33 0.327 0.210 0.20/256 0.373 0.024 0.318 0.499 0.680 13.6 40 1920 B0

C 0.166 0.254 0.043 21.1 2.06 2.51 0.489 0.089 0.137109 0.425 0.119 0.364 0.6¥8 0.746 16.3%5 1920 30

D 0.186 0.397 0.062 43.7 0.00 1.23 0.3p1 0.167 0.371186 0.887 0.000 0.042 0.4%8 0.7p0 4.76 25 960 BO

E 0.251 0.406 0.108 3.1 1.94 2.87 0.191 0.420 0.3333770 0.059 0.112 0.454 0.281 0.6Y7 12.9260 1920 30

F 0.227 0.303 0.078 2.7 3.14 3.40 0.2Y7 0.326 0.2002520 0.051 0.181 0.587 0.419 0.724 19.0465 3840 27.5
BLEC 0.143 0.196 0.021 25.3 3.43 2.82 0.502 0.000 0.061017 0.512 0.198 0.441 0.781 NA 16.3265 3840 30
BICC 0.281 0.715 0.172 28.5 0 1.44 0.130 0.536 0.731 430.60.579 0.000 0.000 0.182 NA 0.68 0 2880 30

LECin $,5.CcO2in kg/kWh *fuel consumption in I/kWhegrid integration level (%fWRE (%),°ICC (x10°$), °SPV capacity in kWwind turbine capacity in kW Battery
8pank size in kwh an8iCG capacity in kW



Table 6: Weight matrix for Case B, C, D, Eand F

Case LEC LCO2 FC Gl WRE ICC Flex.
B 0.245 0.131 0.041 0.163 0.061 0.180 0.180
C 0.299 0.159 0.050 0.199 0.075 0.219 0
D 0.293 0.156 0.049 0 0.073 0.215 0.215
E 0.296 0 0 0.197 0.074 0.217 0.217
F 0.299 0.159 0.050 0.199 0.075 0 0.219




A novel integrated method to design distributed energy system
Determine most suitable objective functions for Pareto optimization
MCDM considering set of criterions with different priorities
Combine optimization, Pareto analysis and MCDM



