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Atrticle history: A new method to solve the single and multi-objetilistribution expansion planning
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Available online 5 May 2014 solve the optimization problem for three objectivactions: total expansion cost, total
voltage deviation, and total system loss. The giapresented model is to satisfy
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Binary Particle Swarm Optimization, substations and upgrading existing feeders. Thbud0distribution system is used in
Weighted Aggregation Method. this work to evaluate the proposed algorithm. Ttveventional Weighted Aggregation

Method is used to solve the multi-objective optiatian problem so that further
objective functions and constraints can be eadilged to the proposed algorithm.
Optimization results show that the DG has econohaca electrical advantages in
comparison with the traditional method.
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NOMENCLATURE
NS Multi-objective function
Jrec Objective function of the total expansion cost
N Objective function of the total voltage deviation
Jrst Objective function of the total system losses
CE Electricity market price ($/ MWh)
CTrfF Fixed cost of the transformgmn the substation($/unit)

CPeF Fixed cost of the DG unijtin the load bus ($/unit)

Cf’f’o Operation cost of the DG upjitn the load bus ($/MW)

Ji")jG Binary decision variable of the DG ufiin the load bus
U,TrJ Binary decision variable of the transfornjén the substation
g, Binary decision variable of the feeder
'?jG Power generated from the DG upih the load bus (MVA)
SDG Total power generated from distributed generatiothe load bus (MVA)

PG.MAX Distributed generation capacity limit in the loagshb (MVA)

S
STr

Total power transferred from electricity marketlie substation (MVA)

ST“MAX Maximum substation capacity limit in the substaligMVA)

RTr Total active power transferred from electricity ketrin the substation(MW)
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QITr Total reactive power transferred from electricitgnket in the substationMVAR)
PiD Total active power consumption in the bymMw)

QD Total reactive power consumption in the bUSIVAR)
pf F;G Power factor of the DG unijtin the load bus

L Feeders’ set

C upgrade cost of the feedef$)

R Resistance of the feeder

X Reactance of the feeder

I, Current of the feeddr

S Power transferred from the feedéMVA)

SMAX Thermal capacity limit of the feede(MVA)

V, Voltage of the bus (per unit)

Jé; Present worth factor

d Discount factor

TN Total number of system buses

N Set of buses capable for substation expansion

N, Maximum number of transformers at each bus

M Set of buses capable for installing DG units (Ibades)
M dg Maximum number of DG considered at each bus
BK, Back-up protection DG unit in the load kius

w Weighting factor

t Incremental time intervals (in years)

T Horizon planning year (in years)

INTRODUCTION

Electric utilities have historically satisfied caster demands by generating electricity centrallg an
distributing it through an extensive transmissiom alistribution system. As demand increases, thigyut
generates more electricity. Once demand exceedstairc level, the capacity of the generation, tmaission,
and distribution systems may become diminisheds Ehuation has led to power shortages, and pouelitg
issues. Distribution planners must ensure thatthez enough substation and feeder capacitiesabthe load
forecasts within the planning horizon. In genetia primary goal in any expansion planning is ttisbathe
growth of demand as economical, reliable, and aafgossible.

Traditional distribution planning strategies aresdxh on an established rule-based experience. Hike lo
growth value is forecasted until it reaches a prtgined threshold; then, a new capacity must le@do the
electric system. This new capacity is obtained glieg new substations or expanding existing suilostat
capacities and their new feeders or both of thehatér, S.K and L.C. Leung, 1997). The options fas tule-
based strategy are limited and valid only if theremmic aspects do not vary rapidly. If the econowaidations
are significant, this rule-based strategy must é&djusted to include nontraditional alternative acdiy’'s
investment options to address the varying econanidgronments (Quintana, V.Het al, 1993). Distributed
generation (DG) is one of the new alternative aptitor distribution system planners. Despite theagwariety
of methods for traditional distribution system piarg, there are few studies available in the liige for the
problem considering DG sources. The possibilitycohsidering DG as a feasible alternative to traddl
distribution system planning is discussed in (Dyd&i€.,et al, 1999). In (Brown, R.E. and L.A.A. Freeman,
2001), the authors present a network capacity sisiglge expansion algorithm based on successimaation
capable of deferring network expansion by optimalging DG sources in new or existing substations. |
(Ouyang, W..et al, 2010) a distribution system planning method @ering DG for cutting peak time is
proposed to minimize the costs of feeder investmddG investments, energy loss and the additioost of
DG sources. Effects of DG on substations expansiomwt considered in this work. In (El-Khattam, &t ,al,
2005), the authors developed a model for statitridigion system planning, considering DG sourcCHse
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proposed model integrates a comprehensive optimizatodel and planner’s experience to achieve aptim
sizing and placement of distributed generatiorthls model minimization of DG’s investment, opengticosts,
total payments toward compensating for system foaeng the planning period and different costoeating
to the available alternative scenarios is invettidaln (Haffner, S.et al, 2008), a multistage model for
distribution system planning considering DG optispresented. The objective function which is mizid in
this model is the present value of total instadiatcosts (feeders and substations) of operatingraidtaining
the network and cost of distributed generation(Anlt, G.W. and J.R. Mcdonald, 2000), importanceDd®
consideration in distribution system planning hasrbdiscussed.

The aim of the model which is proposed in this pajgeto satisfy the operational and economic
requirements by using DG as an alternative cangliftatdistribution system planning and avoidingabteast
reducing expanding existing substations and upggadhe existing feeders. The proposed method will
determine new sizing and placement of DG as welhagequired power to be imported from the maid g
meet the demand in an optimum way. This optimizatroblem is solved by Binary Particle Swarm
Optimization (BPSO) algorithm for three objectiven€tions: total expansion cost, total voltage diémig and
total system losses. In comparison with the oldhames, the proposed approach not only considersysiem
planning economic cost but also considers othezaispn the optimization process by assigning asaduating
the different weights for different objective nfitions depend on their importance for planner the
system planning. The salient feature of the propasgimization model which makes this method défer
from previous methods is using binary decision alalgs. This provides the optimum decisions witheuoy
need for rounding the solution.

The problem formulations, constraints, objectivactions, briefly description about binary partislearm
optimization algorithm, single and multi-objectivend proposed method for expansion planning protaem
presented in following sections. Then the resultproposed methods on IEEE 30-Bus system for siaghkt
multi-objective expansion planning will be presehtginally, conclusions are given in the last smtti

MATERIALS AND METHODS

Objective Functions:
Total Expansion Cost (TEC):

The expansion cost function consists of four tertis:cost of the new transformers in the substatiost
of the distributed generation, cost of the new &sdipgrade, and the cost of the active power soddew
transformers and DGs have fixed and variable patis. cost of new feeders upgrade and active poveses
are respectively fixed and variable. The fixed éestpent during the installation phase and indutie cost of
the construction, equipment, etc. The variable ¢®ghe cost of the operation and depends mainlthen
loading of the equipment during the operation pkriin existing substation is represented as a psoerce
which can supply power at a given unit variabletagsto a prescribed upper bound (El-Khattam, &¥.al,
2005)

TEC C:U +CDG +C +C (1)

Whereas

C, : Fixed and variable cost for substation expansion

=X ZE W eeTe0c (7 5, ) @

C, : Fixed and variable cost for DG

Coo = Dom Doy (coeF e Bk, + o))+ 87603 l(p D 2 GO 8P Tt 3° 07 ) 3)

C-: : Fixed cost of upgrading the feeders

C. =Y. Clo (4)
C, : Variable cost for total system losses
T L
c, =s760c™ 3" A" R (5)

Whereas/3 is the present worth factor which equgfs= 1/ (L+d) (Willis, H.L., 2004).

Total Voltage Deviation (TVD):
The expression of total voltage deviation in thstem is:

Jnp = Z,T:,\i -V 6)

WhereV, is the voltage in per unit at the system bus
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Total System Losses (TSL):
Total system losses can be expressed as:

Jrs = Z|L=1R [1] | ‘2 (7)

Problem Constraints:
Network power balance:

Total power consumption should be equal to thel tggmeration. This constraint is met in load flow
calculation (Dondi, P.et al, 2002), considering the cost of available powmirees and dispatching them. In
this approach, DG units are assumed as negatids.loa

>R S e e -y R =Y, R ®)
Yy e - (p e e - Y X O =Y, Q° ©)

Distribution feeder’s thermal limit:
When the load grows the feeder's thermal capacifty laxceecdtheir nominal values. If this problem
occurs, additional investment will be required feinforcement of these feeders:

§ < g™ | =123,....L (10)

Transformer and DG unit maximum capacity:
Power delivered by each transformer and DG unittineswvithin the upper limit of their capacities.

STI’ < Tr,MAX DI D N (11)
SPe < gPeMAx OiOM (12)

Voltage deviation:
Voltage value of each bus should remain within ptadae limits as following:

VAL SVIRAVALS i =123...,TN (13)

Maximum DG penetration:
Summation of total DG capacity in the grid should lbss than some percentage (say, 30%) of the total
load.

Binary Particle Swarm Optimization (BPSO):

The Particle Swarm Optimization (PSO) algorithm wasoduced by James Kennedy and Russell Eberhart
in 1995 (Kennedy, J. and R.C. Eberhart, 1995). iBS®population based heuristic search technigwehich
each particle represents a potential solution withe search space and is characterized by agrgsitivelocity
and a record of its past performance. At eachfflayicle, the objective function for each particlehwespect to
its current position is evaluated. The obtainedigaheasures the quality of the particle (Ebertiartand Y.
Shi, 2001). The (original) process for implementihg global version of PSO is as following (Kennedlyand
R.C. Eberhart, 1995; Eberhart, R. and Y. Shi, 2001)

1.1.1.Initializing a population (array) of particles withndom positions and velocities on d-dimensions in
the problem space.

1.1.2.For each particle, the desired optimization fitnesetion in d variables is evaluated.

1.1.3.Comparing particles’ fitness evaluation with pdest P ;. If current value is better thds)..,, then

P .« Value will be equal to the current value.

1.1.4.Comparing fitness evaluation with the populaticoverall previous best. If current value is better
thanG, ..., then G, will be updated.

1.1.5.Changing the velocity and position of the part@beording to equations (14) and (15), respectively:

Vg =WV, +C, [rand(L)((X, - X, )+C, rand(1)((Xs_. — X, ) (14)

Fhest
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Xig = Xig tVyg (15)
1.1.6.Going to step 2 until a criterion that is usuallpnaximum number of iterations is met.

The Binary PSO algorithm (BPSO) was introduced nikedy and Eberhart (1997) to allow the PSO
algorithm to operate in binary problem spaces. BRSO has a structure similar to the standard P80 the
velocity vector is still continuous which is useal define the probability of a bit to be 0 or 1. Toely
difference between standard PSO and Binary PSQithigois the position vector of the particle. In 88 this
vector is a vector of binary digits, rather thameator of continuous values, and the position updafuation
changes to (Kennedy and Eberhart (1997):

1 < .
X, = { rand( < S(V,,) 16)
0 otherwise
Where S(x) is the sigmoid function:
1
X) = 17)
S 1+e™*

The BPSO is sensitive to sigmoid function saturatiwhich occurs when velocity values are either too
large or too small. In such cases the probabilityaochange in bit value approaches to zero, sotdimi
exploration. For O velocity, the sigmoid functioaeturns a probability of 0.5, implying that thereas50%
chance for the bit to change (Clerc, M., 2004; Ngati, P.et al, 2005). Fig. 1 shows the flowchart of BPSO.

The Proposed Algorithm for Single-Objective Optatian:

The binary string of particle position is showrFig. 2. This string consists of two main parts. @hthem
is related to the set of buses that are capabselmdtation expansion. This part includes n(N) bythieh has
Ny bits. Each byte indicates a bus which is capabfubstation expansion. The summation of bits ia kiyte
shows the number of transformers installed in bbhis. The other part shows the set of load buse®&hdnits
can be installed on it. This part includes n(M)dsytvhich has I bits. Each byte indicates a bus and DG units
can be installed on it. The summation of bits iis thyte shows the number of DG units. So the biséing of
particle position hasn bits which equals to the total possible locatiafisthe DGs. The total number of
transformers which can be installed on substatipraesion buses is mentioned as below:

m=n(N) N, +n(M) M, (18)

| Generate random feasible initial swarms and velocities |

v

| Calculate the Objective Function of the initial swarms |
v
- Set the initial pbest
- Find the gbest

|Update the counter }1

Update the velocity of all particles using the pbest and the gbest:
Viae=w. Vig+ Cr.rand(1). (Xppesr-Xig) + Co.rand(1). (X GreseXia)

Update the positions of the particles using equation
Xg 1 Ifrand(1)<S(Vi) — S(Vi)—1/(1+e")
Xia=0  otherwise

v

Calculate the Objective Function of the new particles positions

- Update the pbest
- Update the gbest

Fig. 1: Flow chart of binary particle swarm
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All transformers and DG units are in binary repréagon which is illustrated in Fig. 2. In the bigastring
of particle positiong—iTjj andai["jG are binary decision variables. These variablesgamerated by selecting a

random binary value with uniform probability oveetoptimized parameter search space (0 or 1).
| ‘ o'l . | | ‘ apf . | |

n(N) n(M)

Fig. 2: Binary String of Particle Position

After generating binary string of particle positiahis string is decoded and summation of DG uaits
transformers in each byte is installed on the @pweding bus. Then the power flow is run. After rmmg
power flow, the feeders' thermal capacity is evi@ldaand the exceeded feeders are upgraded andwer p
flow is run again until all exceeded feeders apaged. Then the objective function is evaluatadthe next
stage the saturation values evaluated in the pus\dtage are calculated and added to the objdctination if
summation of total substations capacity and totavgr generated from distributed generation is tbas total
load demand or the voltage of each bus is not @& ptedetermined voltage range. Once these stages ar
accomplished for all particles, the global beshdis with its corresponding binary string is deteet
according to the BPSO algorithm. Then velocitied positions are updated according to the BPSO itihgor
until iteration reaches its maximum value. The ps®d algorithm for Single-Objective optimizationstsown
in the Fig 3.

Set the iteration counter t=1
Set t_max=max_itreations and n_max=no_of particles
Generate random initial binary string of particle velocity
Generate random initial binary string of particle position

Set the particle counter n=1

—)l sat(1)=sat(2)=sat(3)=0 |
v

| Run power flow |<—| Upgrade feeders

Yes
Feeders exceed thermal Capacity?
No

objective function J
Yes
Generation>Consumption? Evaluate sat(1)
]
Yes
Bus voltage < v_min? Evaluate sat(2)
—

Ye:
]

| J =T+ sat(l) + say(2) + sat(3)
12

| Update X, st , Ji phest |

Update the velocities
Update the positions

Fig. 3: Flow chart of proposed method for single-objectypéimization
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Multi-Objective Optimization with Weighting Sum Kied:

Many real-world problems involve simultaneous ojtiamion of several objective functions. Multi-
objective optimization with such objective functiogives rise to a set of optimal solutions, insteawne
optimal solution. The reason for the optimalityroény solutions is that no one is considered toditebthan
any others with respect to all objective functiofifiese optimum solutions are known as Pareto-optima
solutions (Ngatchou, Pet al, 2005).

This is particularly important in optimal placemeatd sizing of DG, where the distinctiveness of the
planning objectives, which may conflict each otfewqg., investments cost .vs. the total voltage at@vi or
system losses), has a significant impact on theckBefor a feasible configuration. The multi-objeeti
optimization gives a better simulation of the realrld. Often characterized by contrasting goalgjives the
planner the capability of making the final deciston selecting some individual point of view andrade-off
between a wide range of suitable solutions.

There are various techniques to optimize multi cfje functions simultaneously. The most important
technique is the Weights Sum Method (WSM) (Carfiiin€l, et al, 2005).

The Weighted Sum Method is used to combine thectilbge functions as a single objective optimization
problem. This single objective function is consteatas a sum of objective functions multiplied bgigiting
factors .By changing the value of the weights theeRd optimal solution set can be easily obtaimdghfchou,

P. et al, 2005; Ding, Y.gt al, 2006):

min f(x) =min}"" w f.(x) (19)
w20 i=1..k&d) w=1 (20)

By changing the weights all Pareto optimal soluttam be generated. In a variant of this methocedall
Conventional Weighted Aggregation (CWA), the wegghate incrementally changed. For each combination o
weights, the problem is solved, so a new Paretomaptsolution is generated (Kim, Y. and O.L. desd¥,
2006; Parsopoulos, K.E. and M.N. Vrahatis, 2002).

In some cases, different objective functions haviéergnt magnitudes. So it is required to find
normalization of objective functions (Ding, et al, 2006; Parsopoulos, K.E. and M.N. Vrahatis, 20&2ch
objective function is normalized as following:

ji (X) — ‘]i (X) B ‘Ji,min 1)
‘]i max ‘]i,min
In this paper for solving distribution system plany) three objective functions are combined aswelad
then the program will run based on the algoritHostrated in Fig. 4.
‘]MO = Wl |:IJTEC + W2 D]TVD + W3 D]LOSS (22)

| Normalize objective functions |

4’| Generate w ; , w, and w3

| J=Jyo =W * Jrectwox Jryptws X Jross |

v

| Run single-objective optimization |

v

| Store optimal solution and update non-dominated set |

Fig. 4: Flow chart of proposed method for multi-objectoggimization
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Case Study And Numerical Results:

The studied system in this paper includes 11 k\fritigtion system with 30 buses is shown in Fgi 4.
(Eminoglu, U. and M.H. Hocaoglu, 2005; Salama, MAMand A.Y. Chikhani, 1993). The system has main
feeder and three laterals. The capacity of thesfommers at the source bus is assumed to be 12 EiMAIs
number 1 and the loads are at buses 2-30. Theibapathe system is 10.224 MVA. The thermal capaof
the feeders assumed to be 12 MVA. However, a 3G tpowth is forecasted after 4 years from the lpase
and the power demand will be approximately 13.292AMA backup DG unit should be installed in case of
any DG failure or scheduled maintenance intervite system power factor is set to be 0.85 for teddd the
size of the DG's is multiple of 0.1 MVA. The maximwnumber of the DG capacity at each bus is 0.3 M¥A
DG units) plus the backup DG. The new three ph@BIXYA transformer unit is used in the case of satish
expansion. Feeders upgrade to higher capacity (20itMVA) with an impedance of guva= 0.1469+j0.2719
Q/Km. The voltage range is supposed to be in tHg f01] interval.

For the cost data, the electricity market pricedssidered to be 70 $/MWh for purchasing power fthm
main grid. The price of the DG unit is 0.5 M$/MVAc the running cost of the DG is assumed to be 70
$/MWh. The fixed cost of the new 10 MVA transfornigi0.2 M$. The cost of upgrading the feeders ghéi
capacity (20 MVA feeders) is 0.15 M$/Km and thecdisnt rate is considered to be 12.5% (El-Khattam,etv/
al., 2005).

13 14 15 16 28 29 30

l
|

1 2 |:3 4 &) 6 J8 9 10 11 12
| |
I )—I—:

17 18 19 20 21

I

—_— 23

| | —1 o4
L 25

—_— 22

Fig. 5: 30-bus distribution system

Single-Objective Results:

The comparison of the optimal single-objective ntio@ is presented in Fig 5. The first column shdkes
substation expansion option without installing afistributed generator. One transformer is instattedneet
the demand and four feeders are upgraded becais@dver flow is higher than thermal capacitythe next
columns the DG option and the substation expansitndifferent objective functions is considered.the DG
option, the feeders aren’t needed to be upgradeduse the DG presence in the load side reducesriged
power flow under their thermal limits. The systewitages are improved for the DG option in the gyste
comparison with the system which is expanded wilditional substation expansion. When the DG uaiits
added in the load side, the load on the systeerdisaed and the feeders are less loaded causing@asing of
the voltages at all nodes. The voltage deviationthe system and power losses are reduced consiglé@nahe
presence of the DG in the system.

Table 1: Single-Objective numerical results

= = =

= < 172]

a S =
Max. DG Penetration Level 0% 30% 30% 30%
Number of New Transformers 1 0 0 0
Expanding Substation Fixed Cost (MS$) 0.2 0 0 0
Total System Power (MVA) 14.9827 14.1033 13.8113 13.8113
Substation Purchased Power (MW) 12.5789 99043  8.0844  8.0844
Expanding Substation Variable Cost (M$) 20.845  16.7718 13.9519 13.9519
Expanding Substation Total Cost (MS$) 21.045 167718 13.9519 13.9519
Number of DG 0 26 44 44
Number of Back-Up DG 0 9 15 15
DG Fixed Cost (M$) 0 1.75 2.95 285
DG Variable Cost (MS$) 0 4.0732  6.893 6.893
DG Total Cost (M$) 0 58232  9.843 9.843
Number of Feeders Upgrades 4 0 0 0
Feeders Fixed Cost (MS$) 0.33 0 0 0
Total Active Power Losses (MW) 1.2689  0.8043 0.51444 0.51444
Losses Cost (M$) 23386 14824  0.94815 0.94815
Total Expansion Cost (MS) 23.7136 24.0774 24.7431 247431

Total Voltage Deviation (Per-Unit) 28609 1.9279  1.5466  1.5466
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Fig. 6 and Fig 7. show the bus voltage profile &awtlers’ power flow in all solutions. It is cledmat the
voltage profile in DG option solutions is betteaththe voltage profile in the substation expans&se and also
feeders’ power flow and consequently total systessés are decreased and feeder upgrading is regsaeg.
These improvements are advantages of using then@i&idistribution system.

Multi-Objective Results:

Initially 66 combinations of weighing factors arergrated by an increment of 0.1. Then for each
combination, problem is solved. After eliminatirdentical solutions, 5 non-dominated solutions drmioed.
Each solution is shown with its corresponding tetgbansion cost, total voltage deviation, totakesyslosses,
the locations and the size of the DG is shown m Bi The decision maker can choose the optimaitisol
based on the importance of the different objectased the budget constraints. Also Pareto frontobftons is
represented in Fig. 9.

1.05 B Without DG
14 BTEC

0.95 - = TVD & TSL

Bus voltage (pu)

0.9 A
0.85 A

0.8 -

0.75 -
1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Bus number

Fig. 6: Comparison of system bus voltage for TEC, TVD @8d objective function

10

. 16 ® Without DG
(=]

= 14 mTEC

g i

g 12 TVD & TSL
o e—
5

=}

2

5T

(= A )

2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Feeder number

Fig. 7: Comparison of system feeder power flow for TECDrahd TSL objective function

Table 2: Multi-Objective numerical results

Wy 1 0.7 0.5 0.4 0

Wa 0 0 0 0 1

W3 0 0.3 0.5 0.6 0

J1EC 24.077 24.094 24.399 24.64 24.743
Jrvp 1.9279 1.9058 1.7068 1.5854 1.5466
JrsL 0.8043 0.78623 0.6259 0.53996 0.51444
Trans. 0 0 0 0 0

DG 26 27 36 42 44
B-DG 9 9 12 14 15

Bus Number of DGs

2-7 0 0 0 0 0

8 0 0 0 0 2

9 0 0 0 3 3
10-12 0 0 3 3 3
13-17 0 0 0 0 0

18 0 0 0 3 3

19 2 3 3 3 3
2027 3 3 3 3 3
28-30 0 0 0 0 0
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1.7

1.5

1.3

1.1

0.9

0.7

Total system losses (MW)---Total Voltage Deviation (pu)

0.5 T T T
24 242 24.4 24.6 24

Total expansion cost (MS$)
Fig. 8: Pareto solutions front

Conclusions:

This work was based on optimization of distribatisystem planning including DG using BPSO. The
optimization model provided two options to meet #ectrical load growth: Installing new transformeith
upgrading the feeders and adding DG units in thd lnuses. This model evaluates more differenttgitumand
solutions. Although the planning problem becomesimmore complex when DG placement and feeder
upgrades are considered together, it provides aliwegse expansion solutions for utilities. The Wilgg Sum
Method (WSM) has been successfully used to genénateon-dominated solutions set for the multi-obje
distribution planning problem. This method offetexibility to assign and evaluate different weigtits
different objective functions depending on theirportance in the system planning. Optimization rssul
analysis of 30-bus radial distribution system shbat the DGs introduce electrical benefits to thstesm in
compare with the traditional option including nevartsformers addition at the existing substation and
upgrading the overloaded feeders while the investroé both options is almost equal. Implicitly, theodel
discussed in this paper assumes that new DGs mastadied by distribution company (DISCO). Althdug
may be practical in some cases, it is not trueséone situations.
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