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Absdtract: This paper presents a comparative study for four modern
heuristic algorithms (MHAS) to service restoration in distribution
systems: reactivetabu search, tabu search, parallel simulated annealing,
and genetic agorithm. Since service restoration isan emergency control
indistribution control centersto restore out-of-service areas as soon as
possible, it requires fast computation and high quality solutions for
customers satisfaction. The problem can be formulated as a
combinatorial optimization problem to divide the out-of-service area
to each power source. The effectiveness of the MHAS is compared
against each other on typical service restoration problems.
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I.INTRODUCTION

Customer satisfaction and servicereliability are of primary
concerns in the power industry. Several studies on power
utilities experience suggest that customer satisfaction is
closely correlated with service interruption frequency and
interruption duration. The main objective of servicerestoration
is to restore as many loads as possible (i.e. minimize loads in
out-of-service areas) by transferring de-energized loads in the
out-of-service areas to other supporting distribution feeders
without violating operating and engineering constraints via
network reconfigurations. Developing effective service
restoration procedures is a cost-effective approach to improve
service reliability and consequently, enhance customer
satisfaction. Therefore, fast service restoration has amulti-fold
benefit. In actual use, distribution operators are required to
restore service of out-of-service areas as soon as possible.

The service restoration problem is a combinatorial, non-
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linear, and constrained optimization problem. The complexity of
such a problem calls into doubts the effectiveness of the
restoration procedures based on pre-established guidelines. In
fact, the service restoration problem belongs to the so-called
NP-complete problems. There are no known methods to solve
NP-compl ete problems exactly in areasonable time.

Inthe past, considerable efforts have been devoted to the
subject of servicerestoration in distribution systems[1-7]. The
problem has been addressed with methods such as heuristic
algorithms [1,3,5], expert systems [2], data base [4], and fuzzy
reasoning [7]. However, these methods produce solutions,
which may not even be sub-optimal. In [6], the Hopfield type
neural network was applied. However, they devoted their
efforts to analyzing the neural network itself and the method
itself is not practical.

Recently, modern heuristic algorithms (MHAS) [8] suchas
genetic algorithm [9], paralel simulated annealing [10], tabu
search [11][12], and reactive tabu search [13][14] have been
used for various combinatorial optimization problemsincluding
service restoration in power systems. The authors have
developed a parallel genetic algorithm for service restoration
and showed promising results on several distribution networks
[15]. However, it requires parallel processors and,
unfortunately, conventional engineering workstation (EWS) or
personal computer (PC) is till utilized for the main computer in
practical distribution control centers. Therefore, an EWS-based
or PC-based efficient method is eagerly awaited for practical
implementation of servicerestoration.

This paper investigates the applicability of the following
four different MHAsin the servicerestoration problem: genetic
algorithm (GA), parallel simulated annealing (PSA), tabu search
(TS), and reactive tabu search (RTS). A problem-dependent
heuristic method ispresented for representing the statevariable
and generating initial sub-optimal states in a solution space.
The feasibility of the algorithms for service restoration is
compared and demonstrated on typical distribution networks
with promising results.

I1. MODERN HEURISTIC ALGORITHMS

Genetic Algorithm [9]

GA isoneof thestochastic search algorithmsbased onthe
mechanics of natural genes. A solution variablefor the problem
is first represented using artificial chromosomes (strings). In
other words, the problem is encoded to strings that GA can



handle. A string represents one state (searching point) in the
solution space. Since GA utilizes a set (population) of strings
(i.e. multiplesearching points), it belongsto akind of the parall €l
search methods. It modifies strings (searching points) using
natural selection and genetic operators such as cross-over and
mutation. After convergence, strings are decoded to the
original solution variables and the solutions are obtained. The
procedure of GA can be expressed as follows:

Step.1 Representation of the problem using strings
The parameters of the original problem are represented
using a series of binary, decimal, and floating point
number, namely string.

Step.2 Generation of aninitial set of states (string population)
Strings are generally generated randomly. However, itis
sometimes effective to produce initial strings using the
problem-dependent methods. These methods produce
sub-optimal initial searching points in the solution
space. Using the sub-optimal initial searching points
sometimes realizes fast convergence to the optimal
solution.

Step.3 Evaluation and selection of each string
Strings are evaluated using the fitness function, which
represents the tendency of fitness of each string to the
target problem. A good candidate for the fitness
function is the objective function of the problem.
Basically, the stringsthat have higher fitnessvalues are
selected for the next generation with high probability. In
other words, better searching points are selected
according to their objective function values. The
original GA utilizes roulette wheel selection [9].
However, improved methods such as stochastic
sampling with and without replacement [9] and elite
strategy have been proposed.

Step.4 String operations (generation of neighboring states)
GA performs string operations such as cross-over and
mutation. The operations produce new searching points
using the current searching points. Crossover generates
two new searching points from the two current
searching points. Mutation generates one new
searching point from one current searching point.
Natural selection and string operations are repeated
until the strings are converged to the optimal or sub-
optimal solution.

The details on GA could befoundin[9].

Parallel Simulated Annealing [10]

Parald Simulated Annealing (PSA) is an extension of
simulated annealing (SA). Although SA is an attractive
optimization technique, small state transition often makes SA
gets stuck in local minimain cases where the sol ution space of
the target problem islarge or constraints of the target problem
are strict. In order to overcome the problems, PSA paralelizes
theroutinesof statetransitionintheoriginal SA to obtain better
searching points efficiently. PSA basically utilizes one
searching point like SA. However, it generates multiple

neighboring statesrather than asinglestatelike SA. It allowsto

find out asolution near aglobal minimum over awiderange due

to handling a set of solution candidates. The characteristics of

PSA are summarized asfollows:

a) PSA hasadistinct possibility of reaching aoptimal solution

due to multiple searching points.

b) PSA has better convergence characteristics because of

selecting the best state among solution candidates.

The PSA algorithm can be written as follows:

Step.1 Initidization
Givetheinitial state, searching point x, and temperature
T, and evaluate the energy function E(x), which is
generated by the objective function of the original
problem.

Step.2 Generation and evaluation of neighboring states
Generate several perturbation states Dx; (Dx of the
searching point) of the current state (x) and evaluatethe
energy function E(x+ Dx;) at each neighboring states.
Calculate the energy DE using the following equation:

DE=min{ E(x+Dx;)} - E(x) @
I

Step.3 Generation of the next state
if the following condition is satisfied

DE <0 @),
or

exp(-DE/T,)>R 3,
then the current state is changed to

X=X+ Dx; (4.

Update the temperature and repeat step 2 and 3 until the
convergence criterion is satisfied.

Tabu Search [11][12]

TS is based on the use of prohibition-based technigques
and basic heuristic algorithms like local search. Therefore, the
main advantage of TS with respect to conventional GA and SA
lies in the intelligent use of the past history of the search to
affect its future search procedures. Since the method utilizes a
tabu list for storing the past history of the search, the efficient
structure of the tabu list isimportant for fast computation. The
procedure of TS can be expressed as follows:

Step.1 Initidization
Give the initial state, searching point % and put the
current state into the tabu list.

Step.2 Generation and evaluation of neighboring states
Generate al of possible neighboring states and check
whether the states are tabu or not.

Step.3 Generation of the next state
Move the current state to the next state that is not tabu
and have the lowest objective function value.

repeat step 2 and 3 until the convergence criterion is satisfied.

The details of the method can be found in [11][12].

Reactive Tabu Search [13][14]
The conventional modern heuristic methods like GA, SA,
and TSrequire adjusting search parametersfor efficient search.



However, in general, the appropriate parameter values depend
on each problem. Therefore, a parameter tuning problem is
known as one of the disadvantages of theMHAs. TheReactive
Search (RS) framework proposes the introduction of feedback
(reactive) schemes in heuristics for discrete optimization
problems [13]. RTS is one of the RS methods and it has
feedback-based tuning mechanism of tabu length (TL) and
automated balance mechanism of diversification and
intensification. RTS stores all searched states. After one move
is performed, the agorithm checks whether the current
searching point has already been found. TL increases if a
searching pointisrepeated, while TL decreasesif norepetitions
occur during asufficient long period. Thisadjusting mechanism
allows us to escape from the local valley. Moreover, since the
basic TS mechanism cannot avoid long search cycles, RTS
introduces the escape procedure. It consists of a number of
random steps starting from the current searching point.

Effective search in the solution space requires balance of
diversification and intensification. GA realizes the balance by
the string operations and the selection mechanism, and
sometimes requires more effective local search procedure. PSA
realizes parallel search by several conventional SA search
procedures. However, it requires parallel processors for
practical speedup. TS realizes the balance between
diversification and intensification using a tabu list. RTS,
moreover, strengthens the mechanism using reaction and
escape mechanism.

[11. PROBLEM FORMULATION OF
SERVICE RESTORATION

Distribution system model
The following assumptions for distribution systems are

usually made for practical application of service restoration.

(@) Power source can be formulated as current injection
source.

(b) Voltage at the power source is known.

(c) Anareasurrounded by switchesis called a section. Each
section has a concentrated load and each load can be
formulated as constant contracted current.

(d) Each section lineimpedance Z(n) can be calculated as an
equivalent scalar impedance using load power factor and
line constants.

Accordingto the above assumption, distribution system can be

expressed as shown in Fig. 1.

Circuit calculation method
Load Section
Load, impedance O
A switch

Power Source

Vo[V]

Fig. 1 A distribution system model.

In order to calculate voltages and currents in the target
distribution system correctly, load flow calculation is
necessary. However, the following backward and forward
sweep circuit calculation is usually performed for the sake of
fast servicerestoration [15].

Step.1 Sum up total load currents (backward cal culation)
Sum up total load currents from the end of the branches
tothepower source according to thefollowing equation.
SCUR(N) =CUR(N) + SCUR(N- 1) 5
where,
SCUR(n) : Total load currents at section n,
CUR(n) : Contracted load currents at section n,
n-1 : Node that is next to section n at the
downstream side.
If the node n isthe end of feeder, SCUR(N-1) isO (A).
Step.2 Calculate voltage drops
Calculate voltage drop at each node according to the
following equation:

DV (n)=SCUR(n) "~ Z(n) (6)
where,

DV (n) :Voltage drop at noden,

Z(n) : Equivalent impedance at node n.

Step.3 Calculate voltage (forward cal culation)
Voltage at each node can be calculated from the power
source using the following equation:

V(n)=V(n+1)- DV(n) )
where,

V(n) : Voltage at noden,

n+1 : Node that is next to node n at the upstream
side.

Thevoltageand current cal cul ation method i sappropriate when
the target distribution system is always operated in radial
network structures, like in Japan. However, if it is required to
consider a network with loops, we have to utilize backward
forward power flow calculation methods which can handle
loops[16].

Objective function and constraints
The most important objective of the servicerestorationis
to restore as many customersas possible. Inmany fault cases, it
is enough to energize the out-of -service areafrom the only one
neighboring power source. However, it is necessary to utilize
several power sources next to the large out-of-service area. In
such acase, servicerestoration can be formulated as one of the
graph partitioning problemsto divide the out-of-service areato
corresponding power sources. The objective function is to
counterbalance spare capacity of each power source
considering next faults and maximizethe minimum voltage of the
network considering customers' satisfaction in the large out-
of-service area. The function can be expressed as follows:
I 2 10
f.=minjw,a (P - P,.) +w,—v 8
T =1 Vmin %
where,
m : number of power source,



S} : Spare capacity of sourcei,

SP.. :Average of spare capacity of all sources,
Vmin  : Minimum voltage of the target network,
W, : coefficients for each term.

The followings are constraints, which should be
considered for practical service restoration.
(a) Radial network constraint

Distribution network should be composed of radial
structure from an operational point of view. Therefore, each
section has only one up-stream section.
(b) Power source limit constraint

The total load capacity of each partial network cannot

exceed the capacity limit of the corresponding power source.
|

a LOAD, £CAPR ©)

k=1
where,

l; : number of load for power sourcei,

CAR : Capacity of power sourcei,

LOAD, : Capacity of load k energized by power sourcei.
(c) Voltage constraint

Voltage magnitude at each section must lie with their

permissible ranges.

V., EV EV (10
where,
Vimin . Allowable minimum section voltage,

Vimax . Allowable maximum section voltage,

Vi : Voltage at load sectioni.
(d) Current constraint

Current magnitude of each branch (switch and line) must
lie with their permissible ranges.
LEI (1)

where,

| max : Allowable maximum load section current,

l; : Current at load sectionii.

Constraints (a) can be checked using a search method. The
objective function value and constraints (b) - (d) can be
checked using the above-mentioned circuit cal culation method.

IV.PROBLEM FORMULATION USING
MODERN HEURISTIC ALGORITHMS

Problem formulation using MHA s includes the following
items:
(1) Representation of state variable
(2) Generation of initia states
(3) Generation of neighboring states

The above formulation should be made clear explicitly because
the efficiency of each method depends on the formulation. In
other words, the comparison of each method is only based on
the formulation as mentioned below.

Representation of the state variable

Each MHS requires to store state variable (searched
points) for various purposes. Therefore, the representation
method for the state variable is one of the key issues for
applying MHS to a certain problem. The above-mentioned
methods generate neighboring states of the current searching
point by various methods. Therefore, itisnecessary to consider
whether the neighboring states can be generated easily and
effectively or not, using the representation of the state variable.
Conventionally, a network has been represented by the switch
states[17]. However, this paper proposes the following method
to represent the state variabl e considering the whole searching
procedures of each method.

(Representation method)

- The length of an array equals to the number of loads in the
out-of-service area.

- Numbering all of nodes including power sources and loads.
- Each array position represents the upstream load or power
source section number of each position.

Fig. 2 shows an example of radial distribution system and its

expression using the above method. For example, load No. 1 and

2 are energized from power source No. 9 in the figure. The

upstream of load No.1 is source No.9 and that of load No.2 is

load No.1. Therefore, thefirst two contents of thearray is9 and

1

Generation of initial searching point

Initial states, namely initial network configurationsin the
service restoration problem, can be generated by various
methods such as random and problem-dependent methods.

This paper proposes the following problem-dependent

procedure considering efficiency of fast convergence to the

global optimal state.

Step.1 Select acertainloadL, statistically. Theload L should be
next to the load sets energized from the current power
source G and it has not determined its power source yet.

Step 2 Determine statistically whether the power source G
supplies power to the load L or not using the following
probability, Peonnee. The larger the spare capacity (SC) of
source G is, the larger Peoneer Can be. Here, minimum

9
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Fig. 2 An example of radial distribution system and its
representation using the proposed state
representation method.



value of Pyopnect 1S S€t 10 Pri, @nd maximum value of Pyopnect

IS set to Prax.
C; +CAR;
=——" (P - P.n)+ Py 12
connect ZCAPG ( max mln) min ( )
where,
Ce : Spare capacity of source G,
CAPR; : Capacity of source G,
Prnax : Maximum probability of Peonnect
Prin : Minimum probability of Pegnect:
Step 3 If every load hasits power source, exit. Otherwise, goto
step 1.

Step 4 Convert the obtained network configurationto an array.
The above method can generate sub-optimal sol ution of
the problem and it can be an efficient initial point in the
solution space.

In other words, each power source determines energizing loads

by tracing connection of the target network and using Peonnect.

P.omect 1S gradually decreasing when the number of loads

connected to the target power source isincreasing.

Modification of the current searching point (network
configuration)

Modification of the current searching point means
modification of the network configuration in the service
restoration problem. The modification method of the network
configuration is different among the MHAs. Each method
generates the candidates for the next states, evaluates the
candidates, and sel ects the next state among the candidates.

A. Genetic Algorithm [15]

GA utilizes string operations such as cross-over and
mutation for generation of the candidates for the next state.
Cross-over performs partial exchange of two strings and it
means partial exchange of network configurations of two
different configurations in the service restoration problem.
Mutation can be realized as a bit exchange at a certain string
(array) position. Thisindicates an exchange of the direction of
power sourceat acertainload. Therefore, theonly load, whichis
next to a load connected to a different power source, can
perform mutation operation. In other words, only restricted
loads can mutate and the constraints can be satisfied if the
mutation is performed at the allowed load. For example, power
source direction of load 2, 3, 6, and 7 can be changed in the
network configuration of Fig. 2. States of at |east two switches
have to be changed by changing the direction of power source
of one load section.

Using the mutation procedure, generated neighboring
states can be divided into the following two kinds of states.
(a) Changing a source of a partial sub-network (e.g. changing

power source direction of load No.3infig. 2)
(b) Changing a source direction of one termina load (e.g.
changing power source direction of load 7 infig.2)
Namely, using the above representation method of the
searching point and generation method of neighboring states,

one can generate various kinds of neighboring states.
Conventionally, as mentioned above, a network has been
represented by the switch states [17]. Using the method, one
should close one switch to make a loop and open another
switch for generating a radial network. Therefore, one should
tracethe network to determinethe newly opened switchesand it
is time-consuming. On the contrary, using the proposed
methods, the only information utilized for generating
neighboring states is linked sections of each load and there is
no need for tracing the network for generating neighboring
states. It should be noted that GA performsthe string operation
such as cross-over and mutation with a certain probability.
Therefore, GA may not perform the string operation at every
iteration. The next state (string) can be selected using various
methods such as the roulette whole selection as mentioned
above.

B. Paralld Simulated Annealing

The neighboring states, the candidates for the next state,
can be generated using the same method of the mutation of GA.
The next state (network configuration) can be selected using
equations (1) - (4).

C. Tabu search and Reactivetabu search
The neighboring states, the candidates for the next state,
can be generated using the same method of the mutation of GA.

The next state (network configuration) can be selected among

thecandidates. The procedure of generating neighboring states

and selection of the next state can be expressed as follows:

Step 1 Select loads, which can change the direction of power
source in the current network configuration.

Step 2 Generate the neighboring states by changing the power
source direction of each load selected at step 1. These
states are candidates for the next states.

Step 3 Choose one candidate, which is not tabu and has a
minimum objective function value.

TS and RTS utilizes the search list and the following items are

stored in the search list:

- Network configuration (state variable)

- Iteration number at which the current configuration was
found.

- Objective function value

The current configuration is added into the tabu list and the

configuration searched before the current tabu length is

removed from the tabu list. The fixed tabu length by TSand the
variable tabu length by RTS, and the escape function of RTS
cause difference of search procedure between TS and RTS.

Since TS and RTS stores and retrieves searched points when

searching, efficient storing and retrieving method isrequired for

fast computation. Therefore, ahashing functionisutilized using

network configurations as a key to the hash function. Fig. 3

showsaflow chart for servicerestoration by RTSasan example.

V.QUALITATIVE COMPARISON OF MHAs
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Fig. 3 A flow chart for servicerestoration by RTS.

This section presents qualitative comparison of MHAs
using the above problem formulation for each method.

The same method is utilized for generation of initia state
among all of compared methods in this paper. Although the
probabilistic method is utilized for the generation of initial
states, the search procedure can be started using the same kind
of initial states. The probabilistic characteristics have been
investigated in the simulation. Consequently, the target for
comparison is how to change the searched statesin the search
procedure.

The same procedureis utilized for the mutation by GA and
generation of neighboring states by PSA, TS, and RTS. The
procedure performs exchange of source direction of one
terminal load in most cases, and it is corresponding to a local
search procedure. On the contrary, cross-over by GA performs
exchange of a source of partial sub-network and it is
corresponding to a global search procedure. The problem
formulated for service restoration should perform circuit
calculation for modified search points and check whether the
constraints are violated or not. Therefore, it is time-consuming
to evaluate the modified search points. The following
observations can be found:

(@) GA can utilize cross-over, a kind of a global search
procedure. Therefore, GA can change the current states
moredrastically compared with other methods. GA performs
the global and local search procedure with a certain
probability. Onthecontrary, PSA, TS, and RTSperformonly
the local search procedure to move the next states every
time. It is not clear which strategies are more effective

especially for servicesrestoration.

(b) GA utilizes many search points and it takes long time to
evaluate the modified search points. The number of
evaluation for searching points only depends on the
number of strings and probability for cross-over and
mutation. On the contrary, PSA, TS, and RTS utilize only
one search point. However, they have to evaluate several
neighboring states for moving to the next states. Therefore,
if the number of neighboring states is small, PSA, TS, and
RTS may have less computation time compared with GA to
move to the next state. According to the problem
formulation mentioned above, the generated neighboring
states are restricted and the number of states is not large
even if the problem size increases.

(c) GA and PSA may revisit the already searched states many
times essentially. On the contrary, TS and RTS prohibit to
revisitthealready searched statesand they may realizemore
effective search procedure. When TS generates search
cycles, RTS can generate higher quality solution than TS.
Otherwise, TSand RTS may trace different search trajectory
according to modification of TL and it is not clear which
method can generate higher quality solution.

The following quantitative studies are required for more

detailed comparison.

VI.QUANTATIVE COMPARISON OF MHAs

Distribution system models
(1) Simulation conditions

The four MHAs are applied to ordinary practical
distribution system models, which are constructed referring the
number of feeders, sections, and other items of practical
distribution systems. Fig. 4 shows the concept of the 6.6kV
model systems. The followings are parameters of the model
systems:

Tran. = - H
No.1 = a —+
1H -
-1 H
Tran.|-— 1 H
No0.2 t - H
“i f“ Fault Area “H*
-1
Tran. -3 o -
No.3 H1 l +
b HI-
o H

A gls B /s
Fig.4 Concept of 6.6kV model distribution systems.



(a) 18 section system: 6 lines/Tr., 3 sectiong/line

(b) 24 section system: 8 lines/Tr., 3 sections/line

(c) 30 section system: 10 lines/Tr., 3 sectiong/line

(d) 36 section system: 6 lines/Tr., 6 sections/line

(e) 48 section system: 8 lines/Tr., 6 sectiong/line

(f) 60 section system: 10 lines/Tr., 6 sectiong/line
The ends of lines are assumed to be connected to the
neighboring substation (§/s) using tie-line switches. Equivalent
resistance of the lines are assumed to be 0.6649 (ohm/km) and
total length of each line is assumed to be 3.0 (km) considering
practical urban areas. Load current value of each load sectionis
assumed 20,40,60 (A) for 3 section model systemsand 10, 10, 20,
20, 30, 30 (A) for 6 section model systems from the power
source. Source voltages are assumed to be 6.9 (kV). All section
switchesinstalled between sections are assumed to be remotely
controllable. A transformer fault is assumed to be occurred at
Trans. No.2 of A s/s. Thesystem reconfigurationsafter thefault
generated by RTS, TS, GA [15], and PSA [19] are compared in
the simulation. Simulation parameters determined by the pre-
simulation are asfollows:

RTS Moadification rate of tabu length 01
Initial tabu length 12
TS  Tabulength 12
GA  Cross-over rate 05
Mutation rate 0.01
Number of strings 16
PSA  Cooling schedule
Tx1=pT*, T°=100000,b = 099 (13
where, T temperature at iteration k
Number of searching points 16

w;=10.0, w,=1.0 in (8) so that the two terms of the objective
function has approximately the same order of values.

Representation of state variables and generation of initial state
condition method of all of compared MHAS are the same. The
maximum evaluation values within 100 iterations through 100
trials are compared. All calculation are performed on EWS
(SPECint95 7.72, gcc ver.2.7.2.2).

(2) Simulation results

Fig. 5 shows the service restoration result for the 18
section model system with the maximum objective function

Current - 220[A] 0« Tie-line switch to Trans. No.1

ool 1 {1
Open A
Trans. 23 O Ny I* @T—]l\
Close™ 2 A
NO2 | oy <_[ ~Tieline
é—| l— E:] — - l/smtches to
- = U I* U L l/nS/e|Sghbor|ng
point E= 0 /
Ho®© Ejl] 1 {1 EI]
240[A] U < Tieline switch to Trans. No.3

Fig. 5 A network configuration for the 18 section
distribution network by RTS.

value generated by RTS. The results counterbalance the spare
capacity of neighboring transformers. All of section voltages
arewithin allowableranges. Table 1 showsthefollowing results
through 100 trials;
(a) maximum value: maximum evaluated value through 100 trials.
(b) averagevalue: average value of maximum evaluated
value at each trial
(c) variance: maximum variance value at each trial
Maximum and average value is normalized using the maximum
valuesby RTSat each case. Variancevaluesare also normalized
using the variance values by RTS at each case.

Variance values of RTS increase as the system becomes
larger. However, RTS generates the best result in aimost all
cases compared by TS, GA, and PSA.

Fig. 6 shows the average execution times in 100 search
iterations by RTS, TS, GA, and PSA for the above model
systems through 100 trials. The execution time of TS is almost
the same asthat of RTS. Theresultsindicate efficiency of RTS
even if the number of load sections increases. Consequently,

Table 1 Comparison of objective function values
by RTS, TS, GA, and PSA.

18 section RTS TS GA PSA
system
maximum 1.0000 | 1.0000 0.8463 1.0000
average 09644 | 0.9609 0.6669 0.9875
dispersion | 10000 | 1.8497 33.1934 1.4480
24 section RTS TS GA PSA
system
maximum | 1.0000 | 0.9920 0.7674 0.9674
average 0.9930 | 0.9867 0.6102 0.9272
dispersion | 10000 | 14030 1.3247 1.1042
30 section RTS TS GA PSA
system
maximum 10000 | 1.0000 0.8211 1.0951
average 0.8588 | 0.8586 0.6925 0.9681
dispersion | 10000 | 1.0001 13.1101 18118
36 section RTS TS GA PSA
system
maximum 1.0000 | 1.0000 0.8468 0.9951
average 09788 | 0.9780 0.8341 09721
dispersion | 10000 | 1.0602 0.0983 0.4468
48 section RTS TS GA PSA
system
maximum | 1.0000 | 1.0000 0.6725 10
average 0.9586 | 0.9583 0.6284 0.9931
dispersion | 10000 | 0.9089 37252 0.8382
60 section RTS TS GA PSA
system
maximum 10000 | 09745 0.7173 0.9663
average 0.9586 | 0.9242 0.6722 0.8967
dispersion | 10000 | 0.8267 1.5926 0.5898
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Fig. 7 An example of transition of tabu length.

RTS can generate the highly qualified results and realize fast
computation. GA can be improved using parallel computation
[15]. However, for the practical application, an EWS-based or
PC-based control system is utilized in distribution control
centersand theresultsindicatethe potential of RTSfor practical
application.

Fig. 7 showsan example of automatictuning of TL through
search procedures. In the example, theinitial TL issetto 12 and
TL isdecreasing at the beginning of search procedure because
there are no cycles in the search procedure. Then, the already
searched point is found and TL is tuning by the reaction
mechanism.

Fig. 8 shows comparison of average of maximum objective
function values between TS and RTS using variousinitial tabu
lengths and tabu length modification through 100 trials. The
number of load sections is set to 24 in this simulation. In the
figure, for example, RTS (0.02) means TL modification rate is
0.02. Theresult indicatesthe suitable TL modification ratefor all
of initial tabu length does not exist. However, RTS is aways
better than TSfor variousinitial tabulengths. Fig. Sisapractical
model distribution system. According to the results, 12 for
initial tabu length and 0.1 for TL modification rate are the most
appropriate parameters for the practical model system.

A practical distribution system

The RTS-based method is applied to practical distribution
systems inWakayamadistribution control center located in the
south of Kansai area. The total number of switches in the

rAve. obj. func. val.
X

- -O- - RTS(0.02)
097 r — ~— RTS(0.05)
0.965 1 _x I aT S(O- 1) 1 1
4 8 12 16 20 30
Initial Tabu length

Fig. 8 Comparison of TSand RTS.

system fed by the target transformer is 66. The method is
applied to various faults including distribution transformer
faults and compared with the conventional method, which is
now utilized in the actual operation. The RTS-based method
restored about 20 % larger area than the conventional system
for the transformer fault. It can restore 97% of the de-energized
area even in the transformer fault which can be considered as
one of the severe faults. The results indicate the efficiency of
the RTS-based method in practical operation.

VIlI. CONCLUSIONS

This paper has compared modern heuristic algorithms:
geneticalgorithm, parallel simulated annealing, tabu search, and
reactive tabu search, for service restoration in distribution
systems. The results can be summarized as follows:

(a) RTScangenerateonly local neighboring statesat moving to
the next states. However, the simulation results for typical
distribution systems and a practical distribution system
indicate that RTS can generate the most highly qualified
results.

(b) The computation time by RTS depends on the number of
evaluated neighboring statesat eachiteration. Accordingto
the results, RTS can realize the fastest computation
especially for practical servicerestoration. Therefore, RTSis
the best method for service restoration.

If the out-of-service area can not be restored only using
the power sources next to the area, multistage switching is
required to increase spare capacity of the neighboring power
sources [18]. Multistage switching is a large combinatorial
problem and we have much knowledge on the problem.
Therefore, expert system (ES) issuitablefor the problem. Onthe
contrary, decomposition of out-of-service area can be
formulated as a combinatorial optimization problem and it is
suitable for RTS as shown in this paper. We plan to develop a
practical service restoration using ES and RTS as one of the
future works. In such acase, therole of ESisto movetheinitial
configuration inside the feasible region in the solution space
[18]. Application of the proposed method with the function of



multistage switching to larger service restoration problems is
one of the future works.

It isimportant to consider load priority and reliability and
switching complexity in the service restoration. For example,
one of the ways to handle the load priority and reliability isto
utilizeweighted penalty termsintheobjectivefunction. Itisalso
important to consider switching complexity. Onesimpleway is
to minimize the difference of switching states between the
post-fault network and the target restored network. Another
way is to generate switching procedures and check each
switching sequences precisely. It istime-consuming and it may
not be suitable considering the current computer speed. The
consideration of these constraints are also one of the future
works.

Our final goal is to develop a network reconfiguration
method considering loss minimization and service restoration.
We have aready developed a GA-based network
reconfiguration method considering loss minimization using
three phase unbalanced load flow [20]. Weplan to integrate the
proposed method for service restoration and the loss
minimization method using RTS in the near future in order to
realize efficient and reliable operation of distribution systems.
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