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a b s t r a c t
This paper proposes a new algorithm to construct the optimal radial basic function (RBF) neural network
for fast restoration of distribution systems with load variations. Service restoration of distribution systems is to restore power to the blacked out but unfaulted area. Basically, it is a stressful and urgent task
that must be performed by system operators. In this paper, a new algorithm which combines orthogonal
least-squares (OLS) and enhanced differential evolution (EDE) methods is developed to construct the
optimal RBF network that shall further achieve the fast restoration of distribution systems. The proposed
scheme comprises training data creation phase and network construction phase. In the training data creation phase, a heuristic-based fuzzy inference (HBFI) method is employed to build the restoration plans
under various load levels. Then an optimal RBF network is constructed by OLS and EDE algorithms in the
network construction phase. Once the RBF network is constructed properly, the desired restoration plan
can be produced as soon as the inputs are given. The proposed method was tested on a typical distribution system of the Taiwan Power Company (TPC). Results show that the proposed method outperforms
the existing methods in terms of convergence performance and forecasting accuracy.
Ó 2011 Elsevier Ltd. All rights reserved.

1. Introduction
Service restoration of distribution systems is a complicated
combinatorial optimization problem that often has a great number
of candidate solutions to be selected by the system operators.
When a fault takes place, the blackout area and the number of customers affected depend heavily on the effectiveness of service restoration algorithm. Generally, the system operators including
those of TPC tend to restore the electricity power on the basis of
their existing knowledge and heuristic rules. However, owing to
a great number of feeder and lateral switches in a typical distribution system, it is not easy to restore an out-of-service area solely
depending on the past experiences of human operators. Therefore,
how to devise a fast and effective restoration plan with various
load levels is of major concern in this paper.
Many researches have been devoted to coping with the problems of service restoration. Knowledge-based expert system technique [1] has been employed to incorporate the experts’
experiences into the computer codes of service restoration. The
disadvantage of this technique is the difﬁculty in designing an efﬁcient inference engine from much of the knowledge. Combined
with the past experiences of humans, the heuristic search approach
[2,3] has been developed by the operators at many utilities
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including those of TPC in order to reach a proper restoration plan
in a short period.
Since the experts’ experiences and heuristic rules are often expressed in imprecise linguistic terms, the fuzzy reasoning approach
[4,5] was then proposed to achieve an efﬁcient inference for the
problem of service restoration. To deal with the problem of service
restoration with many conﬂicting objectives, the multiobjective
fuzzy reasoning approach was presented in [6,7].
In general, these techniques mentioned above can serve as a
useful tool to reach a proper restoration plan for a speciﬁc load demand. However, the related inference programs need to be rerun
when the system load varies. With the advantages of fast response
and real-time natures, the artiﬁcial neural network (ANN) method
has been used to solve the service restoration of distribution systems [8]. The ANN, however, still has the problem of slow convergence during training and the determination of network structure
is problem dependent. In addition, the learning algorithm used by
ANN to tune the weighting value in the network may easy to stall
at the local optimal points.
To reach the goal of fast restoration of distribution systems, a
systematical method which comprises training data creation phase
and network construction phase is developed in this paper. In the
phase one, a HBFI method [4] is employed to create the training
data of restoration plans under various load levels. Then the RBF
network evolved by OLS and EDE algorithms is used to train the obtained training data in the second phase. Once the RBF network is
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constructed properly, the desired restoration plan can be obtained
as soon as the inputs are given.
The RBF network consists of input, hidden, and output layer.
To simplify the network, the OLS algorithm [9] is used to determine
an adequate number of centers in the hidden layer. With an appropriate network structure, the EDE algorithm is then employed to
tune the parameters in the network, including the position and
width of RBF centers and the weights in the output layer. The proposed EDE combines DE algorithm [10] and ant system (AS) [11,12]
to construct the optimal RBF networks. By simulating natural evolution process, the classical DE has the fast convergence and parallel search natures. To further enhance the global search ability of
DE, an ant system was then employed to replace the selection operation in DE. Based on the fast convergence and global search ability,
the EDE offers more probability to converge towards a global solution than the existing methods.
The rest of the paper is organized as follows. In Section 2, the
fuzzy objectives are brieﬂy reviewed. Section 3 describes the proposed method to optimize the RBF network. In Section 4, test results of the proposed method by employing the TPC systems are
illustrated. Conclusions are given in Section 5.

inference through the fuzzy rules for solving the multi-objective
service restoration problem, a set of fuzzy variables should be assigned ﬁrst. In this paper, we focus the objectives of restoration
plan on following concerns [4]: (i) restore as much load within
the out-of-service area as possible, (ii) operate minimal number
of switches, and (iii) devices do not overload too much, if they
must be. The other objective such as maintaining radial system
structure is considered as system constraint. Deﬁnitions below
are the fuzzy objectives and their associated membership
functions.
2.1. Loads restored objective
The ﬁrst objective considered in this paper is to restore as much
load within the out-of-service area as possible. As depicted in
Fig. 2a, the associated membership function is denoted as

l1 ¼

8
>
<
>
:

1;

if RL P RLA

RL =RLA ; if 0 < RL < RLA
0;

ð1Þ

if RL ¼ 0

where RL represents the amount of loads actually restored and RLA
means the amount of total lateral loads in the out-of-service area.

2. Fuzzy objectives
To facilitate the description of service restoration, a simple
structure of TPC distribution system, as shown in Fig. 1, is introduced. It is observed that two outgoing feeders are designed to
be backed up for each other through a normally-open tie-switch.
Each feeder radially supplies several lateral lines to the customers.
In addition, each lateral load is backed up by a supporting lateral
from other feeders.
Assume that a fault takes place at point J on feeder F1. Circuit
breaker CB1 is tripped following the fault, which leaves all lateral
loads connected to F1 out-of-service. As soon as the fault location
is identiﬁed and isolated, the task of service restoration is to operate the tie-switch of supporting feeder as well as the supporting
lateral switches by the HBFI method. To achieve an effective

2.2. Switches operated objective
The second objective is to operate minimal number of switches.
As shown in Fig. 2b, the associated membership function can be expressed as

l2 ¼

8
>
<
>
:

if SW 6 SW

1;
S S

1  SW SW ; if SW < SW < SW
W

W

0;

ð2Þ

if SW P SW

where SW is the total number of switches operated, Sw and SW are
the possible minimal and maximal number of switching operations,
respectively.

Fig. 1. A simple structure of TPC distribution system.
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Fig. 2. The membership functions of the three objectives.

2.3. Devices overloaded objective

3.1. The RBF network

Since a light overload is rather common in daily operation of
TPC, the associated membership function of devices overload,
including supporting feeders and laterals, is depicted in Fig. 2c
which can be expressed as

The RBF network consists of three layers: an input layer, a single
layer of nonlinear transfer neurons, and an output layer. Fig. 3
shows the architecture of the RBF network. Based on the supervised learning method, the input and output layers are presented
with training pairs, each consisting of a vector from an input space
and a desired network response. Through a deﬁned learning algorithm, the error between the actual and desired response is minimized relative to some optimization criterions.
As shown in Fig. 3, the ith output node of the RBF network can
be expressed as

l3 ¼

8
>
<
>
:

1;

if DOL ¼ 0

1  DDOL

if 0 < DOL < DOL

0;

if DOL P DOL

OL

ð3Þ

where DOL represents the amount of overload for one particular device (feeder or lateral), DOL is the maximal allowable overload (in
Amperes). If several devices are overloaded, including supporting
feeders and supporting laterals, the resulted membership function
is the one that is obtained by the AND-operation of all the corresponding membership functions.
Based on the fuzzy objective as well as their corresponding
membership functions described above, the weighted-sum strategy is employed to determine the fuzzy objective value of the ith
feasible solution as follows.

~i ¼
Max l
i2W

3
X

wk  lk

ð4Þ

k¼1

where W denotes the set of feasible solutions on each optimization
process and wk is the weighting value of the kth objective. The optimal decision is the one with the largest fuzzy objective value in the
solution domain. Note that the weighting value wk in (4) is determined by the system operators. In this paper, the analytical hierarchy process (AHP) method [13] is used to help the operators obtain
the weighting value of each objective.
When the fuzzy objectives have been deﬁned, the HBFI method
is then employed to create the training data of restoration plans
under various load levels. A clear description of the general HBFI
method can be found in [4]. Due to the limit of space, it is not described in this paper.

Yi ¼

s
X

/k ðkx  c k kÞ  wik ;

i ¼ 1; 2; . . . ; m

ð5Þ

k¼1

where x 2 Rn1 is an input vector, ck 2 Rn1 are the RBF centers in
the input vector space, ||||2 denotes the Euclidean norm,
uk(x)(=exp(x2/r2)) is the Gaussian function of the kth center with
spread parameter r, and wik 2 Rms are the weights between hidden and output layers.
From (5) we see that there are four sets of parameters governing
the mapping properties of the network: the number of centers in
the hidden layer, the position of RBF centers, the width of RBFs,
and the weights in the output layer. In general, a sufﬁcient number
of centers are randomly chosen as a subset of the input space
according to the probability density function of the training data.
Then the stochastic gradient (SG) approach [9] is used to tune
the weights in the output layer. The disadvantage of this method
is that it is very difﬁcult to quantify how many numbers of center
should be adequate to cover the input vector space. Furthermore,

y1

y2

ym

Output layer ∑

∑

∑
W T ∈ ℜ m× S

3. Construction of optimal RBF network
When the training pairs of restoration plans under various load
levels have been set up by the HBFI method, an RBF network is
then employed to train the input/output data sets. Once the training data sets are learned properly, the desired restoration plan can
be automatically produced as soon as the inputs are given. In this
paper, a novel technique that combines OLS and EDE algorithms is
adopted to construct the optimal RBF network. Details of the proposed method to optimize RBF network are stated in the subsections that follow.

φ1

Hidden layer

φs

φ2

x−c

Input layer

x1

x2
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Fig. 3. The architecture of RBF network.
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the training algorithm is prone to fall into the local minimum. In
this paper, the OLS algorithm is employed to determine the number of RBF centers, the remainders are then tuned by using the
EDE algorithm.
3.2. Network simpliﬁcation using OLS algorithm

Y ¼ WT U þ E

ð6Þ
T

mS

where Y 2 R
is an output vector; W 2 R
is a weighting matrix; U 2 RS1 is a linear regression vector; and E 2 Rm1 is the vector of regression errors between the desired and actual network
outputs.
The linear regression vector U can be decomposed into the
product of a set of orthogonal basis vectors D and an upper triangular matrix A as follows.

2

U ¼ DA ¼ ½ d1 d2

1 a12
60 1
6
   dS 6
..
6 ..
4.
.
0 0

3

   a1S
   a2S 7
7
..
.. 7
7
.
. 5
 1

ð7Þ

T P
2
di di Sk¼1 dik

T

where D D = H = diag(h1, h2, . . ., hS), and hi ¼
is a diagonal element of matrix H.
Aggregating (6) and (7), the desired network outputs can be
rewritten as

Y ¼ DAW þ E ¼ DG þ E

ð8Þ

where G = AW. Since the Gram-Schmidt orthogonalization ensures
the orthogonality between E and DG, we have

Y T Y ¼ GT DT DG þ ET E ¼

S
X

hk g 2k þ ET E

ð9Þ

k¼1

P
where the term
hk g 2k represents the portion of the energy explained by the regression and gk is a regression vector.
As shown in (9), each term in the summation on the right size
represents an increment in the energy due to the inclusion of the
kth center or regression vector. Therefore, a criterion to select an
adequate number of RBF centers can be deﬁned as follows.

EkRR ¼

hk g 2k

ð10Þ

YT Y

where EkRR represents an index of error reduction ratio due to the use
of the kth RBF centers in a forward regression manner. At every
regression step, an adequate RBF center is selected so that the value
of EkRR is maximal.
As described above, the scheme using OLS to select an adequate
number of RBF centers can be summarized below.
Step 1: Let q = 1. Compute the error reduction ratio of the ith
center as

EiRR;1 ¼

hi g 2i

; ð1 6 i 6 nÞ

ð11Þ

n
o
¼ max EiRR;1 ; 1 6 i 6 n

ð12Þ

YTY

EiRR;q ¼

hi g 2i
YT Y

; ð1 6 i 6 n; i–i1 ; i–i2 ;    ; i–iq1 Þ

ð13Þ

Find

The OLS combines the Gram-Schmidt orthogonalization process
with the forward regression method to simplify the RBF network.
As shown in (5), the outputs of the RBF network can be viewed
as a regression model as follows.

m1

the square of the desired network outputs. In this step, select
c1 ¼ ci1 , c1 is the ﬁrst selected center.
Step k: Let q P 2. Compute

n
o
iq
ERR;q
¼ max EiRR;q ; 1 6 i 6 n; i–i1 ; i–i2 ; . . . ; i–iq1

ð14Þ

and select cq ¼ ciq .
Step k+1: Repeat step k. The regression is stopped at step S1
when

1

S1
X

EiRR;q < e

ð15Þ

i¼1

where 0 < e < 1 is a tolerance value determined by the operators.
3.3. The proposed EDE algorithm
3.3.1. The differential evolution algorithm
Based on the basic evolutionary strategies, DE achieves the ﬁttest individual after repeated initialization, mutation, recombination, and selection operations. The general scheme of the DE
algorithm is described as follows.
3.3.1.1. Initialization. Let pi = [pi1, pi2, . . ., piM] be a trial vector representing the ith individual (i = 1, 2, . . ., P) of the population to be
evolved, where P is the population size and M is the dimension
of each individual. The elements in vector pi represent the decision
variables (genes) which are randomly generated as follows.

Pij ¼ pij;min þ b  ðpij;max  pij;min Þ; j ¼ 1; 2;    ; M

ð16Þ

where pij represents the jth gene of the ith individual, pij,min and
pij,max mean the lower and upper bounds of pij, respectively, and b
represents the uniform random number between 0 and 1.
3.3.1.2. Mutation. The mutation operation is performed by adding a
differential vector to the parent individual as follows.

p0i ¼ pi þ fm  ðpia  pib Þ

ð17Þ

where pia and pib are the randomly selected individuals in the parent
population, ðpia  pib Þ is a differential vector, and fm 2 [0, 1] represents the mutation factor.
3.3.1.3. Recombination. In essence, the mutant individual in (17) is
a noisy replica of pi. When the population diversity is small, the
candidate individuals will rapidly gather together so that the individuals cannot be further improved. In order to extend the local
diversity of the mutant individuals, a recombination operation is
introduced as follows:

(
P0ij ¼

Pij ; if randij > Rr

ð18Þ

P0ij ; if randij 6 Rr

where pij is the jth gene of the ith individual before mutation, p0ij
represents the jth gene of the ith offspring individual after mutation, randij is a random number with normal distribution, and
Rr 2 [0,1] is a recombination factor. Eq. (18) indicates that each gene
of the ith individual is reproduced from the current gene pij or the
mutant gene p0ij .

Find
1
EiRR;1

where n is the number of the training input. Eq. (11) represents a
ratio of the portion of the energy explained by the regression to

3.3.1.4. Selection. Each offspring individual must compete against
its parent individual based on the ﬁtness values as follows:

p0i ðt þ 1Þ ¼



pi ðt þ 1Þ; if f ðpi ðt þ 1ÞÞ < f ðpi ðtÞÞ
pi ðtÞ

otherwise

ð19Þ
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where f(pi(t + 1)) and f(pi(t)) represent the ﬁtness values of the ith
individual at t + 1 and t iteration, respectively. As shown in (19), it
is observed that any parent individual will be replaced by its offspring individual if the ﬁtness value of the parent individual is
worse than that of its offspring individual. It means that the optimal
decision is the one with the lowest ﬁtness value in the solution
domain.
3.3.2. The ant system
The DE employs one-to-one competition to retain its offspring
that gives rise to a faster convergence rate. This faster convergence
may lead to a higher probability of obtaining a local optimum because the diversity of the population descends faster during the
optimization process. To increase the global search ability, an ant
system is employed to replace the selection operation in DE.
The ant system (AS) was ﬁrst applied to the traveling salesman
problem [11,12]. Informally, ants prefer to move to cities which are
connected by short distance with a high amount of pheromone.
However, the cities with short distance and high pheromone are
not absolutely selected by ants. Each ant generates a complete tour
by choosing the cities according to a probabilistic state transition
rule as follows.

~ i w
½si ðtÞc ½l
Pri ðtÞ ¼ PP
c ~ w
i¼1 ½si ðtÞ ½li 

ð20Þ

where si(t) is the pheromone concentration of the ith ant at tth iter~ i is the fuzzy objective value as denoted in (4), c and w are
ation, l
the weighting constants of both pheromone and fuzzy objective value, respectively.
In addition, the pheromone concentration is updated according
to the following formula:

si ðt þ 1Þ ¼ qsi ðtÞ þ Dsi

ð21Þ

where

(q

Dsi ¼

di

; if ith ant is better so far

0;

otherwise

ð22Þ

q is a pheromone decay parameter (0 < q < 1), q is a constant, and di
is the Euclidean distance. In this paper, di represents the ﬁtness value as denoted in (19).
3.4. Parameters adjustment using EDE
The EDE algorithm for tuning the position and width of RBF centers and the weights between hidden and output layers can be described in the following steps:
 Step 1: Randomly generate the initial parent trial vector pi,
pi = [pi1, pi2, pi3], where pi1 and pi2 represent the possible solutions of position and width of RBF centers, respectively, and
pi3 represents the weighting vector between hidden and output
layers. The elements of pi1, pi2, and the weighting vector pi3 can
be obtained by using (16).
 Step 2: Evaluate the ﬁtness value of each parent individual. In
this paper, the criterion of mean squared error (MSE) function
deﬁned below is adopted to stand for the ﬁtness value of the
RBF network.
m
1 X
^ i 2
MSE ¼
½y  y
m i¼1 i

ð23Þ

where yi is the ith computed output of the RBF network by using
^i is the corresponding actual output, and m is the number
(4), y
of network output nodes.

 Step 3: Execute the mutation and recombination operations
according to the mutation factor fm and recombination factor
Rr, as described in (17) and (18), respectively.
 Step 4: Proceed to calculate the ﬁtness value of each offspring
individual by using (23).
 Step 5: Perform the selection operation by using AS method
described in (20) to retain P sets of individual in the population.
 Step 6: Repeat steps 3–5 until the desired MSE value is obtained.
The solution with the lowest ﬁtness value is chosen as the best
individual in the RBF network that shall further be applied to
the fast restoration of distribution systems.
4. Numerical results
To demonstrate the performance of the proposed method, a
typical distribution system within the service area of Taipei West
District Ofﬁce of TPC [4], as shown in Fig. 4, is employed in this paper. The fast restoration scheme was implemented using the commercial MATLAB package. For comparison, the ANN [8] and the RBF
network evolved by stochastic gradient (GS) [9] and genetic algorithm (GA) [14] methods are also tested using the same database.
As described previously, the proposed fast restoration system
comprises training data creation phase and network construction
phase. For clarity, they are implemented individually in the following subsections.
4.1. Training data creation
In the training data creation phase, a HBFI method is employed
to achieve the task of service restoration under various load levels.
As shown in Fig. 4, suppose that one fault took place at point J located at feeder YD28. The circuit breaker CB2 was then tripped and
the faulted zone was isolated that left lateral loads from LAT1 to
LAT9 out-of-service. Since LAT9 is not equipped with supporting
lateral, it must be supplied power from the supporting feeder
YE29. In this phase, our goal is to set up the restoration plans for
restoring these lateral loads under various load levels.
As shown in Fig. 2, three objectives including loads restoration,
switches operation, and devices overload are considered. Since
there are nine lateral loads to be restored, the parameter RLA, as
shown in Fig. 2a, is set at 9. The operation switches of SW and SW
depicted in Fig. 2b are set at 3 and 17, respectively. In addition,
the rated capacities for feeder and laterals are 450 A and 100 A,
respectively. But in the daily operation of TPC, overloads of 10%
and 20%, for feeders and laterals, respectively, are allowed. Therefore, the parameters of DOL depicted in Fig. 2c for feeder and lateral
are set at 45 A and 20 A, respectively. Besides, the weighting values
of these three objectives (loads restoration, switches operation,
and devices overload) obtained by AHP method are 0.5396,
0.2970, and 0.1634, respectively.
The input data to the network can be deﬁned as follows.

x ¼ ½x1 ; x2 ; . . . ; x9 jx10 

ð24Þ

where x1–x9 are the lateral loads (in ampere) from LAT1 to LAT9 and
x10 represents the capacity margin of the supporting feeder. The elements of the vector x can be normalized according to the following
equation:

x0i ¼ 0:1 þ 0:8 



xi  xi;min
xi;max  xi;min


ð25Þ

where xi,min and xi,max are the minimal and maximal value of xi
(i = 1, 2, . . ., 10), respectively. The outputs of the training network
are deﬁned as follows.

Y ¼ ½y1 ; y2 ; . . . ; y9 jy10 T

ð26Þ
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Fig. 4. A typical TPC distribution system.

where yi = 0 (i = 1, 2, . . ., 10) if the ith normally-open lateral (or feeder) switch is open, whereas yi = 1 if the ith normally-open lateral
(or feeder) switch is closed. Note that yi = 1(i = 1, 2, . . ., 9) represents
the ith lateral load can be restored by the supporting lateral.
Table 1 shows the basic data of pre-faulted lateral loads and
feeders. The values in the table represent the rated capacity of current prior to the outage. Because there are too many lines and components in a distribution system, it is not economically justiﬁable to
install real-time monitoring and control devices everywhere along
feeders and laterals. Even when the distribution automation project
in TPC is completed, only feeder loads will be monitored. Due to the
lack of real-time information on the distribution system, only the total feeder current recorded at substations is available. Therefore, the
other important issues such as maintaining frequency and voltage
magnitude constraints will not be investigated in this paper.
Based on the HBFI method, the restoration plans are obtained
by varying different load levels. These load levels are deﬁned in
such a way that they should cover all of the possible load conditions. In this paper, a total of 200 samples are created under different load levels, where 150 samples are used for training and the
other 50 samples are provided for testing.
4.2. Network construction
In the network construction phase, some parameters should be
set ﬁrst. The ANN method had a four-layer architecture (ten input

nodes, 50 hidden nodes in the second layer, 25 hidden nodes in the
third layer, and ten output nodes), a learning rate of 0.05, a
momentum constant of 0.85, and was trained by 5000 iterations.
For the RBF network, an OLS algorithm is used to simplify the
RBF network. Fig. 5 depicts the trend of MSE versus the number
of RBF centers. As noted, when the number of centers rises, the
MSE value decreases progressively. In this case, 101 centers are
chosen to perform the exact mapping of all 150 centers, as given
in Fig. 6. With the same network structure, the proposed EDE
and the other methods are employed to tune the network parameters, including the position and width of RBF centers and the
weights in the output layer.
As described above, the RBF network contains ten input nodes,
101 hidden nodes, and ten output nodes. The mutation factor fm
and recombination factor Rr for EDE are set at 0.05 and 0.80,
respectively. The same values are set for the GA method.
Fig. 7 depicts the optimization processes of the best ﬁtness value obtained by different methods. After 19 iterations, the proposed EDE converges toward the best one, while the GA and ANN
methods need about 45 and 215 iterations, respectively. Note that
the conventional SG method cannot reach the desired ﬁtness value
after 5000 iterations. The ﬁgure reveals that the proposed EDE converges faster than the other methods.
Table 2 shows the comparison results of different methods. The
column of accuracy for 150 training data indicates that the 150
training samples are used to verify the constructed network,

Table 1
Basic data of pre-faulted lateral loads and feeders.
Laterals
(Ampere, A)
Supporting lateral
(Ampere, A)
Feeders
(Ampere, A)

LAT1
35
LAT10
51
YD28
346

LAT245

LAT331

LAT417

LAT11
39
YD25
240

LAT12
46
YC22
220

LAT13
37
YC27
260

LAT5
54
LAT14
34
YE26
250

LAT6
61
LAT15
38
YE29
175

LAT7
51
LAT16
23

LAT8
25
LAT17
80

LAT9
20
None
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Table 2
Comparison results of different methods.

0.4
0.35

MSE Value

0.3
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0.2

Error reduction ratio=0.20

0.15
a
b

Error reduction ratio=0.55

0.1

c
d

Error reduction ratio=0.96

0.05
0

50

100

150

No. of Centers
Fig. 5. Trend of MSE versus the number of RBF centers.
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Fig. 6. Distribution of initial (150) and selected 101 RBF centers.

Mean Square Error (MSE)

Accuracy for 150 training
data (%)

Accuracy for 50 testing
data (%)

ANNa method
SGb-based RBF
network
GAc-based RBF
network
EDEd-based RBF
network

100
76.67

84
74

100

90

100

98

Artiﬁcial neural network.
Stochastic gradient.
Genetic algorithm.
Enhanced differential evolution.

Table 3
Training time for historical training data (100 trials with different random numbers).
Method

Ave. (s)

Min. (s)

Max. (s)

Max.–Min. (s)

ANN method
GA-based RBF network
EDE-based RBF network

90.75
38.50
9.05

84.25
36.60
9.00

93.66
39.50
9.12

9.41
2.90
0.12

Note: The SG-based RBF network method cannot converge after 5000 iterations.

0.9

10

Methods

x 10

whereas the column of accuracy for 50 testing data represents that a
total of 50 additional samples are employed to assess the forecasting capability of diverse methods. To show the convergence performance of different methods, 100 trials with diverse random
numbers are executed. Table 3 shows the historical training time
obtained by different methods. Obtained from Tables 2 and 3,
it is observed that the proposed EDE can provide better characteristics in terms of forecasting capability and convergence
performance.
Once the networks are trained properly, the best restoration
plan can be obtained as soon as the inputs are given. Table 4 shows
the restoration plans obtained by different input vectors. As shown
in case I, the advantage of less operation switch is achieved by the
proposed EDE at the cost of overload on the supporting feeder of
YE29 (8A). In case II, the same fuzzy objective value is obtained
by the proposed and other methods. In case III, the ANN reaches
the restoration plan with the cost of nine operation switches, while
the GA and proposed EDE need only seven operation switches. In
addition, a larger overload is taken plan on the supporting feeder
of YE29 (11A) by the GA method.
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5. Conclusions

8

A new algorithm which combines OLS and EDE algorithms has
been developed to construct the optimal RBF network for fast restoration of distribution systems under various load levels. Four
main contributions are provided as described below.
The proposed approach provides an effective method to simplify the structure of the RBF network.
With the enhanced evolution strategies, the proposed EDE provides more efﬁcient ﬁtting and forecasting capabilities than SG and
GA methods based on the same network structure.
The proposed approach can cope with the restoration problem
with load variations.
After the RBF network is constructed properly, the desired outputs of restoration plan can be produced extremely fast as soon as
the inputs are given.
Although this paper only provides the results of restoration plan
with the fault that takes place on feeder yd28, the proposed

7
6
5

SG-based RBF network method

4

ANN method

3

GA-based RBF network method

2

EDE-based RBF network method

1
0

50

100

150

200

250

Epochs
Fig. 7. Optimization processes of different methods.
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Table 4
Restoration plans obtained by different input vectors.
Input vector (x)
Case I:
x = [42, 52, 38, 24, 61, 68, 58, 32, 27, |275]T

Case II:
x = [32, 42, 28, 14, 51, 58, 48, 22, 17, |275]T
Case III:
x = [48, 58, 44, 30, 67, 74, 64, 38, 33, |275]T

Restoration plan
Method

Operated switches

ANN

Tie-Switch, SW3, SW3, SW5, SW5, SW7, SW7

Load
unrestored
None

Overload

GA

Tie-Switch, SW4, SW4, SW5, SW5, SW7, SW7

None

None

0.9151

EDE

Tie-Switch, SW5, SW5, SW7, SW7

None

YE29(8A)

0.9285

ANN

Tie-Switch, SW5, SW5

None

None

1.0000

GA

Tie-Switch, SW6, SW6

None

None

1.0000

EDE

Tie-Switch, SW6, SW6

None

None

1.0000

ANN

Tie-Switch, SW1, SW1, SW2, SW2, SW3, SW3, SW4,

None

YE29(1A)

0.8691

None

Fuzzy objective
value
0.9151

SW4
GA

Tie-Switch, SW1, SW2, SW2, SW2, SW7, SW7

None

YE29(11A)

0.8752

EDE

Tie-Switch, SW2, SW2, SW5, SW5, SW7, SW7

None

LAT14(1A)

0.9151

method is also adequate for dealing with the faults that occur on
the other locations.
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