INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 4, ISSUE 05, MAY 2015

ISSN 2277-8616

Short Term Load Forecasting Using A Hybrid
Model Based On Support Vector Regression
Aliasghar Baziar, Abdollah Kavousi-Fard
Abstract: This paper proposes a new hybrid method based on support vector regression (SVR) to predict the load value of power systems accurately.
The proposed method will use the SVR to overcome some deficiencies such as overfitting and complicated structure that exist in the neural network. In
order to find the optimal values of the parameters, krill herd (KH) algorithm is used as the optimizer. The KH algorithm can explore the problem search
space for reaching the best structure for the SVR when training. In order to check the performance and accuracy of the proposed hybrid method, the
empirical load data from the Fars Regional Company are used as the test data. The simulations show the high reliable and accuracy of the proposed
method.
Index Terms: Support Vector Regression (SVM), Krill Herd (KH) Algorithm, Short Term Load Forecasting (STLF).
————————————————————

1 INTRODUCTION
Precise load forecasting problem is a precarious subject to
make use of the limited energy sources with the maximum
efficacy. In the area of energy increment and power systems
operation or planning, overestimation of the load value can
result in overconservative operation (unnecessary energy
acquisition) while underestimation would give rise to overrisky
operation (Operating in susceptible area) [1]. By definition,
short term load forecasting (STLF) fit in the time horizon of
one hour to one week [2]. Understanding the reputation of
proper load forecasting created numerous explorations in
latest years to reach more reliable forecasting devices.
Theoretically, STLF techniques are classified into two chief
categories [3]: 1) statistical or parametric models & 2) artificial
intelligence techniques. Amongst the greatest statistical
models, time series (autoregressive moving average models)
[4], regression models (linear or piecewise-linear) [5], data
mining approaches [6], Kalman filter [7], and state space
method [8-9] are prominent. In the time series models, the
utmost prevalent is ARIMA model. Nevertheless, with the high
complexity of the new forecast data such as power system
load consumption, these techniques are not a yet reliable
method anymore. Therefore, the transition from the linear
models to the nonlinear models seems necessary. In the class
of artificial intelligence based techniques, genetic algorithms
(GAs) [10], expert systems [11], artificial neural networks
(ANNs) [12], Fuzzy systems [13], Neuro-Fuzzy systems [14]
and support vector regression (SVRs) [15] are noticeable.
Among these techniques, SVR is the most successful method
since it could overcome some deficiencies that exist in the
other methods. For example, in the face of complex data, the
ANN structure becomes complicated and thus the overfitting
phenomenon will happen. Similarly, the fuzzy based methods
require the experience of experts for modeling the load data
[16-18]. The SVR model uses the structural risk minimization
(SRM) idea in place of empirical risk minimization (ERM) (in
ANN) to decline an upper bound on the simplification error.

Some of the applications of SVR can be found in financial
problems [19], software reliability forecasting [20], wind speed
forecasting [21], rainfall forecasting [22] and electrical load
[23]. According to the above discussion, this paper proposes a
new forecast model based on SVR to model the nonlinear
behavior of the load value in the power systems. In order to
reach the most efficiency, the parameters of the SVR should
be adjusted. In this way, a new optimization algorithm based
on krill herd (KH) is proposed to find the optimal values of the
kernel function parameter as well as the hyper plane
parameters. KH algorithm is a metahuristic optimization
algorithm that mimics the behavior of krill animals in the sea
[24]. KH is constructed using the crossover and mutation
operators from the GA and thus can be a reliable method in
comparison to other evolutionary algorithms. The proposed
hybrid method shows a hybrid procedure for first training the
SVR using the KH and then using it for modeling any nonlinear
data. In order to check the performance of the proposed hybrid
method, the practical load data of 400 kV substation of Fars
Regional Company in 2009 are used.

2. Support Vector Regression
The term SVR model is constructed using its capability to
model the nonlinearity of the data in the higher dimension. In
order to describe the SVR model, suppose the input data

( xi , yi )

N

in which N is the number of the training points. One

nonlinear mapping φ (.) from the input space to a new space
with a higher dimension is stated as  (.) :    h .
Theoretically, it is proved that there is a linear function f in the
higher dimension that can learn the nonlinear relationship
between the input and output data. The linear function f is
called SVR as follows:
n
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Where W ( W nh ) and b( b  ) are adjusting parameters
of the SVR function. The coefficient W and b are calculated
using the below optimization:
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Where  ( yi , f ( xi )) is the ε-insensitive loss function as
follows:

| f ( x)  y |  ; | f ( x)  y | 
 ( y, f ( x))  
; Else
0

(3)

Once SVR tries to diminish the overhead equation by reducing
the training error, it will explore for the best hyper plane too (as
shown in Fig. 1). This mixture is formulated as follows:
N
1
MinW ,b, *, R (W ,  *,  )  W T W  C  (i * i )
2
i 1

(4)

In the above equation, the first term stops big weighting factors
when preserving the regression function flatness. The second
term reprimands the training error by the use of ε-insensitive
loss function. Likewise, C is the balance constant to exchange
two terms. According to Fig. 1,  i is the training error bellow –ε
and i * is the training error above the + ε. The resultant
constraints are as follows:
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3. Krill Herd Algorithm
This section describes the KH algorithm as a powerful
optimization algorithm. KH was introduced first in 2012 as a
nature inspired optimization method that mimics the behavior
of krill search for the food [24-25]. In comparison to other
algorithms such BA [26], CSA [27-29], HS [30-31], FA [32-34],
TLBO [35-36], CA [37], HBMO [38-42], PSO [43-44] and fuzzy
[46]; KH algorithm is simple, has fast convergence ability and
provides proper balance between the local and global
searches. The main structure of the KH algorithm can be
formulated using three ideas of: 1) induction, 2) foraging and
3) random diffusion that are explained below:
- Induction movement: This movement simulates the impact
of dissimilar krill on each other. It is evident that the greatest
consequence is induced by the nearby krill. In this way, the
speed of ith krill at mth iteration is modernized like this [25]:

The value of W can be evaluated as follows:
N

W   ( i*  i ) ( xi )

Fig. 1. The conceptual illustration of SVR model: a) data input
in the original nonlinear input space, b) conversion to a linear
problem in a higher dimension problem & 3) ε-insensitive loss
function

(6)
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Where  i* and  i are Lagrangian multipliers. Now, the SVR
function is reformulated in the dual space as below:
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K ( xi , x)   ( xi )   ( x j )
where K(xi,x) is the kernel function. It may be useful to say that
any function which satifies Mercer’s condition [25] can be
utilized as the kernel function. Also, the kernel function is
computed by the inner product of φ(xi) and φ(xj). Among
different types of kernel functions, Gaussian radial basis
function (RBF) as the result of simple implementation, ability of
nonlinear mapping is the most popular. The RBF function is
mathematically shown as below:

Where αind,i is attractive/repulsive tendency factor , Vindmax is
maximum induced velocity , ωind is inertia of induction and  is
small positive number. Also, Itermax is maximum iteration and
rand is a random number. The krill Xj is in the adjacent
distance of krill Xi if it is inside this radius [25]:
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X

i

Xj

(11)
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where Np is Number of the number of population.

K ( xi , x j )  exp(0.5 xi  x j

2

/ 2)

Where σ is the standard deviation parameter.

(8)

- Foraging movement: This movement simulates the effort of
the krill for finding food based on their last experiences and
the location of the food as follows [17]:
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where Vfrg,imis foraging velocity of ith krill at mth movement, ωfrg
is the inertia of foraging motion.

Evaluating the objective

- Diffusion movement: This movement simulates a random
distributed drive for the krill as follows:
m
Vdiff
,i    diff

Motion Calculation:
1) Induced Motion
2) Foraging Motion
3) Physical Diffusion

(13)

Here υ is distributed uniformly [-1, 1] and ωfrg is the inertia of
diffusion motion. According to the above three movements, the
position of the krill population can be renewed as follows:
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Move the population
using crossover and
mutation operators

(14)

No

m
 Vdiff
,i

If iteration criterion
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Where Nv is the number of krill in the surrounding distance and
uj / lj is upper/lower bound of jth control variable. The
surrounding distance for each krill is shown in Fig. 2. Also, the
flowchart of the KH algorithm is shown in Fig. 3.

Best Solution

Finish

Fig. 3: Flowchart of KH algorithm.

4. Application Procedure
The below steps are required to solve the proposed problem:
1- Input data including the load sample data, SVR parameters,
the KH data such as the size of population and the termination
criterion.
2- Generate the initial KH population. The optimal values of
the SVR parameters including the kernel function (σ) and the
optimal hyper plane parameters (C & ε) are determined by KH.
Therefore, each krill is an individual that shows the optimal
value for the SVR parameter as follows:
Fig. 2: Schematic diagram of sensing distance around each
krill.

X i  [C ,  ,  ]

(15)

3- Calculate the fitness function for the krill. In order to see the
satisfying performance of the proposed method over the other
well-known methods in the area, the below criteria are utilized.
Here Nes is the number of data which is predicated.
- Relative percentage error:

i % 

y  y
i
i
yi

100, i  1, 2,..., Nes

(16)

- Mean absolute percentage error (MAPE):
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MAPE % 

1
Nes

Nes


i 1

(17)

i

TABLE 1.COMPARISON OF RELATIVE PERCENTAGE ERROR (∆) FOR
DIFFERENT METHODS

- Root mean square error (RMSE):

1
RMSE 
N es


i 1

(18)

- Mean absolute error (MAE):

MAE 

1
Nes

Nes

 y
i 1

Day

ARIMA
model
∆i %

ANN
∆i %

SVR
∆i %

SVRPSO
∆i %

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

2.233
0.089
1.850
4.220
2.430
2.110
3.580
0.743
6.854
2.189
1.998
1.053
6.410
0.493
2.397
3.918
5.146
0.900
0.355
1.016
0.755
3.322
3.774
3.943
0.989
1.112
1.485
1.123
2.789
1.789

0.879
1.362
2.425
2.100
1.702
2.614
2.726
7.825
3.044
0.079
1.242
6.892
0.162
0.541
2.849
3.726
1.003
0.183
0.237
1.264
0.854
3.283
3.068
1.947
1.230
1.862
0.289
0.600
1.881
0.828

1.992
1.200
0.805
1.427
0.922
0.898
0.858
0.125
8.336
6.079
1.369
1.472
1.732
1.266
3.036
2.165
0.379
0.507
3.170
1.183
2.803
1.156
3.685
0.368
0.518
0.879
0.117
0.818
0.229
4.644

1.4614
3.4033
2.5701
1.5273
1.6614
2.5068
1.7150
4.1528
0.2484
2.8603
0.1332
1.5950
4.1190
1.9911
0.6239
1.3919
0.0712
3.3918
0.7443
0.2831
0.9391
0.5913
0.7931
2.8410
3.9594
0.2286
0.7241
3.0529
0.7848
1.7766

Nes

2
i

i

 yi

(19)

- Maximum absolute relative percentage error (MARPE):

MARPE  max(100 

y  y
i
i
yi

), i  1, 2,..., N es

(20)

In this paper, MAPE is used as the forecast criteria.
4- Choose the best krill as Xb and store it. The best krill is the
one with the least value of MAPE.
5- Update the krill population using the three steps describes
in the last part.
6- Update the position of Xb.
7-Check the termination criterion, if satisfied finish the
algorithm. Otherwise, return to step 5.

5. Simulation Results
In this section, the performance of the proposed hybrid
method is examined using the practical data samples from the
Fars Regional Power Company. In this way, the data are
divided into three parts of 1) training data, 2) validation data
and 3) test data. The data belong to the 2009 [46]. For
showing the appropriate performance of the proposed hybrid
method, the results of other methods such as ARIMA, ANN
and SVR (alone) and SVR-PSO are calculated and shown
here. The input data set is the day-to-day peak load of eight
weeks earlier the forecasting day. The test data is the last
month of the data sample. All the simulation results are
implemented in MATLAB 7.10.0 software on a Pentium-IV
2.67-GHz personal computer. It is worth noting that after the
optimization, the optimal values of the SVR parameters are
C=672, ε=0.23 and σ =0.806. Here, the termination criterion is
assumed to be 100 iterations to avoid high computational
burden. Table 1 shows the relative percentage error (∆) for
different methods. As it can be seen from Table 1, the
proposed hybrid method has reached to lower percentage
error in most of the forecast days.

ISSN 2277-8616

The
Proposed
Hybrid
Method
1.2747
1.8028
1.8901
1.1232
1.2218
1.8436
1.2613
2.8541
0.9327
2.1035
0.4803
1.1730
2.1292
1.4643
0.9588
1.1236
0.2224
1.4944
0.5474
0.3082
0.6906
0.4349
0.8833
1.3893
1.9118
0.3681
0.5325
1.8351
0.5771
1.3065

In Table 2, the simulation results of the forecast criteria are
shown comparatively. From this table, it is seen that the
proposed method has reached to much better forecast values.
From the view of MAPE, low value of the average forecast
value demonstrates the high robustness of the method. Also,
lower value of RMSE shows the high reliability of the proposed
method.
TABLE 2. RESULTS OF FORECASTING CRITERIA EVALUATED BY
DIFFERENT METHODS
Method
ARMA model (Alone)
ANN
SVR
SVR-PSO
The
Proposed
Hybrid
Method

MAPE
(%)
2.3001
1.9569
1.8051
1.7381
1.27046

MARPE

RMSE

MAE

6.8549
7.8251
8.3365
4.1525

2.8731
2.6396
2.5667
2.1399

34.0608
28.8032
26.1718
24.0145

2.8541

1.3618

17.9651

Finally, Fig. 4 shows the forecast curve along with the actual
load data value for the last month of the data sample. As it can
be seen from this figure, the proposed method could follow the
actual load data suitably. Accordingly, the proposed hybrid
method can give more dependable results over the other
popular forecasting methods such as ARIMA, ANN and SVR
model.
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[7] Al-Hamadi, H. M. and Soliman, S. A. (2004), ‘Shortterm electric load forecasting based on Kalman
filtering algorithm with moving window weather and
load model’, Elect. Power Syst. Res., 68(1), 47–59.
[8] Senjyu, T., Sakihara, H., Tamaki, Y., and Uezato, K.
(2000), ‘Next day peak load forecasting using neural
network with adaptive learning algorithm based on
similarity’, Elect. Mach. Power Syst., 28(7), 613–624.
[9] Box, G. E. P. and Jenkins, G., ‘Time Series Analysis,
Forecasting and Control’, San Francisco, CA: HoldenDay, 1970.
[10] Alamaniotis, M., Ikonomopoulos, A. (2012), ‘L.H.
Tsoukalas, Evolutionary Multiobjective Optimization of
Kernel-Based Very-Short-Term Load Forecasting’,
IEEE Trans. Power Syst., 27(3), 1477 - 1484

Fig. 4. Load forecasting results by the proposed hybrid
method

6. Conclusion
This paper proposed a hybrid method based on SVR and KH
algorithm to predict the load data with more accuracy. The
proposed method uses the KH algorithm to adjust the kernel
function (σ) and the optimal hyper plane parameters (C & ε)
optimally. Therefore, in the first step, by the use of the training
data, the SVR model is trained. Here, the KH algorithm is used
in an iterative manner to optimize the SVR parameters. In the
second step, the optimized SVR is used for forecasting the
load data. The simulation results on the practical sample data
shows the high accuracy of the proposed method for
forecasting the data. Also, it is deduced that the reliability and
robustness of the proposed method is more demanding than
the other method. Last but not least, the computational burden
of the proposed method effectively nothing.

References:
[1] Fan, S., Chen L. and Lee, W.J. (2009), ‘Short-Term
Load Forecasting Using Comprehensive Combination
Based on Multimeteorological Information’, IEEE
Trans. on Indus. Appl. 45(4), 1460-1466.
[2] Amjady, N. (2007), ‘Short-Term Bus Load Forecasting
of Power Systems by a New Hybrid Method’, IEEE
Trans. on Power Syst. 22(1) (2007) 331-341.
[3] Khosravi, A., Nahavandi, S. and Creighton, D. (2010),
‘Construction of Optimal Prediction Intervals for Load
Forecasting Problems’, IEEE Trans. on Power Syst,
25(3), 1493-1503.
[4] Huang, S.-J. and Shih, K.-R. (2003), ‘Short-term load
forecasting via ARMA model identification including
non-Gaussian process considerations’, IEEE Trans.
Power Syst. 18(2), 673–679.
[5] Papalexopoulos, A. and Hesterberg, T., (1990) ‘A
regression-based approach to short-term system load
forecasting’, IEEE Trans. Power Syst. 5(4), 1535–
1547.

[11] Kim, K.-H., Park, J.-K., Hwang, K.-J., and Kim, S.-H.
(1995), ‘Implementation of hybrid short-term load
forecasting system using artificial neural networks and
fuzzy expert systems’, IEEE Trans. Power Syst.,
10(3), 1534–1539.
[12] Yun, Z., Quan, Z., Caixin, S., Shaolan, L., Yuming, L.,
and Yang, S. (2008), ‘RBF Neural Network and
ANFIS-Based
Short-Term
Load
Forecasting
Approach in Real-Time Price Environment’, IEEE
Trans. on Power Syst, 23(3), 853-858.
[13] Liao, G.-C. and Tsao, T.-P. (2006), ‘Application of a
fuzzy neural network combined with a chaos genetic
algorithm and simulated annealing to short-term load
forecasting’, IEEE Trans. Evol. Comput., 10(3), 330–
340.
[14] Ying, L.-C. and Pan, M.-C. (2008), ‘Using adaptive
network based fuzzy inference system to forecast
regional electricity loads’, Energy Convers. Manage.,
49(2), 205–211.
[15] Li, Q., Meng, Q., Cai, J., Yoshino, H., Mochida, A.
(2009), ‘Applying support vector machine to predict
hourly cooling load in the building’, Applied Energy
86, 2249–2256
[16] Wang, W., & Men, C. Q. (2008),’ Online prediction
model based on support vector machine’,
Neurocomputing, 71, 550–558.
[17] Chapelle, O., & Vapnik, V. (2001),’ Choosing multiple
parameters for support vectors machines’, New York:
AT&T Research Labs.
[18] Hong, W.C. (2009), ‘Chaotic particle swarm
optimization algorithm in a support vector regression
electric load forecasting model’, Energy Conversion
and Management 50, 105–117

[6] Wu, H. and Lu, C. (2003), ‘A data mining approach for
spatial modeling in small area load forecast’, IEEE
Trans. Power Syst., 17(2), 516–521.
193
IJSTR©2015
www.ijstr.org

INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 4, ISSUE 05, MAY 2015

ISSN 2277-8616

[19] Pai, P.F., Lin C.S. (2005), ‘A hybrid ARIMA and
support vector machines model in stock price
forecasting’, Omega, 33(6), 497–505.

multi-objective environmental/economic dispatch,
Journal of Intelligent & Fuzzy Systems, 26(6) (2014),
pp. 2817-2823

[20] Pai P.F, Hong W.C. (2006), ‘Software reliability
forecasting by support vector machines with
simulated annealing algorithms’, J Syst Software,
79(6), 747–55.

[32] A. Kavousi-Fard, T. Niknam, Optimal Stochastic
Capacitor Placement Problem from the Reliability and
Cost Views using Firefly Algorithm, IET SMT, vol. 8(5),
pp. 260 – 269, 2014

[21] Mohandes, M.A, Halawani, T.O, Rehman, S.,
Hussain, A.A. (2004), ‘Support vector machines for
wind speed prediction’, Renew Energy, 29(6), 939–
47.

[33] A. Kavousi-Fard, H. Samet, F. Marzban, A New Hybrid
Modified Firefly Algorithm and Support Vector
Regression Model for Accurate Short Term Load
Forecasting, Expert Systems With Applications,
41(13) (2014) 6047–6056

[22] Hong W.C, Pai P.F. (2007), ‘Potential assessment of
the support vector regression technique in rainfall
forecasting’, Water Resour Manage, 21(2), 495–513.
[23] Pai P.F, Hong W.C. (2005),’ Forecasting regional
electric load based on recurrent support vector
machines with genetic algorithms’, Electric Pow Syst
Res,74(3), 417–25
[24] M. Rostami, A. Kavousi-Fard, and T. Niknam,
Expected Cost Minimization of Smart Grids with Plugin Hybrid Electric Vehicles Using Optimal Distribution
Feeder Reconfiguration, IEEE Trans. on Industrial
Informatics (2015) 11(2) 388 – 397
[25] A.
Kavousi-Fard, A.Abunasri, A.
Zare,
R.
Hoseinzadeh, Impact of Plug-in Hybrid Electric
Vehicles Charging Demand on the Optimal Energy
Management of Renewable Micro-Grids,78 Energy,
2014, 904-915.
[26] A. Kavousi-Fard, A. Khosravi, S. Nahavadi, A New
Fuzzy Based Combined Prediction Interval for Wind
Power Forecasting, IEEE Trans. on Power System
(2015)
[27] A. Kavousi-Fard, T. Niknam, Optimal Distribution
Feeder Reconfiguration for Reliability Improvement
Considering Uncertainty, IEEE Trans. On Power
Delivery, 29(3) (2014) 1344 - 1353
[28] A. Kavousi-Fard, T. Niknam, M.R. Akbari-Zadeh, B.
Dehghan, Stochastic framework for reliability
enhancement using optimal feeder recon ﬁguration,
Journal of Systems Engineering and Electronics Vol.
25, No. 5, August 2014, pp.901–910
[29] A. Kavousi-Fard, T. Niknam, H. Taherpoor, A. Abbasi,
Multi-objective
Probabilistic
Reconfiguration
Considering Uncertainty and Multi-Level Load Model,
IET SMT, vol 9 (1), 2015, pp.44-55
[30] A. Kavousi-Fard, T. Niknam, M. Khooban, An
Intelligent Stochastic Framework to Solve the
Reconfiguration Problem from the Reliability view, IET
SMT, 8(5), 2014, p. 245 – 259
[31] A. Kavousi-Fard, A. Abbasi and A. Baziar, A novel
adaptive modified harmony search algorithm to solve

[34] A. Kavousi-Fard, T. Niknam, M. Golmaryami, Short
Term Load Forecasting of Distribution Systems by a
New Hybrid Modified FA-Backpropagation Method,
Journal of Intelligent and Fuzzy systems, 2014 (26)
517-522
[35] A. Kavousi-Fard, T. Niknam, A. Khosravi, MultiObjective
Probabilistic
Distribution
Feeder
Reconfiguration Considering Wind Power Plants,
International Journal of Electrical Power and Energy
Systems, 2014 (55) 680-691
[36] A. Kavousi-Fard, A new fuzzy-based feature selection
and hybrid TLA–ANN modeling for short-term load
forecasting, Journal of Experimental & Theoretical
Artificial Intelligence, 25(4) 2013, 543-557
[37] A. Kavousi-Fard, F. Kavousi-Fard, A New Hybrid
Correction Method for Short Term Load Forecasting
Based on ARIMA, SVR and CSA, Journal of
Experimental & Theoretical Artificial Intelligence, 25(4)
2013, 559-574
[38] A. Kavousi-Fard, T. Niknam, Considering uncertainty
in the multi-objective stochastic capacitor allocation
problem using a novel self adaptive modification
approach, Electric Power Systems Research, 103,
2013, 16-27
[39] A.
Kavousi-Fard,
H.
Samet,
Multi-objective
Performance Management of the Capacitor Allocation
Problem in Distributed System Based on Modified
HBMO Evolutionary Algorithm, Electric Power and
Component systems, 2013 ,41 (13) 1223:1247
[40] A. Kavousifard, H. Samet, Power System Load
Prediction Based on MHBMO Algorithm and Neural
Network, IEEE Conference on Electrical Engineering
(ICEE), 2011, pp. 1-8, Iran
[41] A. Kavousi-Fard, A. Khosravi, S. Nahavandi: A novel
fuzzy multi-objective framework to construct optimal
prediction intervals for wind power forecast. IEEE
Conference, IJCNN 2014: 1015-1019
[42] A. Baziar and A. Kavousi-Fard, An intelligent multiobjective stochastic framework to solve the
distribution
feeder
reconfiguration
considering
194

IJSTR©2015
www.ijstr.org

INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 4, ISSUE 05, MAY 2015

ISSN 2277-8616

uncertainty, Journal of Intelligent & Fuzzy Systems,
26 (2014) pp. 2215–2227
[43] R. Sedaghati, A. Kavousi-Fard, A hybrid fuzzy-PEM
stochastic framework to solve the optimal operation
management of distribution feeder reconfiguration
considering wind turbines, Journal of Intelligent and
Fuzzy Systems 26 (2014) 1711-1721.
[44] A. Baziar, A. Kavousi Fard, Consideration Effect of
Uncertainty in the Optimal Energy Management of
Renewable Micro-Grids including Storage Devices,
Renewable Energy 59 (2013) 158-166, 2013.
[45] A. Kavousifard, H. Samet, Consideration effect of
uncertainty in power system reliability indices using
radial basis function network and fuzzy logic theory,
Neurocomputing, 74(17) (2011) 3420-3427
[46] Fars
Electrical
http://www.frec.co.ir

Power

Company:

195
IJSTR©2015
www.ijstr.org

