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Anovel support vector regression (SVR) optimized by an improved particle
swarm optimization (PSO) combined with simulated annealing algorithm
(SA) was proposed. The optimization mechanism also combined the discrete PSO with the continuous-valued PSO to simultaneously optimize
the input feature subset selection and the SVR kernel parameter setting.
By incorporating with SA, the global searching capacity of the proposed
model was enhanced. The improved SAPSO was used to optimize the
parameters of SVR and select the input features simultaneously. Based on
the operational data provided by a regional power grid in north China, the
method was used in short-term load forecasting (STLF). The experimental
results showed the proposed approach can correctly select the discriminating input features and compared to the PSO-SVR and the traditional
SVR, the average time of the proposed method in the experimental process reduced and the forecasting accuracy increased respectively. So, the
improved method is better than the other two models.
Keywords: Support vector regression (SVR), particle swarm optimization (PSO),
simulated annealing (SA), parameter determination, feature selection, short-term
load forecasting (STLF).

1 INTRODUCTION
Support vector machines (SVM) which were suggested by Vapnik [1], have
recently been used in a range of problems. Classification and prediction are the
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two most important tasks of SVM. To build a SVM-based regression (SVR)
model, feature subset selection is an important issue in building regression
systems. It is advantageous to limit the number of input features to produce
a good predictive and less computationally intensive model [2]. With a small
and appropriate feature subset, the rationale for the regression decision can
be realized easier. In addition to feature selection, proper model parameter setting can improve the SVR prediction accuracy. To design a SVR, one
must choose a kernel function, set the kernel parameters and determine a
soft margin constant C. The parameters that should be optimized include
the penalty parameter C and the kernel function parameters such as the σ
for the radial basis function (RBF) kernel. Thus, appropriate feature subset
selection and model parameter setting have a heavy impact on the regression
accuracy [3].
As feature subset selection infuences the appropriate kernel parameters,
obtaining optimal feature subset and SVR parameters must occur simultaneously. The grid algorithm is an alternative to find the SVR parameters when
using the RBF kernel function [4]; however, this approach does not simultaneously perform feature subset selection. Huang and Wang [3] adopted the
genetic algorithm to optimize the feature subset and model parameter selection
for the SVM. They achieved a promising result.
This study tries a new technology, swarm intelligence: particle swarm optimization (PSO) to optimize the feature subset and parameter selection for
SVR. Proposed by Kennedy and Eberhart [5, 6] and inspired by social behavior in nature, PSO is a population-based search algorithm that is initialized
with a population of random solutions, called particles. Each particle in the
PSO fies through the search space at a velocity which dynamically adjusted
according to its own and its companion’s historical behavior. Recently, numerous researches on PSO theories or applications have been reported [7–14].
Because particle swarm optimization is powerful, easy to implement, and
computationally efficient [6], this study introduces PSO as an optimization
technique to simultaneously optimize both the optimal feature subset and SVR
parameters.
A novel SVR optimized by an improved PSO combined with simulated
annealing algorithm (SA) was proposed. By incorporating with the SA, the
global searching capacity of the proposed model (SAPSO) was enhanced. At
the same time, we use two types of PSO: the continuous-valued version and
discrete version. The continuous-valued version is used to optimize the best
SVR model parameters, while the discrete version is used to search the optimal
feature subset. Combining SAPSO with SVR, this novel hybrid approach is
proposed here to optimize the parameters and feature subset simultaneously,
without degrading the SVR prediction accuracy. Based on the electric load
data provided by a regional power grid in north China, the method was used
in the actual short-term load forecasting. The experimental results showed
the proposed approach can correctly select input features. Compared with
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the traditional SVR and PSO-SVR, the average time of the proposed method
in the experimental process reduced and the forecasting accuracy increased
respectively.
This paper is organized as follows. Section 2 describes the related works
including the basic SVR, PSO and SA concepts. Section 3 describes the
improved SAPSO method. Section 4 describes the hybrid system which
improved SAPSO for parameter determination and feature selection of SVR.
Section 5 implements the proposed model in short-term load forecasting.
Section 6 gives remarks and provides conclusions.

2 RELATED WORKS
2.1 Review of Support Vector Regression
The basic principle of SVR estimates regression function is to map data in
the input space to a high dimensional feature space by using a nonlinear
mapping [15, 16]. Then, a linear mapping is made in the high dimensional
m
space. Set the training sample {xi , yi }N
i=1 , xi ∈ R as the input vector, and
yi ∈ R as the corresponding export value. N is the number of training
sample. SVR regression estimates the unknown function by the following
Equation:
f (x) = w, ψ(x) + b

(1)

Here ψ(x) presents the mapped high dimensional feature space, w ∈ R m ,
b ∈ R, w, ψ(x) presents the dot product. The following formulae can be
obtained by minimizing the risk function to coefficient w and b:

1
min w2 + C
|yi − w, ϕ(xi ) − b|ε
w,b 2
i=1

0, |yi − w, ϕ(xi ) − b| ≤ ε
|yi − w, ϕ(xi ) − b|ε =
|yi − w, ϕ(xi ) − b| − ε, otherwise
N

(2)

(3)

Eq. (2), the first item 12 w2 is called the model complexity item; the
second item is the empirical error term determined by insensitive loss which
defined by Eq. (3). ε and C are the adjustment balanced parameters. The loss
function can be used to express the decision function given by Eq. (1) in the
form of scatter data point.
Due to high dimensions in feature space and the undifferentiable objective
functions, the direct solution to Eq. (2) is nearly unfeasible. SVR regression
method avoids these problems ingeniously through introducing dot product
nuclear function and using the Wolfe antithesis skills, and thus transforms the
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above problems to the following antithesis question.
max w(αi , αi∗ ) = −

1 
(αi − αi∗ )(αj − αj∗ )K(xi , xj )
2
N

N

i=1 j =1

−ε

N


(αi + αi∗ ) +

i=1


s. t.

N
∗
i=1 (αi − αi )
αi , αi∗ ∈ [0, C]

N


yi (αi − αi∗ )

j =1

=0

(4)

Finally, the corresponding regression function Eq. (1) can be directly
expressed as follows:
f (x) =

N


(αi − αi∗ )K(xi , x) + b

(5)

j =1
(∗)

In Eq. (4), αi is so-called Lagrange multiplier which satisfies the equation:
(∗)
αi × αi∗ = 0, αi ≥ 0. K(xi , xj ) is the nuclear function, and its value is inner
product of vector xi and xj in feature space, namely
K(xi , xj ) = ϕ(xi ), ϕ(xj )

(6)

Any function satisfying the Mercer condition can be taken as the nuclear
function. The study selects the Gauss nuclear function:
  
1
xi − xj 2
(7)
K(xi , xj ) = exp −
σ2
where σ is nuclear parameter.
Based on KKT condition [17], only a part of coefficient (αi −αi∗ ) is non-zero
value, and training error is bigger than ε or is equal to ε, these training samples
are support vector. Obviously regression function is completely decided by it.
It is well known that SVR generalization performance (estimation accuracy) depends on a good setting of parameters C, ε and the kernel parameter [18]. Parameter C determines the trade off between the model complexity
and the degree to which deviations larger than ε are tolerated. C does not
appear in Eq. (5) but as an upper bound of αi , αi∗ , the larger C is, the better
performance SVR has. But if C is too large (infinity), then the objective is to
minimize the empirical risk only, without regard to model complexity part in
the optimization Eq. (2). Parameter ε controls the width of the ε -insensitive
zone, used to fit the training data. The value of ε can affect the number of SVs
used to construct the regression function. Larger ε value results in fewer SVs
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selected, and also result in more ’flat’ (less complex) regression estimates. The
kernel parameters implicitly define the nonlinear mapping from input space
to some high dimensional feature space and affect the complex of data distribution in high dimensional feature space. However, we must notice that each
of them reaching an optimal point sometimes does not lead to a good performance for SVR, so just when the combination of them arrives an optimal
value, we may get a nice performance.
2.2 Particle swarm optimization
Basic concept of particle swarm optimization
Particle swarm optimization (PSO) is an evolutionary computation technique. Similar to genetic algorithms, PSO is a population based optimization
tool [5, 6]. It is inspired by social behavior among individuals. Particles
(individuals) representing a potential problem solution move through an
n-dimensional search space. Each particle i maintains a record of the position of its previous best performance in a vector called pbest. When a particle
takes the entire population as its topological neighbors, the best value is a
global best and is called gbest. All particles can share information about the
search space.
Representing a possible solution to the optimization problem, each particle
moves in the direction of its best solution and the global best position discovered by any particles in the swarm. Each particle calculates its own velocity
and updates its position in each iteration. Let pi,d denote the best previous
position encountered by the ith particle. pg,d denotes the global best position
thus far, and t denotes the iteration counter. The current velocity of the d th
dimension of the ith particle at time t+1 is
vi,d (t + 1) = wvi,d (t) + c1 r1 (pi,d (t) − xi,d (t))
+ c2 r2 (pg,d (t) − xi,d (t))
vi,d ∈ [−vmax , vmax ]

(8)
(9)

In the above formula, r1 and r2 is a random function in the range [0, 1], positive
constant c1 and c2 are personal and social learning factors, and w is the inertia
weight. Inertia weight was first introduced by Shi and Eberhart [19]. Inertia
weight balances the global exploration and local exploitation. The velocity
is restricted to the [−vmax , vmax ] range in which vmax is a predefined boundary value. The value of vmax determines the resolution of the search regions
between the present and target position. Eberhart and Shi [20] suggested that
vmax be set at about 10–20% of the dynamic range of the variable in each
dimension. The new position of a particle is calculated using the following
formula:
xi,d (t + 1) = xi,d (t) + vi,d (t + 1)

(10)
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Binary PSO
Many optimization problems are set in a space featuring discrete, qualitative distinctions between variables and between levels of variables. Typical
examples include problems which require the ordering or arranging of discrete elements. Kennedy and Eberhart [21] proposed a binary PSO in which a
particle moves in a state space restricted to zero and one on each dimension, in
terms of the changes in probabilities that a bit will be in one state or the other.
The velocity formula (8) remains unchanged except that xi,d , pi,d and
pg,d are integers in 0, 1 and vi,d must be constrained to the interval [0.0, 1.0].
This can be accomplished by introducing a sigmoid function S(v), and the
new particle position is calculated using the following rule:
1
< S(vi,d ), then xi,d = 1; else xi,d = 0
(11)
2
The function S(v) is a sigmoid limiting transformation defined by Eq. (12).
if

S(v) =

1
1 + e−v

(12)

2.3 Simulation annealing algorithm
The simulation annealing algorithm (SA) is one kind of global intelligence
optimization algorithms, whose principle is the simulation of metal annealing process. In the optimum searching process of the SA, it accepts both the
optimal solution and the suboptimal solution with a certain probability. This
enables it to search optimal solution in more new partial regions of the solution
space. The probability is related to the initial temperature of the annealing process, and the higher the temperature, the greater the probability of receiving a
suboptimal solution. The possibility will finally vanish along with the gradual
reduction of the temperature. Due to this mechanism, SA has better capability of avoiding the partial extreme value compared to other optimization
algorithms [11].

3 PARTICLE SWARM ALGORITHM OPTIMIZED BY SA
This study uses SA to optimize the iteration process of each particle in the
particle swarm according to the following formulae (13)–(15). Let E =
f (pbest) − f (gbest), Here f is fitting function, pbest is the best local particle
in the particle swarm, and gbest is the global one. Regarding each particle, if
E ≤ 0, gbest = pbest is accepted; else gbest = pbest is accepted with the
probability p defined by Eq. (13).
p = exp(−E/T )

(13)

T0 = initial T

(14)

Tt = λTt−1

(15)
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where p is the probability that the particle in the particle swarm accepts a
suboptimal solution, T0 is the initial temperature of the SAwhen particle swarm
algorithm starts, T is the corresponding simulation annealing temperature to
the current particle swarm iteration, λ is the temperature attenuation coefficient
λ ∈ (0, 1). p reduces gradually to 0 according to Eq. (15) along with the
reduction of the temperature. Through the introduction of the SA process into
the optimum searching process of the PSO (named SAPSO), the capability of
avoiding the partial optimal value is enhanced theoretically.
The SAPSO algorithm in our investigation is described as follows:
Step 1: Initialization of each individual. Initialize randomly the element particles of the swarm including swarm size n, iteration N , acceleration constant
c1 and c2 , inertia weight w, the position vector X and the velocity vector V
and so on;
Step 2: Calculate the evaluation value of each particle using the fitness
function f (xi (t)) (i = 1, 2, . . . , n);
Step 3: To each particle, Compare each particle’s fitness value f (xi (t))
with its personal best position’s fitness value; the better is the new personal
best position pbest i (t);
Step 4: To each particle, Compare each particle’s fitness value f (xi (t))
with its global best position’s fitness value; the better is the new global best
position gbest i (t);
Step 5: Update the position and the velocity of each particle according to
Eq. (8)–(10);
Step 6: Calculate the new evaluation function for each particle f (xi (t +1));
Step 7: Search for the best position among all particles’ shown personal best position by SA: calculate the change of the evaluation function
E = f (pbest i (t)) − f (gbest i (t)), if E ≤ 0, accept new position with the
probability 1; if p = exp(−E/T ) > r (r is a random number in [0, 1]),
accept new position with the probability p; if accept new position, then let
T ← λT ; otherwise refuse new position, go to step 5; it will generate a set of
new particles, denote the global best position as gbest;
Step 8: If the number of iterations reaches the maximum or reaching the
stop condition, then stop. The latest gbest is regarded as the optimal solution.
Otherwise, go to step 2.
4 SAPSO FOR PARAMETER DETERMINATION AND FEATURE
SELECTION OF SVR
4.1 Particle representation
To implement our proposed approach, this research used the RBF kernel function (defined by Eq. (7)), because the RBF kernel function can analyze higher
dimensional data and requires that only three parameters, C, σ and ε. When
the RBF kernel is selected, the parameters and features of SVR used as input
attributes can be optimized by our proposed SAPSO approach.
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Particle type

Representation

Input feature mask
(discrete)
xi,1 , xi,2 , . . . , xi,nF

C
(continuous)
xi,nF +1

σ
(continuous)
xi,nF +2


(continuous)
xi,nF +3

TABLE 1
Particle i is comprised of four parts: input feature mask,C, σ and ε

The particle therefore, is comprised of four parts: the features mask
(discrete-valued), C, σ and ε (continuous-valued), when the RBF kernel is
selected. Table 1 shows the representation of particle i with dimension of
nF + 3, where nF is the number features that varies from different datasets.
The feature mask is Boolean that “1” represents the feature is selected, and
“0” indicates feature is not selected.
4.2 Fitness definition
Prediction accuracy or prediction error and the number of selected features are
the two criteria used to design a evaluation function. Thus, for the particle with
low prediction error and a small number of features produce a good performance. We solve the multiple criteria problem by creating a single objective
function that combines the two goals into one. As defined by formula (16),
the objective function has two predefined weights: (i) wE for the prediction
error; and (ii) wF for the selected feature. In the investigation, the value of
the mean absolute percent error (MAPE), shown as (17), serves as one part of
criterion. The weight MAPE can be adjusted to a high value (such as 100%)
if it is the most important. The particle with low objective function (Error)
value has high probability to effect the other particles’ positions of the next
iteration.
nF
j =1 fj
Error i = wE × MAPE i + wF ×
(16)
nF
MAPE =

N
1 
(yˆi − yi )2
N

(17)

i=1

fj the value of feature mask– “1” represents that feature j is selected and “0”
represents that feature j is not selected, and nF is the total number of features.
4.3 The SAPSO algorithm of SVR
To guarantee valid results for making predictions regarding new data, the data
set was further randomly partitioned into training sets and independent test
sets via a k-fold cross validation. For example k = 10 which means that all
of the data will be divided into ten parts, each of which will take turns being

“MVLSC” — “143i” — 2010/4/24 — 16:26 — page 574 — #8

Improved PSO for SVR and its Application in STLF

575

the test data set. The other nine data parts serve as the training data set for
adjusting the model prediction parameters.
All of the input variables are scaled during the data preprocessing stage.
Generally, each feature can be linearly scaled to the [0, 1] range using the
following formula (18), where x is original value, x is scaled value, maxa is
the maximum value of feature a, and mina is the minimum value of feature a.
x =

x − mina
maxa − mina

(18)

Randomly split the data into k groups using k-fold cross validation. Each
group contains training, validation and test sets. The training set is used to build
the SVR model. The validation set is used to determine the proper training
iteration to avoid overtraining. The test set is used to evaluate the model’s
prediction accuracy. For each dataset group, detailed experimental procedure
for training and testing is as follows:
Step 1. Data preparation: Training, validation, and test sets are represented
as Tr, Va, and Te, respectively.
Step 2. Particle initialization and SAPSO parameters setting: Generate initial particles comprised of the feature mask, C, σ and ε. Set the
SAPSO parameters including number of iterations, velocity limitation, number of particles, particle dimension, and weight for accuracy calculation. Set
iteration=0, and perform the training process from step 3–8.
Step 3. Set iteration i = i + 1.
Step 4. SVR model training:
(a) Training and validation set preprocessing: select input features for training and validation data sets according to the feature mask which is represented
in the first part of a particle.
(b) SVR regression accuracy calculation: for the training set Tr, conduct
k-fold cross validation (CV) on the training set, and calculate the average CV
accuracy based on the (C, σ , ε) which is represented in the second, third and
fourth part of a particle.
(c) Evaluated the prediction accuracy on validation set Va using the trained
model based on the (C, σ , ε)and the whole training set Tr.
Step 5. Fitness evaluation: For each particle, evaluate its evaluate function
by formula (16). Note that the Error i in formula (16) is set as average CV
error obtained in the previous step.
Step 6. Update the global and personal best according to the evaluation
results by SAPSO. Record the average training CV accuracy and validation
accuracy for the global and personal best.
Step 7. Particle manipulations: Each particle moves to its next position
using formula (8)–(10).
Step 8. Stop condition checking: If stopping criteria (maximum iterations
predefined) are met, go to the next step, otherwise, go to step 3.
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Particle type (application in STLF)

Representation

Input feature mask
(discrete)
Tave , Tmax , Tmin , H ,
Wp, D(d), W (d), Rf

C
(continuous)
xi,9

σ
(continuous)
xi,10


(continuous)
xi,11

TABLE 2
Particle i is comprised of two parts: input feature masks and parameters

Step 9. To avoid overtraining, we observe the validation accuracy curve,
and stop training when the iteration has the best validation accuracy during
the training process.
Step 10. With the stopping training iteration determined in the previous
step, recall the recorded (in database) feature mask, C, σ , and ε in the stopping
iteration. Retrain and build the SVR on the larger set Tr + Va based on the
selected feature subset and SVR model parameters. Finally, measure testing
accuracy on test set Te via the trained SVR.
Step 11. End the training and testing procedure.

5 APPLICATION OF SAPSO-SVR IN SHORT-TERM
LOAD FORECASTING
5.1 Data descriptions
Short-term load forecasting (STLF) is a multivariable forecasting problem. It
can be treated as a function regression problem. The load of next day is output
of regression model and the corresponding load influencing factors such as
historical load data, temperature information and meteorological information
are the input data of regression model. So the dimension of solution space of
the SAPSO is comprised of two parts: the first part is feature mask, according
to the experience and historical database, there are eight features including
average temperature (Tave), highest temperature (Tmax), lowest temperature
(Tmin), humidity index (H ), wind power (Wp), type of the day D(d), type of
the week W(d) and the rain fall (Rf ). The second part is the three parameters
C, σ , and ε of the Gaussian kernel function. So the dimension of solution
space is 11 which showed in Table 2.
The improved SAPSO algorithm is employed to feature selection and
parameters determination of SVR for STLF. The training data is supplied
by historical database. The final target is to find a mapping function from
influencing factors to future load with a good generalization capability. While
using SAPSO-SVR model for short-term load forecasting, the historical data
is divided into two data sets. One is the training data and the other is the testing
data. The training data is used to train the SVR, and the testing data is used to
evaluate the trained SVR.
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5.2 Experimental procedures
The procedures for the proposed SAPSO-SVR in STLF are presented as
follows:
Step 1. Determine learning range of the proposed SAPSO-SVR. The model
is trained and tested by using the similar day’s data which in same season of
forecast day, such as past 30 days from the day before forecast day and past
60 days before and after forecast day in previous year.
Step 2. Treat disordered samples. Checking every point, pick out and correct
all disordered data which contravenes the general rule of the load series.
Step 3. Scale the load data. Using Eq. (19), the learning data are scaled
into [0, 1]. Where Lt is original value, L̂ is scaled value, Lmax is the maximum
value of load, and Lmin is the minimum value of load.
L̂ =

Lt − Lmin
Lmax − Lmin

(19)

Step 4. Train the proposed model. Take the parameters of these similar days
as training samples to train SVR. Select features and determine parameters of
SVR by SAPSO described in previous section of this paper.
Step 5. Test error calculation. Based on the trained SVR, the estimation
result of the testing samples is gained. Then, the testing error is calculated
using Eq. (16)–(17).
Step 6. Select parameters. The result of step (5) serves as the subjective function for identifying suitable features and parameters employing the
proposed SAPSO algorithm. This iterative process is presented in detail in
Fig. 1.

FIGURE 1
Framework of improved SAPSO-SVR for STLF.
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Step 7. Forecast next day’s load. Taking the influencing factor vector of
forecasting day into the trained SVR with proper parameters, the given point
load of next day will be forecasted.
Step 8. Correct result. Because load influenced by a series of uncertain factors, it is hard to get a satisfy result absolutely using historical data. Operators
should correct the forecasting result from experience.
5.3 System implementation details
This investigation uses the historical load data in a practical electric system
from 2005 to 2006 in China. The data includes the 24 points load and the
features of each day. The features include weather conditions such as average
temperature, highest temperature, lowest temperature, humidity index, wind
power, rain fall and type of date etc. Using these historical data, 24 load points
of next day are forecasted. This paper adopts the improved SAPSO algorithm to select features and determine parameters of SVR and the improved
SMO algorithm train SVR [25]. The Gaussian kernel is selected as the kernel
function.
The swarm size is set to 40 particles; the dimension of solution space
is 3 + 8. The dimensions are correspond to three parameters C, σ , and ε
and eight features including average temperature (Tave), highest temperature
(Tmax), lowest temperature (Tmin), humidity index (H ), wind power (Wp),
type of the day D(d), type of the week W(d), and rain fall (Rf ). The features
should be discreted before applying SAPSO algorithm in feature selection and
parameters determination of SVR.
In training stage, the initial inertia weight is one, and the highest iterative number is 100. The range constrains of the there parameters are set
as C ∈ [0.01, 1000], σ ∈ [0.01, 10], and ε ∈ [0.01, 0.9]. This study set
vmax at about 2–10% of the dynamic range of the variable on each dimension
for the continuous type of dimensions, achieving a better and stable convergence in our preliminary experiments. Therefore, [−vmax , vmax ] is predefined
as [−20, 20] for parameter C, [−0.2, 0.2] for parameter σ , and [−0.02,
0.02] for parameter ε. For the discrete type particle for feature mask, we set
[−vmax , vmax ] = [−1, 1] . Preliminary experiments also let this study set the
personal and social learning factors (c1 , c2 ) = (2, 2) that achieves better prediction accuracy. The MAPE’s weight wE is adjusted to 95%, and the feature
size’s weight wF is set to 5%. These system parameter settings are summarized
in Table 3.
The simulator is programmed by using Matlab7.0. The training data set are
fed into the SAPSO-SVR model. With the trained SVR model, the prediction
result of testing data is gained. Then, the adjusted parameters C, σ , ε and the
appropriate features with minimum testing error are selected. The parameters
determination and feature selection of SVR are adjusted by SAPSO algorithm.
Finally, the trained SVR model with appropriate features and parameters is
built to forecast electricity load of next similar day.
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Search range
Velocity[−vmax , vmax ]
Learning factors(c1 , c2 )
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C

σ



Feature mask

[0.01,1000]
[−20, 20]
(2, 2)

[0.01, 10]
[−0.2, 0.2]
(2, 2)

[0.01,0.9]
[−0.02, 0.02]
(2, 2)

0,1
[−1, 1]
(2, 2)

TABLE 3
Setting of the system parameters

Time

C

σ



MAPE

1:00
2:00
3:00
4:00
5:00
6:00
7:00
8:00
9:00
10:00
11:00
12:00
13:00
14:00
15:00
16:00
17:00
18:00
19:00
20:00
21:00
22:00
23:00
24:00

1000.0
570.8
495.9
469.3
109.0
573.5
395.8
857.5
400.1
986.3
939.1
556.9
482.1
248.1
1.3
18.6
20.9
404.0
252.6
639.4
582.7
683.9
1000.0
2.3

1.6382
8.9540
9.0025
6.1143
9.3608
7.4710
9.4505
2.4018
8.2110
8.5740
7.8096
4.7601
9.4326
4.2845
10.0000
10.0000
7.5608
10.0000
6.9232
4.3367
7.1128
9.9070
2.0933
0.5025

0.0529
0.0573
0.0618
0.0690
0.0580
0.0734
0.0382
0.0314
0.0277
0.0527
0.0256
0.0685
0.0341
0.0604
0.0298
0.0213
0.0474
0.0704
0.0411
0.0641
0.0945
0.0790
0.0606
0.0309

0.0278
0.0146
0.0149
0.0281
0.0044
0.0158
0.0234
0.0049
0.0298
0.0276
0.0202
0.0382
0.0046
0.0275
0.0009
0.0164
0.0174
0.0041
0.0477
0.0189
0.0370
0.0022
0.0232
0.0188

TABLE 4
Parameters and MAPE of SAPSO-SVR with feature selection

5.4 Experimental results
The proposed method is used to forecast the load of each hour in April 1,
2006. The forecasting accuracy is illustrated in Table 4. From Table 4, it can
be observed that the large gap of parameters emerges, especially the parameter C. To a giving precision constrain of testing results, it is hard to find a
uniform parameters compatible to all points. On the other hand, the forecasting
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accuracy is influenced by factor selection. The experiment results showed that
the influenced factors are different according to the season of the forecast day.
That is to say, different season should select different influence factors of SVR
for forecasting. For example, the rain fall is an important factor in summer
and not important in winter.
Figure 2 showed that the forecasting capacity of the improved SAPSOSVM model with feature selection better than the PSO-SVM model. In
Figure 3, it is showed that the corresponding forecasting error of the proposed
model is smaller than the PSO-SVR.
8500
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electricity load(10 MWh)

8000

7000
6500
6000
5500

actual data
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5000
4500
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FIGURE 2
The contrast of the forecasting results of new model and PSO-SVR.
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FIGURE 3
The contrast of the forecasting errors of new model and PSO-SVR.
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Day
2006.4.1
2006.4.2
2006.4.3
2006.4.4
2006.4.5
2006.4.6
2006.4.7
2006.4.8
2006.4.9
2006.4.10
2006.4.11
2006.4.12
2006.4.13
2006.4.14
2006.4.15
2006.4.16
2006.4.17
2006.4.18
2006.4.19
2006.4.20
2006.4.21
2006.4.22
2006.4.23
2006.4.24
2006.4.25
2006.4.26
2006.4.27
2006.4.28
2006.4.29
2006.4.30
Mean

Model 1

Model 2

Model 3

3.45
3.22
2.54
2.55
1.78
2.48
2.62
3.56
3.21
2.58
1.33
1.58
1.27
1.59
3.52
3.25
3.09
1.59
2.25
2.43
1.92
2.46
3.24
2.86
1.69
2.30
1.96
2.66
3.56
4.25
2.56

2.47
2.13
2.59
1.29
1.74
2.91
2.30
4.18
1.63
2.60
1.21
1.70
1.11
1.27
3.26
4.01
2.30
1.68
2.51
2.49
1.93
2.41
3.24
1.61
1.78
2.47
1.98
2.41
2.98
3.79
2.34

2.20
2.00
2.46
1.25
1.71
2.53
2.01
3.55
1.55
2.63
1.12
1.57
1.22
1.22
3.01
3.15
2.18
1.51
2.36
2.42
1.82
2.23
3.23
1.48
1.66
2.32
1.72
2.23
2.82
3.73
2.16

581

TABLE 5
Forecasting results for different models

In addition, the proposed method is used to forecast the load of each day
in a month. It is used to forecast the load data from April 1, 2006 to April
30, 2006.The performance of the proposed method is also compared with the
forecasting results of the PSO-SVR model and the simple SVR in Table 5.
Figure 4 showed that the improved SAPSO-SVR model with feature selection has a more accurate forecasting capacity than the other two models.
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FIGURE 4
The contrast of the forecasting errors of three models which Model 1 is simple SVR, Model 2 is
PSO-SVR without feature selection and Model 3 is SAPSO-SVR with feature selection.

The results indicate that the improved SAPSO-SVR model with feature
selection is superior to the PSO-SVR model and the model without feature selection. Model 1 is simple SVR, Model 2 is PSO-SVR without
feature selection, Model 3 is SAPSO-SVR with feature selection.

6 CONCLUSIONS
For SVR, input feature subset selection and the kernel parameters setting are
crucial problems. This study proposed a novel hybrid SAPSO-SVR system to
solve these two problems. First, two types of PSO versions, namely continuous
valued and discrete version were combined to optimize the best SVR model
parameters and the optimal feature subset. The proposed system can optimize
the model parameters and search the discriminating feature subset simultaneously. Second, by incorporating with the simulated annealing method, the
global searching capacity of the particle swarm optimization was enhanced.
The improved particle swarm optimization algorithm (SAPSO) was used to
optimize the parameters and select the input features of SVR.
Based on the operational data provided by a regional power grid in north
China, the improved SAPSO-SVR system was used in the actual short-term
load forecasting. The experimental results showed the proposed approach
can correctly select the discriminating input features and compared to the
PSO-SVR and the traditional SVR, the average time of the proposed method
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in the experimental process reduced and the forecasting accuracy increased
respectively. So, the improved method is better than the other two methods.
The test results showed the proposed forecasting method could provide a
considerable improvement of the forecasting accuracy. In the future, how to
use advanced techniques to updating the suitable features and parameters of
the proposed model in time is a very important direction.
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