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Forecasting model of residential load based on general regression neural
network and PSO-Bayes least squares support vector machine
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Abstract: Firstly, general regression neural network (GRNN) was used for variable selection of key influencing factors of residential
load (RL) forecasting. Secondly, the key influencing factors chosen by GRNN were used as the input and output terminals of urban
and rural RL for simulating and learning. In addition, the suitable parameters of final model were obtained through applying the
evidence theory to combine the optimization results which were calculated with the PSO method and the Bayes theory. Then, the
model of PSO-Bayes least squares support vector machine (PSO-Bayes-LS-SVM) was established. A case study was then provided
for the learning and testing. The empirical analysis results show that the mean square errors of urban and rural RL forecast are 0.02%
and 0.04%, respectively. At last, taking a specific province RL in China as an example, the forecast results of RL from 2011 to 2015
were obtained.
Key words: residential load; load forecasting; general regression neural network (GRNN); evidence theory; PSO-Bayes least squares
support vector machine

1 Introduction
With the rapid development of the economy and the
adjustment of economic structure in China, the
proportion of residential load (RL) is increasing
gradually and will continue to increase. RL is
influenced by residential living standard, living habit,
geographical environment and so on. Forecasting RL
scientifically and reasonably can make appropriate
decisions for power planning and demand-side
management.
The theoretical study of influencing factors and
methods of RL started early. Influencing factors include
alternative energy, family member, appliances,
temperature, holidays, seasons and salary, etc.
At present, the common forecast methods include
the per capita RL method, which fails to ensure scientific
forecast results, the method based on the classification of
terminal electricity consumption, which fails to collect
the statistical data [1], and the multiple regression
method [2−5], which cannot fully obtain the data about
RL and influencing factors. In addition, the economic
data are subjected to certain macro-control policy
influences. So, the regression results reflect the economic

law less. Other forecast methods include the polynomial
regression model [6], the error correction model [7], the
dynamic analysis model [8], the adaptive neural fuzzy
inference system [9], the pseudo-panel data model [10],
and so on. The methods above also have difficulties in
collecting statistic data, so the applicability and accuracy
of RL forecasting in China need to be further studied.
Reference [11] applied a neural network to load
forecasting in the circumstance of the competitive market.
The related assumptions about input variables are simple,
but the training parameters and numbers of layers and
nodes need to be set artificially. So, the forecast accuracy
needs to be further improved, and the problem of a local
optimum exists in the process of training. In Ref.[12], a
SVM with immune algorithm (IA) was presented to
forecast the electric loads, where IA was applied to the
parameter determination of SVM. The empirical results
indicated that it resulted in better forecasting
performance than the other methods, namely SVMG,
regression model, and ANN model. A combined model
of self-adaptive partical swarm optimization (APSO) and
support vector machine (SVM) was put forward in
Ref.[13]. APSO was applied to make the parameter
determination of SVM better. In Ref.[14], a multilayered perception neural network model was proposed;
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however, it needed too much information and time. In
Ref.[15] a hybrid intelligent system was presented
combining the wavelet kernel support vector machine
and particle swarm optimization for demand forecasting
and it was proved that this method was better than other
traditional methods. Then, a new load forecasting model
was presented based on hybrid particle swarm
optimization with Gaussian and adaptive mutation
(HAGPSO) and wavelet v-support vector machine
(Wv-SVM) [16]. The methods of SVM and PSO were
used in Ref.[17] in forecasting short-term price in
electricity market. NIU et al [18] combined the ant
colony optimization with SVM and achieved greater
forecasting accuracy. However, the research above has
not put forward a systemic and scientific RL forecast
model, and influencing factors selection of RL has not
been fully considered. In addition, the intelligent models
have limitations in choosing parameters.
In the Bayes method, the uncertainty of all forms is
expressed with the probability method, the process of
learning and reasoning is realized through probability
rules, and the analysis results are expressed as the
probability distribution of random variables. As a new
bionic evolutionary algorithm, the PSO method works
based on the swarm and the fitness. The best location of
particles can be recorded, and the information is shared
between particles. The complex processes of selection,
cross, and variation do not exist. In addition, it has the
advantages of global optimization, fast convergence, and
so on. In this work, the evidence theory is applied to
combine the methods above. Then, suitable parameters
of the LS-SVM model are determined. In addition, a
general regression neural network (GRNN) is used to
sort the degree of influencing factors, and the degree of
factors at high level are selected as input variables. One
smoothness factor needs to be adjusted in GRNN, which
belongs to the radical basis function neural network
(RBF). The learning process is fully dependent on
samples, so the influence of subjective factors can be
avoided to the maximum extent.
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Fig.1 Residential load influencing factors

General regression neural network (GRNN) was
originally proposed in 1991 [19−20]. The GRNN is one
of the radial basis function neural networks, which is
based on non-linear regression theory. It regards sample
data as a posteriori condition, and the Parzen
nonparametric estimation is carried out. Then, according
to the rule of the maximum probability, the network
output is calculated. It can approach a discontinuous
function at any accuracy. The network converges to the
optimized regression surface, which is accumulated on
the most samples. And the learning rate is fast. It also has
better learning performance. In addition, irregular data
can be used in the network.
The GRNN consists of four layers: input layer,
pattern layer, summation layer and output layer, as
shown in Fig.2. X=[x1, x2, …, xm]T is the input vector,
and Y=[y1, y2, …, yl]T is the output vector.

2 Key factors selection based on GRNN
RL is influenced by many factors, including
economic factors, such as salary, power price, alternative
energy price, housing condition and possession quantity
of household appliance, and non-economic factors, such
as population, living habits, urbanization rate and
climate, as shown in Fig.1. Furthermore, residential load
is also influenced by demand-side management measures,
power price control, reconstruction of distribution
network, promotion of RL, competition in the energy
market, national policy of energy conservation, and so
on.

Fig.2 GRNN topology of selecting factors of RL forecast
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Based on GRNN, the steps of selecting the
factors of RL forecasting are described as follows.
It is assumed that the joint probability density
function of variables x and y is f(x, y). X is the observed
value of x. So, relative to x, the regression of y can be
expressed as
+∞

yf ( X , y )dy
[ ] ∫ −+∞∞

Y =E yX =

∫ −∞ f ( X , y)dy

1
m +1
(2 π) 2 σ m+1n

(1)

The other is weighted summation. The weight
between the neuron i of pattern neurons and the neuron j
of summation neurons is the element j of output sample
Yi. The transfer function of summation neurons can be
expressed as
n

(2)
where Xi and Yi are the observed values of random
variables x and y, respectively; n is the number of
samples; m is the dimensions of random variable x and
f(x, y) is replaced by f Λ ( X , Y ).
Based on Eq.(1), the estimation value Y (X ) is
obtained by exchanging the sequence of integration and
summation:
Y (X ) =

⎡ ( X − X i ) T ( X − X i ) ⎤ +∞
⎡ (Y − Yi ) 2 ⎤
⎥ ∫ −∞ y exp ⎢−
⎥ dy
2
2σ
2σ 2 ⎦⎥
i =1
⎣⎢
⎦⎥
⎣⎢
n
⎡ ( X − X i ) T ( X − X i ) ⎤ +∞ ⎡ (Y − Yi ) 2 ⎤
⎥ ∫ −∞ exp ⎢−
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∑ exp⎢−
2σ 2
2σ 2 ⎦⎥
i =1
⎣⎢
⎦⎥
⎣⎢
n

∑ exp⎢−

(3)
where Y ( X ) is the weighted mean of whole samples.
The weight of observed value Yi is the exponent of the
squared Euclid distance between corresponding samples
Xi and X.
Step 1: The annual sample is set as input data. The
number of input neurons is equal to the number of
factors influencing RL forecasting, and each neuron
presents data to the second layer directly, namely, the
pattern layer.
Step 2: The number of pattern neurons is equal to
the number of cases in the training set n. A typical
pattern neuron i attains the data from the input neurons
and computes an output Pi using the transfer function:
( X − X i )T ( X − X i )

(6)

i =1

⎡ (Y − Yi ) 2 ⎤
⎡ ( X − X i )T ( X − X i ) ⎤
exp
⎢−
⎥
⎥
∑ exp⎢⎢−
2σ 2 ⎥⎦
2σ 2
⎢⎣
⎥⎦
i =1
⎣

2σ 2

(5)

S j = ∑ yij Pi , j = 1, 2, L, l

⋅

n

Pi = exp[

n

S D = ∑ Pi
i =1

The unknown probability density function f(x, y)
can be obtained through the observed value of x and y,
and the nonparametric estimation can be expressed as
f Λ ( X ,Y ) =

Step 3: The summation neurons include two kinds
of neurons. One is simple arithmetic summation, which
sums the outputs of pattern neurons. The weight between
the pattern neurons and the summation is set at 1, and the
transfer function SD can be expressed as

], i = 1, 2, L, n

(4)

where σ is the smoothing parameter, and Pi is the weight
of observed value Yi.

Step 4: The number of output neurons is equal to
the dimension of output vector, l. Then, output neuron
performs the following division to obtain the GRNN
regression output yj:

y j = S j /S D , j = 1, 2, L, l

(7)

Step 5: The testing samples are chosen by
extracting some continuous samples randomly from
training samples. It is assumed that the smoothness factor
is increased by ∆σ and the range is [σmin, σmax]. In the
learning sample, the other samples are used for training
except one sample. The error between estimation value
and actual value is obtained. The process is repeated until
each sample is excluded once, and the error series could
be obtained. The MSE (mean square error, E) is applied
to evaluate the network performance and expressed as
Eq.(8). The optimized smoothness factor which has the
minimum error is used for the final network training:

E=

[

1 n
∑ Y i ( X i ) − Yi
n i =1

]

2

(8)

The factor weight Pi influencing RL forecasting is
determined while the smoothness factor is optimized. If
Pi meets the constraint of Eq.(9), the factor i can be
chosen as one of the final influencing factors, which is
used for RL forecasting:
Pi ≥

SD
, i = 1, 2, L, n
n

(9)

3 RL forecasting model based on PSOBayes-LS-SVM
3.1 Bayes-LS_SVM regression algorithm
Give a set of training data {(xi, yi)|i=1, 2, …, n},
where xi ∈ R d , is the input of training set whose
dimension is d and it is also the number of influencing
factors of RL forecasting; yi ∈ R, is the output of training
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set. The dimension of RL forecasting model is one,
namely, RL. Non-line mapping can be adopted as

ψ ( x ) = (ϕ ( x1 ), ϕ ( x2 ), L, ϕ ( xn ))

(10)

To map original input space to higher dimensional
feature space, an optimum decision function can be
constructed as
f ( xi ) = w T ϕ ( xi ) + b

(11)

where w=(w1, w2, …, wk), is a vector of weights in the
high dimensional feature space; b is a constant, b ∈ R. By
the structure risk principle, the following optimization
problem can be obtained:

min R =

1
w
2

2

+ c ⋅ Remp

(12)

where ||w||2 is the regularization term, i.e. confidence
interval, which controls the complexity of model; c is a
regularization parameter; Remp is the error term, i.e.
empirical risk in learning theory. In the standard SVM
model, the one degree term of error ξi is used as the loss
function in the optimization. However, the quadratic
term of error ξi is used in the LS-SVM model, whose
constraints are equal. The optimization problem of the
LS_SVM regression can be formulated as
⎧
1
1 n 2
2
⎪min( J ) = w + c ∑ ξi
2
2 i =1
⎨
⎪
T
⎩s.t. yi = w ϕ ( xi ) + b + ξ

(13)

The Lagrangian approach is used to optimize the
problem and Eq.(14) can be acquired:
L
1
1
⎡0
⎤ ⎡b ⎤ ⎡0 ⎤
⎢
⎥ ⎢ ⎥ ⎢ ⎥
⎢1 K ( x1 , x1 ) + 1 L
K ( x1 , xn ) ⎥ ⎢ a1 ⎥ ⎢ y1 ⎥
c
⎢
⎥ ⎢ ⎥ ⎢ ⎥
⋅ a2 = y2 (14)
⎢M
⎥
M
M
M
⎢ ⎥ ⎢ ⎥
⎢
⎥ ⎢M ⎥ ⎢M ⎥
1
⎢
⎥
L K ( xn , yn ) + ⎥ ⎣⎢ an ⎦⎥ ⎣⎢ yn ⎦⎥
K ( xn , x1 )
⎢⎣1
c⎦

where K ( xi ,x j ) = ϕ ( xi )T ϕ ( x j ), is defined as kernels
function of symmetric function which is based on the
Mercer’s condition. Finally, ai and b can be obtained by
LS, and the nonlinear forecast function is obtained as
n

f ( x) = ∑ ai K ( x, xi ) + b

(15)

i =1

3.2 Parameters optimization based on Bayesian
The Bayesian evidence framework divides the
inference into three distinct levels. The Bayesian evidence
framework is applied to the LS_SVM regression
algorithm in order to select optimal regularization and
optimal kernel parameters, w and b. Training of the SVM

regression can be statistically interpreted in Norm 1
inference. The optimal regularization parameter c can be
inferred in Norm 2 inference. The optimal kernel
parameter selection σ in the SVM regression can be
inferred in Norm 3 inference. The basic idea of model
selection within the Bayesian evidence framework is to
maximize the posterior probability of parameter
distribution to obtain the optimal parameter [21].
1) Norm 1 inference
To be convenient, optimization objective is divided
by c and then 1/c is replaced by λ. For a given model H
with parameter vector of k dimensions, distribution
p(D|w, b, λ, H) exists in the dataset D, where p(w, b|λ, H)
is the prior probability. The optimum value of w and b
can be determined by the posterior of the maximum
parameters. The posterior of w and b is
p ( w, b D, λ , H ) =

p ( D w, b, λ , H ) p ( w, b λ , H )
p( D λ , H )

p ( D w, b, λ , H ) p ( w, b λ , H )

∝

(16)

2) Norm 2 inference
Regularization parameter λ of LS-SVM is referred
by the Bayesian rule. The greatest possible value of λ can
be determined by maximizing the posterior probability of
λ as p(λ|D, σ). The posterior probability of λ can be
obtained as

p (λ D , H ) =

p ( D λ , H ) p (λ H )
p( D H )

∝ p ( D λ , H ) p (λ H )
(17)

3) Norm 3 inference
The optimal value of kernel parameter σ of
LS-SVM can be obtained by examining their posterior
probabilities:

p(σ D) ∝ p( D σ ) p(σ )

(18)

Then, the optimal kernel parameter value is σj
corresponding to the maximum value of the radial basic
function (RBF) kernel function.
3.3 Parameters optimization based on PSO
The PSO method is one of the optimized tools based
on iteration. Random solutions are initialized at first.
Then, the optimized value is found through continuous
iteration. When the PSO method is used for finding the
optimized parameters of LS-SVM, λ and σ, it is assumed
that the number of particles is n, and each particle is
expressed as a vector xi=(xi1, xi2)T, which represent λ and
σ, respectively, and the number of dimensions is two.
The fitness of particle xi=(xi1, xi2)T is the error value,
which is obtained from the forecasting process by
applying the LS-SVM model. At the beginning of
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optimization, random solutions are initialized, and then
each particle performs iteration continuously until the
terminal condition is met. In addition, the particle which
has the minimum error is the optimized solution:
vijk = wi vijk −1 + c1r1 ( pbest,i − xijk −1 ) + c2 r2 ( g best,i − xijk −1 ) (19)
xijk = xijk −1 + vijk

(20)

(i=1, 2, …, n; j=1, 2, …, m)
where the number of particles is n; the number of
dimensions is two; vk is the offset and xk is the location of
the particle when the iteration number is k; c1 and c2 are
the positive constants; r1 and ri are the random numbers
which belong to [0, 1]; wi is the coefficient of momentum
term; pbest is the minimum error of each particle; gbest is
the minimum error of iteration.
The process of the PSO method applied in this
paper is shown in Fig.3.

Fig.3 Optimization process of parameters in SVM based on
PSO

In the process of the LS-SVM model, the form of
original input space to higher dimensional feature space
is determined by the type and the parameter of kernel
function. The training error and the degree of complexity
of the model are controlled by the regularization
parameter c. So, it is necessary to adjust the parameters
in order to obtain better performance.
The problem of choosing optimized parameters is
turned into finding the optimized particle in a given
space which has the minimum error.
3.4 RL forecasting model based on GRNN and PSOBayes-LS-SVM
The step of RL forecasting model based on GRNN
and PSO-Bayes-LS-SVM is shown in Fig.4.

Fig.4 Process of RL forecasting model based on GRNN and
PSO-Bayes-LS-SVM

The steps of RL forecasting model based on GRNN
and PSO-Bayes-LS-SVM are described as follows.
Step 1: Establish regression function
The key factors of RL based on GRNN are the
inputs of SVM, and RL is the output. According to
Eq.(10), the optimal regression function is described as
Eq.(11).
Step 2: Determine kernel function and parameters
The RBF kernel is adopted, and the regularization
parameter and kernel parameter are determined by the
methods of Bayes and PSO, respectively. The weights of
parameters are determined by the evidence theory. And
then, through weighted summation, the final
regularization parameter λ and kernel parameter σ can be
obtained. The optimization utility is obtained from the
fuzzy utility set, namely, H={H1, H2, H3, H4, H5}=
{higher, high, common, low, lower}={1 0.8, 0.5, 0.3,
0.1}. The optimization utility of the above methods is
evaluated by some experts. Based on the evidence theory,
the evaluation of each expert is combined through
H
and
Dempster rules. Then, the final values m Bayes
H
m PSO could be obtained. Considering the fuzzy utility
set, the utility values of the above methods, uBayes and
uPSO, can be calculated:
H
u Bayes = m Bayes
HT

(21)

H
u PSO = m PSO
HT

(22)

Based on the utility values of the above methods,
the weighs of Bayes and PSO, ωBayes and ωPSO, can be
obtained:
ωBayes =

u Bayes
u Bayes + u PSO

(23)
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(24)

Then, the final parameters can be obtained as
λ = ωBayes × λBayes + ωPSO × λPSO

(25)

σ = ωBayes × σ Bayes + ωPSO × σ PSO

(26)

the testing set. The smoothing parameter σ=0.1, 0.2, 0.3,
0.4, and the errors between actual values and forecasting
values are shown in Fig.5. It is concluded that the least
errors appear when σ=0.1.

where λBayes and λPSO are the regularization parameters
determined by the methods of Bayes and PSO,
respectively, and σBayes and σPSO are the kernel parameter
determined by the methods of Bayes and PSO,
respectively.
Step 3: Establish forecasting model of residential
load.
The optimization problem and constraints are
established as Eq.(13), and optimization regression
function coefficient is obtained by the Lagrangian
approach. The forecasting model of RL is then
established as Eq.(15).
Step 4: Forecast RL
The forecasting model of future RL can be obtained
through inputting the important influencing factors of RL
and imitation learning.

4 Case study
4.1 Data sources
Data in this work come from Statistical Yearbook
[22] of specific province in China. The 15 input variables
are selected in 1995−2008, including salary, population,
temperature, per capita housing area, electric variables
number and appliances, such as refrigerator, washing
machine, air conditioner, TV, home computer, camera,
music centre, microwave oven, electric water heater and
vidicon. The output variable is residential load of the
specific province during 2000−2008.
4.2 Key factors selection based on GRNN
Based on the Matlab7.0 platform and training
analysis of GRNN, the errors at different smoothness
values are calculated. By comparing the errors and the
weights obtained from GRNN, the factors which
influence the error of training results much are chosen as
the final input variables. The input variables of urban
areas include salary, population, temperature, per capita
housing area, TV, refrigerator, washing machine, air
conditioner and home computer. The input variables of
rural areas include population, temperature, salary, per
capita housing area, TV, washing machine, air
conditioner and electric water heater. In this work, the
data from 2000 to 2008 are chosen as training samples,
and four continuous samples out of nine are chosen as

Fig.5 Effects of different smoothness values on error: (a) Urban;
(b) Rural

4.3 Data pretreatment and parameters determination
Extremum method is used for standardized
processing of input and output variables:
xij′ =

xij − m j
M j − mj

(27)

where xij is the initial data; mj is the minimum; Mj is the
maximum; xij′ is non-dimensional value, and xij′ ∈ [0,1].
Though standardized processing using Eq.(27),
input and output variables are translated into the numbers
between 0.1 and 0.9. (The input variables are the factors
chosen by GRNN, and the output variables are the urban
(rural) RL).
The regularization parameter λ and the kernel
parameter σ are determined as follows.
Step 1: The process of parameters optimization is
realized using the calculation software toolbox
LS_SVMlab1.5. In the urban RL, λ is 10 879 and σ is
57.62. In the rural RL, λ is 740.74 and σ is 1 337.3.
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Step 2: The process of parameters optimization is
realized through PSO. It is assumed that the numbers of
particles and iterations are 30 and 200, respectively. The
error of iteration is calculated by the fitness function. The
fitness values of each generation relative to urban RL
and rural RL are shown in Fig.6.

1 n
∑ (ε i − ε ) 2 (n=0, 1, 2, …)
n i =1

E=

(29)

where εi is error; xi is the true value; xi′ is the
corresponding forecast value; E is MSE; ε is the
average value of errors.
The comparisons between actual and predictive
values of urban and rural RL forecasting results in 2002−
2008 are listed in Table 1 and Table 2, respectively.
Table 1 Comparison between actual and predictive values of
urban RL forecasting results in 2002−2008 (GW·h)
Year

Actual value

Bayes

PSO

Bayes+PSO

2002

8 040

7 933

8 029

8 037

2003

8 700

8 627

8 710

8 703

2004

9 660

9 594

9 678

9 666

2005

12 080

11 995

12 076

12 078

2006

13 940

13 847

13 930

13 938

2007

15 720

15 653

15 724

15 721

2008

17 340

17 268

17 333

17 337

Table 2 Comparison between actual and predictive value of
rural RL forecasting results in 2002−2008 (GW·h)

Fig.6 Fitness curves of RL forecasting: (a) Urban; (b) Rural

In the circumstance of the minimum error, in the
urban RL, λ is 2 000 and σ is 20; in the rural RL, λ is
1 997.1 and σ is 20.
Step 3: Based on the evidence theory, the weights
of parameters are determined. Then, the final λ and σ can
be obtained. The weights of Bayes and PSO are 0.46 and
0.54, respectively. Now, the final parameters can be
obtained. In the urban RL, λ is 6 024.34; in the rural RL,
λ is 1 359.261. Through continuous testing, when σ is 20,
the forecasting effect is better.
4.4 Forecasting results
4.4.1 Forecasting error test
Because of the limitation of data resource, the data
in 1995−2008 are trained and tested. The forecasting
errors are calculated as Eq.(28), and mean square error
(MSE, E) is chosen for evaluating the forecasting errors
as Eq.(29):

ε i = ( xi′ − xi ) / xi (i=0, 1, 2, …)

(28)

Year

Actual value

Bayes

PSO

Bayes+PSO

2002

9 540

9 481

9 544

9 543

2003

10 300

10 280

10 290

10 292

2004

11 490

11 943

11 508

11 503

2005

13 730

13 506

13 724

13 727

2006

15 470

15 206

15 467

15 466

2007

16 560

16 660

16 566

16 564

2008

18 840

18 787

18 830

18 833

The forecasting errors of urban and rural RL using
different methods are shown in Fig.7, the forecasting
error of the PSO method is less than that of the Bayes
method. The forecasting error of combined method
above is less.
4.4.2 Comparison forecasting errors
In order to prove the validity of the model, mean
square error (MSE) is used to conduct the error
evaluation as Eq.(29), and the evaluation results are
compared with forecast errors of other methods. Finally,
the forecast errors of various methods are listed in Table
3.
The prediction model of conventional household
appliances can be described as
n

y = ∑ (ai × bi × c )

(30)

i =0

where bi=Pi×hi, c=p/d. y is the residents consumption, n
is the number of species of household appliances, i is the
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v = n an /a0 − 1 (n=0, 1, 2, …)

(31)

where v is the growth rate of RL; a0 is RL in the based
period; an is RL after n years.
Then, the future RL can be forecasted through
translating Eq.(31) into Eq.(32):

an = a0 (1 + v)n (n=0, 1, 2, …)

(32)

In the prediction model of per capita RL, per capita
RL can be obtained through Eq.(31) and Eq.(32). Then,
RL can be described as

an = a pn ⋅ pn (n=0, 1, 2, …)

(33)

where a pn is per capita RL; pn is people number; an is
RL.

Fig.7 Forecasting errors of RL under different methods:
(a) Urban; (b) Rural
Table 3 Error comparison of RL forecasting (%)
Method

MSE of urban
RL forecast

MSE of rural
RL forecast

Growth rate method

7.96

3.99

Conventional household
appliances method

39.33

26.92

Per capita RL method

9.08

9.50

GRNN method

10.03

20.69

Bayes method

0.4

1.56

PSO method

0.07

0.05

Bayes+PSO

0.02

0.04

i-th class household appliance, ai is the number of the
i-th class household appliance ownership, bi is the unit
consumption of the i-th class household appliance, Pi is
the power of the i-th class household appliance, hi is the
time used of the i-th class household appliance in a year,
c is the number of households, P is the population in the
predicted year, and d is the average size of every
household.
The prediction model of growth rate can be
described as

As shown in Table 3, the MSE values of urban RL
of growth rate method, conventional household
appliances method, per capita RL method and GRNN
method are 7.96%, 39.33%, 9.08%, 10.03%, respectively.
The forecast error of the model proposed in this work is
0.02%, far lower than other methods. So, the combined
model of GRNN and LS-SVM is the most accurate
forecasting method in the above four methods. In this
work, before forecasting RL with LS-SVM, GRNN
model is used to select key factors of RL as the input and
output variables. And then, the optimization results of the
Bayes and the PSO are combined through the evidence
theory. It considerably induces the errors. Among the
above forecasting methods, there are not only
conventional forecasting methods such as growth rate
method, and conventional household appliances method,
but also neural network method such as GRNN method.
Through the comparison with conventional forecasting
methods, it is concluded that the combined model
performs more accurately. And through the comparison
with the neural network method, whose basic data are the
same as those in the combined model, the error from the
basic data is excluded. Therefore, the combined model of
GRNN and PSO-Bayes-LS-SVM can overcome the
above shortcomings and minimize errors.
4.4.3 RL forecasting results
The forecasting results of RL of specific province in
China based on the model proposed in this work are
listed in Table 4.
Table 4 Forecasting results (GW·h)
Year

Urban RL

Rural RL

2011

19 878

21 720

2012

21 159

22 600

2013

22 213

23 622

2014

23 999

25 912

2015

25 251

27 952

J. Cent. South Univ. Technol. (2011) 18: 1184−1192

1192

5 Conclusions
1) Through analysis of the RL influencing factors
with GRNN, it is concluded that the accuracy of the
forecasting model will be improved if the key
influencing factors are determined scientifically.
2) The critical step of applying LS-SVM is how to
determine the optimized parameters. The Bayes method
is dependent on probability rules, and the basis of the
PSO method is finding the optimized solutions in a given
space. The above methods are combined by the evidence
theory, and the optimized parameters are obtained. Based
on the empirical calculation, the forecasting errors of
urban and rural RL are 0.02% and 0.04%, respectively. It
is significantly better than single forecasting method.
3) It is found that the urban and rural RL are
25 251 and 27 952 GW·h in 2015, respectively, in
specific province of China through applying the model
proposed.
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