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CLAIMS

What is claimed is:

1. A load prediction method based on a neural network, comprising:

receiving a time period to be predicted,

inputting the time period into a neural network model for predictigy an energy load,
wherein the neural network model is a ]radial basis function (RBES neural network\[axl]
obtained by means of training based on a hybrid particle swarm optigfization algorithm; and

using the neural network model to predict an energy load vajdie in the time period.

2. The method according to claim 1, wherein before iffputting the time period into a

neural network model for predicting an energy load, the mgfhod further comprises:

3. The method according to claim 2, whep€in obtaining the neural network model by
training sample data comprises:

determining topology of an initial mg#el, wherein the topology comprises: an input layer,
a hidden layer, and an output layer;

encoding parameters of the inijfal model to obtain an initial particle population, wherein
the parameters comprise: a centey/parameter of a radial basis function, a variance parameter, a
weight parameter of the hid layer, and a weight parameter of the output layer, and each
parameter is one particle;

decoding the initig¥particle population to obtain initial parameters of the initial model;

assigning the ipftial parameters to the initial model to obtain an RBF network model; and

optimizing Yie RBF network model by using a training sample and a test sample.

respfctively to obtain a test value and an expected value;

selecting a norm of an error matrix consisting of the predicted value and the expected

16 Marked Sheet


freemanyu
Line


value as a fitness value; and

updating particles in the population by using the fitness value.

5. The method according to claim 4, wherein updating particles in the gbpulation by
using the fitness value comprises:

5 updating velocities and positions of the particles in the population;

updating an individual extremum of the particles in the populatioff by using the fitness
value, and updating a population extremum of the particles in the gopulation by using the
fitness value; and

mutating the particles in the population, and updating thearticles when a fitness value

10  of a new particle is better than that of an old particle.

6. The method according to claim 5, wherein updgfing velocities and positions of the
particles in the population comprises:

iteratively updating the velocities and the posiyons of the particles in the population by
using the following formulas:

Vi(lJHl :ing +c,r (R - Xiz)"‘Czrz(Pgl; - Xilc(j) .

15
= Xilfj +Vk+l,id :
where Xi = (s Xig oo Xp) notes a population particle with D dimensions,
Vi = (Vig, Vig - Vip)) denotes the Aelocity of a population particle with D dimension,
Pio) denotegfan extremum of an individual particle with D dimensions,
20 Pyo) deflotes a population extremum with D dimensions, w is an inertia
, 2, ... n, kis acurrent iteration number, Viq is a particle velocity, c:
and c. are nonnegapfve constants and are acceleration factors, and r1 and r> are random
25
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algorithm; and

a prediction module configured to use the neural network model to predyft an energy
load value in the time period.

8. The apparatus according to claim 7, wherein the apparatus further gdmprises:
a determination module configured to, before the input module Mputs the time period
into a neural network model for predicting an energy load, detergfine topology of an initial
model, wherein the topology comprises: an input layer, a hiddengayer, and an output layer;

an encoding module configured to encode parameters Af the initial model to obtain an
initial particle population, wherein the parameters compfise: a center parameter of a radial
basis function, a variance parameter, a weight pararg€ter of the hidden layer, and a weight
parameter of the output layer, and each parameter j£ one particle;
a decoding module configured to decodeAhe initial particle population to obtain initial
parameters of the initial model;

an assignment module configured y assign the initial parameters to the initial model to
obtain an RBF network model; and

an optimization module cogffigured to optimize the RBF network model by using a
training sample and a test sa

9. A storage mediumAvherein a computer program is stored in the storage medium, and
the computer program j§ configured to perform, when run, the method according to any one
of claims 1 to 6.

10. An elegfronic device, comprising a memory and a processor, wherein a computer
program is sy#red in the storage medium, and the processor is configured to run the computer

program t# perform the method according to any one of claims 1 to 6.
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CLAIMS

1. A load prediction method based on a neural network, comprising:

receiving a time period to be predicted,;

inputting the time period into a neural network model for predicting an energy load,
wherein the neural network model is a radial basis function (RBF) neural network obtained by
means of training based on a hybrid particle swarm optimization algorithm; and

using the neural network model to predict an energy load value in the time period.

2. The method according to claim 1, wherein before inputting the time period into a neural
network model for predicting an energy load, the method further comprises:

acquiring the neural network model from a third party; and

obtaining the neural network model by training sample data.

3. The method according to claim 2, wherein obtaining the neural network model by
training sample data comprises:

determining topology of an initial model, wherein the topology comprises: an input layer,
a hidden layer, and an output layer;

encoding parameters of the initial model to obtain an initial particle population, wherein
the parameters comprise: a center parameter of a radial basis function, a variance parameter, a
weight parameter of the hidden layer, and a weight parameter of the output layer, and each
parameter is one particle;

decoding the initial particle population to obtain initial parameters of the initial model;

assigning the initial parameters to the initial model to obtain an RBF network model; and

optimizing the RBF network model by using a training sample and a test sample.

4. The method according to claim 3, wherein optimizing the RBF network model by using
a training sample and a test sample comprises:

inputting the training sample and the test sample into the RBF network model respectively
to obtain a test value and an expected value;

selecting a norm of an error matrix consisting of the test value and the expected value as a
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fitness value; and

updating particles in the population by using the fitness value.

5. The method according to claim 4, wherein updating particles in the population by using
the fitness value comprises:

updating velocities and positions of the particles in the population;

updating an individual extremum of the particles in the population by using the fitness
value, and updating a population extremum of the particles in the population by using the fitness
value; and

mutating the particles in the population, and updating the particles when a fitness value of
a new particle is better than that of an old particle.

6. The method according to claim 5, wherein updating velocities and positions of the
particles in the population comprises:

iteratively updating the velocities and the positions of the particles in the population by
using the following formulas:

Vi§+l = ing +Clrl(Pi(|J< - Xiz)‘kczrz(ngd - Xil;) ]
Xfé” = XiE +Vk+1,id ;

X = (Xigs Xipreeeeenes

where Xip) denotes a population particle with D dimensions,

Vi = (Vig: Vigs----Vio ) denotes the velocity of a population particle with D dimension,

R = (P Pigseveene

Pio) denotes an extremum of an individual particle with D dimensions,

P, =(Pysr Pygreeee . . . . . o
s = (Pgis Pgzse--o--Pyo) denotes a population extremum with D dimensions, w is an inertia

weight, d=1, 2, ... D, i=1, 2, ... n, k is a current iteration number, Viq is a particle velocity, c¢i
and c; are nonnegative constants and are acceleration factors, and r1 and r2 are random numbers

distributed in [0,1].
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7. A load prediction apparatus based on a neural network, comprising:

a receiving module configured to receive a time period to be predicted,;

an input module configured to input the time period into a neural network model for
predicting an energy load, wherein the neural network model is a radial basis function (RBF)
neural network obtained by means of training based on a hybrid particle swarm optimization
algorithm; and

a prediction module configured to use the neural network model to predict an energy load
value in the time period.

8. The apparatus according to claim 7, wherein the apparatus further comprises:

a determination module configured to, before the input module inputs the time period into
a neural network model for predicting an energy load, determine topology of an initial model,
wherein the topology comprises: an input layer, a hidden layer, and an output layer;

an encoding module configured to encode parameters of the initial model to obtain an
initial particle population, wherein the parameters comprise: a center parameter of a radial basis
function, a variance parameter, a weight parameter of the hidden layer, and a weight parameter
of the output layer, and each parameter is one particle;

a decoding module configured to decode the initial particle population to obtain initial
parameters of the initial model;

an assignment module configured to assign the initial parameters to the initial model to
obtain an RBF network model; and

an optimization module configured to optimize the RBF network model by using a training
sample and a test sample.

9. A storage medium, wherein a computer program is stored in the storage medium, and
the computer program is configured to perform, when run, the method according to any one of
claims 1 to 6.

10. An electronic device, comprising a memory and a processor, wherein a computer
program is stored in the storage medium, and the processor is configured to run the computer

program to perform the method according to any one of claims 1 to 6.
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