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LOAD PREDICTION METHOD AND APPARATUS BASED ON NEURAL
NETWORK

TECHNICAL FIELD

[0001] The present disclosure relates to the field of communication, and in particular, to a

load prediction method and apparatus based on a neural network.

BACKGROUND

[0002] In the prior art, energy (such as steam) supply users are divided into industrial,
commercial, residential, and office users, etc. Steam loads, load magnitudes, and load
characteristics of different users are different. The accuracy of load prediction is related to
optimal scheduling and an operation strategy. Energy prediction ahead of time can ensure
actual users of the users and reduce a waste of energy.

[0003] In the prior art, there are many load prediction methods, such as exponential
smoothing, Arima, neural network, etc., but a single load forecasting algorithm has poor
prediction accuracy and large prediction deviation, which is not conducive to the later
scheduling optimization.

[0004] For the above problems existing in the prior art, no effective solutions have been

found.

SUMMARY

[0005] Embodiments of the present disclosure provide a load prediction method and
apparatus based on a neural network.

[0006] According to an embodiment of the present disclosure, a load prediction method
based on a neural network is provided, including:

[0007] receiving a time period to be predicted,;
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[0008] 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

[0009] using the neural network model to predict an energy load value in the time period.
[0010] Optionally, before inputting the time period into a neural network model for
predicting an energy load, the method further includes:

[0011] acquiring the neural network model from a third party; and

[0012] obtaining the neural network model by training sample data.

[0013] Optionally, obtaining the neural network model by training sample data includes:
[0014] determining topology of an initial model, wherein the topology includes: an input
layer, a hidden layer, and an output layer;

[0015] encoding parameters of the initial model to obtain an initial particle population,
wherein the parameters include: 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;

[0016] decoding the initial particle population to obtain initial parameters of the initial
model,

[0017] assigning the initial parameters to the initial model to obtain an RBF network
model; and

[0018] optimizing the RBF network model by using a training sample and a test sample.
[0019] Optionally, optimizing the RBF network model by using a training sample and a
test sample includes:

[0020] inputting the training sample and the test sample into the RBF network model
respectively to obtain a test value and an expected value;

[0021] selecting a norm of an error matrix consisting of the predicted value and the
expected value as a fitness value; and

[0022] updating particles in the population by using the fitness value.

[0023] Optionally, updating particles in the population by using the fitness value includes:
[0024] updating velocities and positions of the particles in the population;

[0025] updating an individual extremum of the particles in the population by using the
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fitness value, and updating a population extremum of the particles in the population by using
the fitness value; and

[0026] 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.

[0027] Optionally, updating velocities and positions of the particles in the population
includes:

[0028] iteratively updating the velocities and the positions of the particles in the
population by using the following formulas:

ViéHl = Vi(lj( +Clr1(Pitlj( - XiZ)"‘Czrz(PgI; - Xil((j) .

k+1 k
Xid - Xid +Vk+1,id .
)

[0029] where Xi = (X Xigeoee Xip) denotes a population particle with D dimensions,

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

B =(Pi, Pizyeers Pio) denotes an extremum of an individual particle with D dimensions,

Py = (Pg1: Pgzso 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, c1
and c. are nonnegative constants and are acceleration factors, and r1 and r> are random
numbers distributed in [0,1].

[0030] According to another embodiment of the present disclosure, a load prediction
apparatus based on a neural network is provided, including:

[0031] a receiving module configured to receive a time period to be predicted;

[0032] 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

[0033] a prediction module configured to use the neural network model to predict an
energy load value in the time period.

[0034] Optionally, the apparatus further includes:

[0035] a determination module configured to, before the input module inputs the time
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period into a neural network model for predicting an energy load, determine topology of an
initial model, wherein the topology includes: an input layer, a hidden layer, and an output
layer;

[0036] an encoding module configured to encode parameters of the initial model to obtain
an initial particle population, wherein the parameters include: 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;

[0037] a decoding module configured to decode the initial particle population to obtain
initial parameters of the initial model;

[0038] an assignment module configured to assign the initial parameters to the initial
model to obtain an RBF network model; and

[0039] an optimization module configured to optimize the RBF network model by using a
training sample and a test sample.

[0040] According to a further embodiment of the present disclosure, a storage medium is
further provided, a computer program is stored in the storage medium, and the computer
program is configured to perform, when run, steps in any one of the above method
embodiments.

[0041] According to a further embodiment of the present disclosure, an electronic device
is further provided, including 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 steps in any one of the above method embodiments.

[0042] Through the present disclosure, a radial basis function neural network obtained by
training based on a hybrid particle swarm optimization algorithm is used to predict an energy
load value, and an optimal initial weight and offset of a neural network model are optimized
by introducing a hybrid particle swarm and the radial basis function neural network that have
the advantages of strong generalization capability and high network approximation accuracy,
which solves the technical problem in the prior art of low accuracy when a single load
prediction algorithm is used for predicting an energy load, reduces a prediction deviation, and

improves the accuracy of energy load prediction.
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BRIEF DESCRIPTION OF DRAWINGS

[0043] The accompanying drawings described herein are used to provide further
understanding of the present disclosure and form a part of the present application. Illustrative
embodiments of the present disclosure and descriptions thereof are used to interpret the
present disclosure and do not constitute undue limitations on the present disclosure. In the
drawings,

[0044] FIG. 1 is a block diagram of a hardware structure of a load prediction network
terminal based on a neural network according to an embodiment of the present disclosure;
[0045] FIG. 2 is a flowchart of a load prediction method based on a neural network
according to an embodiment of the present disclosure; and

[0046] FIG. 3 is a structural block diagram of a load prediction apparatus based on a

neural network according to an embodiment of the present disclosure.

DESCRIPTION OF EMBODIMENTS

[0047] To make those skilled in the art better understand the solution of the present
disclosure, the technical solution in the embodiments of the present disclosure will be clearly
and fully described below with reference to the accompanying drawings in the embodiments
of the present disclosure. It is obvious that the embodiments to be described are only a part
rather than all of the embodiments of the present disclosure. All other embodiments derived
by those of ordinary skill in the art based on the embodiments of the present disclosure
without creative efforts should fall within the protection scope of the present disclosure.

[0048] It should be noted that, the terms “first”, “second”, and so on in the specification,
claims, and the accompanying drawings of the present disclosure are used to distinguish
similar objects, but not necessarily to describe a particular order or sequence. It should be
understood that, such data used can be interchanged under appropriate circumstances, so that
the embodiments of the present disclosure described herein could be implemented in an order
other than the content illustrated or described herein. In addition, the terms
“comprise/include” and “have” as well as their any variations are intended to cover

non-exclusive inclusion, for example, a process, method, system, product or device including
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a series of steps or units need not be limited to the steps or units clearly listed, but may
include other steps or units not clearly listed or inherent to the process, method, product or
device.

[0049] Embodiment 1

[0050] A method embodiment provided in Embodiment 1 of the present disclosure may
be executed in a server, a network terminal, a computer terminal, or a similar computing
device. Taking running on a network terminal as an example, FIG. 1 is a block diagram of a
hardware structure of a load prediction network terminal based on a neural network according
to an embodiment of the present disclosure. As shown in FIG. 1, a network terminal 10 may
include one or more (only one is shown in FIG. 1) processors 102 (the processor 102 may
include, but is not limited to, a processing device such as a microprocessor MCU or
programmable logic device FPGA) and a memory 104 for storing data. Optionally, the
network terminal may further include a transmission device 106 for a communication function
and an input-output device 108. Those of ordinary skill in the art can understand that the
structure shown in FIG. 1 is merely schematic, which does not limit the structure of the
network terminal. For example, the network terminal 10 may further include more or fewer
components than those shown in FIG. 1, or have a configuration different from that shown in
FIG. 1.

[0051] The memory 104 may be configured to store computer programs, for example,
software programs and modules for application software, and a computer program
corresponding to the load prediction method based on a neural network in the embodiment of
the present disclosure. The processor 102 runs the computer programs stored in the memory
104 to perform various functional applications and data processing, for example, implement
the above method. The memory 104 may include a high-speed random access memory, and
may further include a non-volatile memory, such as one or more magnetic storage devices, a
flash memory, or other non-volatile solid-state memories. In other examples, the memory 104
may further include memories remotely disposed relative to the processor 102. The remote
memories can be connected to the network terminal 10 via a network. Examples of the
network include, but are not limited to, the Internet, an intranet, a local area network, a mobile

communication network, and combinations thereof.
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[0052] The transmission device 106 is configured to receive or send data via one network.
Examples of the network may include a wireless network provided by a communication
provider of the network terminal 10. In one example, the transmission device 106 includes a
network interface controller (NIC), which may communicate with the Internet by connecting
to other network devices via a base station. In one example, the transmission device 106 may
be a radio frequency (RF) module, which is configured to communicate with the Internet
wirelessly.

[0053] This embodiment provides a load prediction method based on a neural network.
FIG. 2 is a flowchart of a load prediction method based on a neural network according to an
embodiment of the present disclosure. As shown in FIG. 2, the process includes the following
steps:

[0054] Step S202: Receive a time period to be predicted.

[0055] Step S204: 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.

[0056] Step S206: Use the neural network model to predict an energy load value in the
time period.

[0057] Through the above steps, a radial basis function neural network obtained by
training based on a hybrid particle swarm optimization algorithm is used to predict an energy
load value, and an optimal initial weight and offset of a neural network model are optimized
by introducing a hybrid particle swarm and the radial basis function neural network that have
the advantages of strong generalization capability and high network approximation accuracy,
which solves the technical problem in the prior art of low accuracy when a single load
prediction algorithm is used for predicting an energy load, reduces a prediction deviation, and
improves the accuracy of energy load prediction.

[0058] Optionally, the above steps may be performed by a data processing device, a server,
a terminal, or the like, which may specifically be a processor, an algorithm module, or the like,
but is not limited thereto.

[0059] In terms of application scenarios, this embodiment is applicable to artificial
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intelligence scenarios such as energy prediction and flow prediction, and the energy may
specifically be either thermal energy or consumable energy such as water, electricity and gas.
The model of this embodiment is assumed as follows:

[0060] influences of weather, temperature, and start-stop state on load is not considered;
and

[0061] load data is a time series, variable 1 is time (input), and variable 2 is a load value
(output).

[0062] In this embodiment, before the time period is input into a neural network model for
predicting an energy load, the neural network model further needs to be provided, including:
acquiring the neural network model from a third party, for example, purchasing it from a
supplier; and obtaining the neural network model by training sample data.

[0063] In an optional implementation of this embodiment, obtaining the neural network
model by training sample data includes the following steps:

[0064] S11: Determine topology of an initial model, wherein the topology includes: an
input layer, a hidden layer, and an output layer.

[0065] S12: Encode parameters of the initial model to obtain an initial particle population,
wherein the parameters include: 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,
each parameter is one particle, represented by an 8-bit binary code, and a random value in
[-0.5, 0.5] is initialized. The parameters of the initial model are also called learning
parameters.

[0066] S13: Decode the initial particle population to obtain initial parameters of the initial
model.

[0067] S14: Assign the initial parameters to the initial model to obtain an RBF network
model.

[0068] The RBF network model in this case is a primary network model, which can be
further trained and optimized.

[0069] S15: Optimize the RBF network model by using a training sample and a test
sample. The RBF network model is first trained with the training sample, and then tested with

the test sample.
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[0070] Weight values and offsets of a neural network algorithm are based on random
initialization of random numbers in the interval [-0.5, 0.5]. The initialization parameters have
great influences on network training. How to obtain or set these parameters properly and
accurately is an implementation of this embodiment. In this embodiment, an optimal initial
weight and offset are optimized by introducing a hybrid particle swarm and the radial basis
function neural network that have the advantages of strong generalization capability and high
network approximation accuracy.

[0071] Optionally, optimizing the RBF network model by using a training sample and a
test sample includes: 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 predicted value and the expected value as a fitness value; and
updating particles in the population by using the fitness value.

[0072] In this embodiment, parameters involved in particle algorithm update are velocity,
position, individual extremum, population extremum, etc. Updating particles in the population
by using the fitness value includes the following steps:

[0073] S21: Update velocities and positions of the particles in the population.

[0074] In an optional implementation solution, updating velocities and positions of the
particles in the population includes: iteratively updating the velocities and the positions of the
particles in the population by using the following formulas:

Vicli<+l = Vi: +Clrl(Picli< - XiZ)+C2r2(P9kd - Xiﬁ) )
Xiffl = Xiﬁ +Viinia :

X = (Xigs Xipyereeeens

[0075] where i Xip ) denotes a population particle with D dimensions,

Vi = (Vi VigreVip ) denotes the velocity of a population particle with D dimension,

R =(Pi: Pigyor Pio) denotes an extremum of an individual particle with D dimensions,

Py = (Pg1s Pgzs Po) 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:
and c2 are nonnegative constants and are acceleration factors, and r1 and r, are random

numbers distributed in [0,1].
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[0076] S22: Update an individual extremum of the particles in the population by using the
fitness value, and update a population extremum of the particles in the population by using the
fitness value.

[0077] Optimal crossover is carried out for individuals in the population, and individual
particles are cross-updated with individual extremum particles. An integer crossover method
iIs used as a crossover method. First, two crossover positions are selected, and then an
individual and an individual extremum are crossed. An excellent individual strategy is
retained for a new individual obtained, and the particle is updated only when a fitness value of
the new particle is greater than that of an old particle. On the other hand, when the fitness
value is used to update a population extremum of the particles in the population, the optimal
crossover is carried out for the population. This step is similar to the eighth operation, except
that the individual extremum is replaced with the population extremum.

[0078] S23: Mutate the particles in the population, and update the particles when a fitness
value of a new particle is better than that of an old particle.

[0079] A mutation operation is performed on the particles in the population, and the
mutation operation is carried out by using a two-digit interchange method within individuals.
First, mutation positions posl and pos2 are randomly selected, and then the two mutation
positions are interchanged. An excellent individual strategy is retained for a new particle
obtained, and the particle is updated only when a fitness value of the new particle is better
than that of an old particle.

[0080] After a new population is obtained, it is judged whether a termination condition is
satisfied, for example, whether a maximum iteration number is reached, or whether an error
less than a limit is satisfied.

[0081] In the actual operation, in order to verify an energy prediction model of this
embodiment, thermal load predicted values of 30 days (there are 24 hours a day, each hour
corresponds to a thermal load value, a total of 720 points are selected as experimental data,
among which the data of 20 days is training set data, and the data of the last 10 days is test
data set). A mean absolute percentage error (MAPE), a root mean square error (RMSE), and a
deviation rate (DR) are selected as measurement indexes of experimental results.

[0082] MAPE:

10
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MAPE =37/ (4, () -, () /y,() | <100%

i=1

[0083] RMSE:

RMSE — J%i(yd (i) =y, (i)’
[0084] DR:

DR=Ye N
Y,

[0085] where y: represents a true value, yq represents a predicted value, and n represents a
sample number.

[0086] Index data obtained is as shown in Table 1:

[0087]  Table 1

Evaluation index | Indexes of the | Indexes of the radial

algorithm in this | basis function neural

embodiment network
RMSE 0.78 1.23
MAPE 3.2% 5.1%
DR 6.7% 9.2%

[0088] As can be seen from the above data indexes, the algorithm model of this
embodiment has an obvious effect, which is superior to the solution of adopting only the
radial basis function neural network algorithm.

[0089] It should be noted that, for ease of description, the above method embodiments are
all described as a series of action combinations. However, those skilled in the art should
understand that the embodiments of the present disclosure are not limited to the described
sequence of the actions, because some steps may be performed in another sequence or at the
same time according to the embodiments of the present disclosure. In addition, those skilled
in the art should also understand that the embodiments described in this specification all
belong to preferred embodiments, and the involved actions and modules are not necessarily

mandatory to the embodiments of the present disclosure.

11
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[0090] Based on the above descriptions of the implementations, those skilled in the art
may clearly understand that the methods according to the above embodiments may be
implemented by software plus a necessary universal hardware platform, and certainly may
also be implemented by hardware. However, in most cases, the former is better. Based on
such understanding, the technical solution of the present disclosure essentially, or the portion
contributing to the prior art may be embodied in the form of a software product. The computer
software product may be stored in a storage medium, such as a ROM/RAM, a magnetic disk,
or an optical disc, and include several instructions that enable a terminal device (which may
be a mobile phone, a computer, a server, a network device, or the like) to execute the method
in the embodiments of the present disclosure.

[0091] Embodiment 2

[0092] This embodiment further provides a load prediction apparatus based on a neural
network. The apparatus is configured to implement the above embodiments and preferred
implementations, and those described are not repeated. As used below, the term "module™ can
be a combination of software and/or hardware that implements a predetermined function.
Although the apparatus described in the following embodiment is better implemented by
software, the implementation by hardware or by a combination of software and hardware is
also possible and envisaged.

[0093] FIG. 3 is a structural block diagram of a load prediction apparatus based on a
neural network according to an embodiment of the present disclosure. As shown in FIG. 3, the
apparatus includes:

[0094] a receiving module 30 configured to receive a time period to be predicted;

[0095] an input module 32 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

[0096] a prediction module 34 configured to use the neural network model to predict an
energy load value in the time period.

[0097] Optionally, the apparatus further includes: a determination module configured to,

before the input module inputs the time period into a neural network model for predicting an

12
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energy load, determine topology of an initial model, wherein the topology includes: 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
include: 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.

[0098] It should be noted that the modules can be implemented by software or hardware.
The latter may be implemented in the following manner, but is not limited thereto: the
modules are all located in the same processor; or the modules are combined arbitrarily to be
located in different processors respectively.

[0099] Embodiment 3

[00100] An embodiment of the present disclosure further provides a storage medium, a
computer program is stored in the storage medium, wherein the computer program is
configured to perform, when run, steps in any one of the above method embodiments.

[00101] Optionally, in this embodiment, the storage medium may be configured to store a
computer program for performing the following steps:

[00102] S1: Receive a time period to be predicted.

[00103] S2: 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.
[00104] S3: Use the neural network model to predict an energy load value in the time
period.

[00105] Optionally, in this embodiment, the storage medium may include, but is not limited
to, various media that can store computer programs, such as a USB flash disk, a read-only
memory (ROM), a random access memory (RAM), a mobile hard disk, a magnetic disk, or an

optical disk.

13
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[00106] An embodiment of the present disclosure further provides an electronic device,
including 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 steps in any
one of the above method embodiments.

[00107] Optionally, the electronic device may further include a transmission device and an
input-output device, wherein the transmission device is connected to the processor, and the
input-output device is connected to the process.

[00108] Optionally, in this embodiment, the processor may be configured to perform the
following steps through the computer program:

[00109] S1: Receive a time period to be predicted.

[00110] S2: 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.
[00111] S3: Use the neural network model to predict an energy load value in the time
period.

[00112] Optionally, specific examples in this embodiment may be obtained with reference
to the examples described in the above embodiments and optional implementations, which are
not repeated herein in this embodiment.

[00113] Apparently, those skilled in the art should understand that the modules or steps in
the present disclosure can be implemented by a general-purpose computing device, and they
can be centralized on a single computing device or distributed over a network composed of a
plurality of computing devices. Optionally, they can be implemented using program code
executable by a computing device, so that they can be stored in a storage apparatus and
executed by the computing device, and under some circumstances, the steps shown or
described can be executed in a different order than here, or they can be made into individual
integrated circuit modules, or they can be implemented by making a plurality of modules or
steps of them into a single integrated circuit module. As such, the present disclosure is not
limited to any particular combination of hardware and software.

[00114] The above are only preferred embodiments of the present disclosure and are not

intended to limit the present disclosure. For those skilled in the art, the present disclosure can

14



be subject to various changes and alterations. Any modification, equivalent replacement,
improvement, and the like made within the principle of the present disclosure should all be

encompassed in the protection scope of the present disclosure.
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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 predicting an energy load,
wherein the neural network model is a ]radial basis function (RBF) neural network\[axl]
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 predicted value and the expected

16
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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 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;ﬂ = ing +C1r1(Pi(;< - Xiz)"‘Czrz(Pgl; - Xilc(j) .
Xi‘ffl = Xilfj +Vk+l,id :

Xi = (Xigs Xig yereerees

where Xip) denotes a population particle with D dimensions,

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

B =(Pi, Pizyeers Pio) denotes an extremum of an individual particle with D dimensions,

Py = (Pg1: Pgso 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, c1
and c. are nonnegative constants and are acceleration factors, and r1 and r> are random
numbers distributed in [0,1].

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
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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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