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METHOD AND APPARATUS FOR PREDICTING ENERGY
CONSUMPTION, AND DEVICE AND STORAGE MEDIUM

THEREOF

5 TECHNICAL FIELD
[0001] Embodiments of the present disclosure relate to the field of energy Internet technologies,
and 1n particular, relate to a method and apparatus for predicting energy consumption, and a

device and a storage medium thereof.

10 BACKGROUND
[0002] Currently, energy consumption prediction 1s an indispensable part of the energy Internet.
[0003] Before prediction of energy consumption 1n a specific region, 1t 1s possible to acquire
corresponding predicted energy consumption by predicting energy consumption conditions of this
region 1n a future time period based on a large amount of history energy consumption data in this
15 region, such as a history electricity consumption amount.
[0004] However, encrgy consumption prediction results of newly-built enterprises are

inaccurate due to msufficient history energy consumption data of these enterprises.

SUMMARY
20 [0005] Embodiments of the present disclosure provide a method and apparatus for predicting
energy consumption, and a device and a storage medium thercof, which may solve the technical
problem that energy consumption prediction results of newly-built enterprises are 1naccurate 1n
the related art.
[0006] In one aspect, embodiments of the present disclosure provide a method for predicting
25  energy consumption. The method 1s applicable to a computer device, and includes:
[0007] acquiring first history data, wherein the first history data includes history energy
consumption data of a first object;
[0008] acquiring a real energy consumption sample of the first object based on the first history
data;
30 |0009] acquiring a simulated energy consumption sample of the first object based on the real
energy consumption sample, wherein the simulated energy consumption sample includes virtual

energy consumption data acquired by expansion based on the real energy consumption sample;
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and

[0010] calculating predicted encrgy consumption of the first object based on the real energy
consumption sample and the simulated energy consumption sample by calling an energy
consumption prediction model.

[0011] In another aspect, embodiments of the present disclosure provide an apparatus for
predicting energy consumption. The apparatus 1s applicable to a computer device, and includes:
[0012] a first data acquiring module, configured to acquire first history data, wherein the first
history data includes history energy consumption data of a first object;

[0013] a real sample acquiring module, configured to acquire a real energy consumption sample
of the first object based on the first history data;

[0014] a simulated sample acquiring module, configured to acquire a simulated energy
consumption sample of the first object based on the real energy consumption sample, wherein the
simulated energy consumption sample includes virtual energy consumption data acquired by
expansion by a generative adversarial network based on the real energy consumption sample; and
[0015] a first energy consumption predicting module, configured to calculate predicted energy
consumption of the first object based on the real encrgy consumption sample and the simulated
energy consumption sample by calling an energy consumption prediction model.

[0016] In still another aspect, embodiments of the present disclosure provide a computer device.
The computer device includes a processor and a memory storing a computer program. The
computer program, when loaded and run by the processor, causes the processor to perform the
above method.

[0017] In yet still another aspect, embodiments of the present disclosure provide a
non-transitory computer-readable storage medium. The storage medium stores a computer
program. The computer program, when loaded and run by a processor, causes the processor to
perform the above method.

[0018] In yet still another aspect, embodiments of the present disclosure provide a computer
program product. The computer program product, when loaded and run by a computer device,
causes the computer device to perform the above method.

[0019] The technical solutions according to the embodiments of the present disclosure achieve
the following beneficial effects.

[0020] The simulated energy consumption sample 1s acquired by expansion of the real encrgy
consumption sample, such that the technical problem that energy consumption prediction results
of newly-built enterprises are mmaccurate due to less history energy consumption data of these

enterprises 1n related art 1s solved and the number of samples that can be used by the energy
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consumption prediction model 1s increased. Theretore, the accuracy of the energy consumption

prediction result 1s improved.

BRIEF DESCRIPTION OF THE DRAWINGS

[0021] For clearer descrniptions of the technical solutions 1n the embodiments of the present
disclosure, the following bricfly introduces the accompanying drawings required for describing
the embodiments. Apparently, the accompanying drawings i the following description show
merely some embodiments of the present disclosure, and a person of ordinary skill in the art may
still dertve other drawings from these accompanying drawings without creative efforts.

[0022] FIG. 1 1s a flowchart of a method for predicting energy consumption according to an
embodiment of the present disclosure;

[0023] FIG. 2 exemplarily shows a diagram of a method for storing first history data:;

[0024] FIG. 3 exemplanly shows a diagram of a method for generating a simulated energy
consumption sample;

[0025] FIG. 4 exemplarily shows a diagram of an energy consumption prediction model;

[0026] FIG. 5 exemplanly shows a diagram of the training of a neural network;

[0027] FIG. 6 exemplarily shows a diagram of a method for training a generative adversanal
network:

[0028] FIG. 7 1s a block diagram of an apparatus for predicting encrgy consumption according
to an embodiment of the present disclosure;

[0029] FIG. 8 1s a block diagram of an apparatus for predicting energy consumption according
to an embodiment of the present disclosure; and

[0030] FIG. 9 1s a structural block diagram of a computer device according to an embodiment of

the present disclosure.

DETAILED DESCRIPTION

[0031] For clearer descriptions of the objectives, technical solutions and advantages in the
present disclosure, embodiments of the present disclosure are described i detail below 1n
combination with the accompanying drawings.

[0032] In the technical solutions according to the embodiments of the present disclosure, a
oenerative adversarial network 1s configured to perform data extension on a first object. In some
embodiments, the generative adversanal network acquires a corresponding simulated energy
consumption sample of the first object based on a real energy consumption sample of the first

object so as to achieve the purpose of data extension. In some embodiments, the generative

3



10

15

20

25

30

WO 2021/133253 PCT/SG2020/050775

adversarial network includes a generator network and a discrnminator network. The generator
nctwork 1s configured to gencrate a candidate simulated energy consumption sample and the
discriminator network 1s configured to determine whether the authenticity of the candidate
simulated energy consumption sample satisfies the condition of being a simulated energy
consumption sample based on the real energy consumption sample.

[0033] An energy consumption prediction model mnvolved in the embodiment of the present
disclosure refers to a machine learning model acquired by machine learning training and
configured to predict energy consumption of the first object. The energy consumption prediction
model may be a deep-learning energy consumption prediction model, 1.€., an energy consumption
prediction model constructed based on a deep neural network, such as an energy consumption
prediction model constructed based on a deep convolutional neural network. This classification
task model may be configured to predict energy consumption of any object, which 1s not limited
in the embodiment of the present disclosure.

[0034] In the method according to the embodiment of the present disclosure, an execution
subject of various steps may be a computer device. The computer device refers to an electronic
device having data calculation, processing and storage capabilities, such as a personal computer
(PC) or a server. It should be noted that the generative adversanal network and the energy
consumption prediction model may be disposed on the same computer device or disposed on
different computer devices, which 1s not limited 1n the embodiment of the present disclosure.
[0035] Reternng to FIG. 1, which shows a flowchart of a method for predicting energy
consumption according to an embodiment of the present disclosure, the method may include the
following steps (101-104).

[0036] In step 101, first history data 1s acquired.

[0037] The first history data refers to history energy consumption data of a first object. The
history energy consumption data refers to history energy consumption amount of the first object.
The energy may be clectric energy, water energy, fuel, or the like, which 1s not limited 1n the
embodiments of the present disclosure. The first object includes a region using the energy, which
may be an enterprise, a plant, a residential arca or the like. In the embodiments of the present
disclosure, the computer device determines the first object according to a region in which energy
consumption 1s predicted. Exemplarnly, when energy consumption 1s predicted in a region A, 1f
there 1s an enterprise a 1n the region A, the first object 1s the enterprise a. The computer device
acquires predicted energy consumption of the region A by predicting energy consumption of the
enterprise a. If both the enterprise a and a plant b exist in the region A, the first object 1s the

enterprise a or the plant b. The computer device may predict encrgy consumption of the
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enterprise a and the plant b respectively and then the sum of predicted energy consumption of the
enterprise a and the plant B 1s predicted energy consumption of the region A; or the first object 1s
the enterprisc a and the plant b, and the computer device may acquire predicted encrgy
consumption of the region A by predicting energy consumption of the enterprise a and the plant b
as a whole.

[0038] In some embodiments, the first history data 1s acquired by a load meter. For example, the
history electricity consumption data of the first object 1s acquired by a load electric meter. For
example, the history water consumption data of the first object 1s acquired by a load water meter.
Optionally, after acquiring the first history data, the load meter sends the first history data to the
computer device at certain time interval over a network. In some embodiments, the time interval
1s determined by the computer device according to actual conditions, and may be 10 ms, 1 hour, 1
day, 7 days, 14 days or the like, which 1s not limited 1n the embodiments of the present disclosure.
For the accuracy of predicted energy consumption, the first history data may further include, but
1s not limited to, at least one of weather, information about holidays and festivals, temperature,
and the like.

[0039] It should be noted that the computer device records a time period corresponding to the
first history data while acquiring the first history data. In some embodiments, referring to FIG. 2,
by taking the first history data being the history electricity consumption data as an example, the
first history data may be stored 1n a coordinate system 20 constructed by the computer device. In
the coordinate system 20, the abscissa represents time and the ordinate represents real history
electricity consumption of the first object.

[0040] In step 102, a real energy consumption sample of the first object 1s acquired based on the
first history data.

[0041] The real energy consumption sample includes real history energy consumption data of
the first object. In some embodiments, after acquiring the first history data, the computer device
acquires the corresponding real energy consumption sample by standardization and time period
division on the first history data.

[0042] A method for acquiring the real energy consumption sample by the computer device
based on the first history data 1s introduced hereinafter. In some embodiments, step 102 includes
the following sub-steps.

[0043] 1. The first history data 1s standardized.

[0044] The standardizing 1s to map the history energy consumption of the first object into a
preset value range. The preset value range 1s determined by the computer device according to

actual conditions, and may be (0, 1), (0, 2), (1, 2), or the like, which 1s not limited in the

5



10

15

20

25

30

WO 2021/133253 PCT/SG2020/050775

embodiments of the present disclosure. It should be noted that the standardizing 1s only directed
to history energy consumption data corresponding to the first history data.

[0045] In some embodiments, by taking the preset value range being (0, 1) as an example,

represents any history energy consumption corresponding to the first history data, such as

history energy consumption corresponding to a point 21 i FIG. 2. The any history energy

consumption standardized “*¢%¢? g
T . L — Lmin
led —
SCai€ m . mmjn
[0046] s ;
h

[0047] wherein T ** represents the maximum history energy consumption in the first history

data and Lmin represents the minimum history energy consumption in the first history data.
[0048] 2. A prediction time period corresponding to the predicted energy consumption 1s
acquired.

[0049] The predicted energy consumption includes future energy consumption data acquired by
predicting energy consumption of the first object. The prediction time period mcludes a time
period i which the first object uses the predicted energy consumption. The prediction time
period may be 1 hour, 1 day, 7 days, 14 days or the like, which 1s not limited 1n the embodiments
of the present disclosure. In some embodiments, after standardizing the first history data, the
computer device acquires the corresponding prediction time perniod based on the predicted energy
consumption of the first object.

[0050] 3. The real energy consumption sample 1s acquired by segmenting the standardized first
history data based on the prediction time period.

[0051] The real energy consumption sample includes a history energy consumption sample
acquired by standardizing and segmenting the history energy consumption data corresponding to
the first object. It should be noted that the real energy consumption sample includes at least one
item of real energy consumption data. A duration corresponding to the real energy consumption
data 1s the same as the duration of the prediction time period. In some embodiments, the
computer device acquires the duration of the prediction time period based on the prediction time
period and segments the standardized first history data.

[0052] In some embodiments, the computer device statically segments the standardized first
history data based on the duration of the prediction time period, namely, segments the first history
data based on a time sequence. For example, if the duration of the predication time period 1s 7

days and the duration corresponding to the first history data i1s 14 days, the real energy
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consumption sample acquired by segmenting the first history data includes two items of real
energy consumption data, the first real energy consumption data 1s energy consumption data of
the first 7 days, and the second real energy consumption data 1s energy consumption data of the
8" to 14™ days. In another possible embodiment, the computer device dynamically segments the
standardized first history data based on the duration of the prediction time period, namely,
randomly segments the first history data based on a preset time period. For example, if the
duration of the predication time period 1s 7 days and the duration corresponding to the first
history data 1s 14 days, the real energy consumption sample acquired by segmenting the first
history data includes cight items of real energy consumption data, the first real energy
consumption data 1s energy consumption data of the first 7 days, the second recal energy
consumption data is energy consumption data of the 3™ to 8" days, the third real energy
consumption data is energy consumption data of the 3™ to 9" days, and by such analogy, the
eighth real energy consumption data is energy consumption data of the 8" to 14" days.

[0053] In step 103, a stmulated energy consumption sample of the first object 1s acquired based
on the real energy consumption sample.

[0054] The simulated energy consumption sample mcludes virtual energy consumption data
acquired by expansion on the basis of the real energy consumption sample and includes at least
on¢ 1tem of simulated energy consumption data. In some embodiments, the amount of the
simulated energy consumption data in the simulated energy consumption sample may be the same
or different from the amount of the real energy consumption data in the real energy consumption
sample. In some embodiments, the computer device calculates the simulated energy consumption
sample based on the real energy consumption sample by calling a generative adversarial network.
[0055] A method for acquiring the simulated energy consumption sample 1s introduced below.
In some embodiments, step 103 mcludes the following several sub-steps.

[0056] 1. A first randomly-generated noise vector 1s acquired.

[0057] The first noise vector refers to a random vector for generating the simulated energy
consumption sample. In some embodiments, the first noise vector may be a 16-dimensional
vector or a 32-dimensional vector generated by a distribution function. The first noise vector may
also be a 16-dimensional vector or a 32-dimensional vector generated randomly.

[0058] 2. The simulated energy consumption sample 1s generated based on the first noise vector
by a generator network 1n the generative adversaral network.

[0059] In some embodiments, the generative adversarial network includes the gencrator
nctwork and a discriminator network. In the embodiment of the present disclosure, after acquiring

the first noise vector, the computer device generates a candidate simulated energy consumption
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sample based on the first noise vector by the generator network. The candidate simulated energy
consumption sample includes at least one 1item of candidate simulated energy consumption data,
the amount of which may be the same or different from the amount of the real encrgy
consumption data in the real energy consumption sample.

[0060] It should be noted that before the generative adversarial network generates the simulated
energy consumption sample, the generative adversarial network needs to be trained. A method for
training the generative adversarial network 1s mtroduced herein in detail, which 1s not repeated
herem.

[0061] In step 104, predicted energy consumption of the first object 1s calculated based on the
rcal energy consumption sample and the simulated energy consumption sample by calling an
encrgy consumption prediction model.

[0062] In some embodiments, after acquiring the simulated energy consumption sample, the
computer device calculates predicted energy consumption of the first object based on the real
energy consumption sample and the simulated energy consumption sample by calling the energy
consumption prediction model. The energy consumption prediction model 1s acquired by training
based on history energy consumption data of other objects.

[0063] A method for training the energy consumption prediction model 1s introduced below.
Optionally, the following several steps are further included before step 104

[0064] 1. Second history data 1s acquired.

[0065] The second history data includes history energy consumption data of other objects
associated with the first object. The other objects include objects having the same feature as the
first object. The feature may be an actual function, a people flow density, a geographical location
or the like, which 1s not limited 1n the embodiment of the present disclosure. For example, 1f the
first object 1s an enterprise A, the other objects may be other enterprises having the same actual
function as the enterprise A or other enterprises having similar staff to the enterprise A. In some
embodiments, the computer device acquires the second history data by the load meter.

[0066] 2. An mmtial energy consumption prediction model 1s acquired by traimning based on the
second history data.

[0067] In the embodiments of the present disclosure, the computer device acquires the nitial
energy consumption prediction model by training the second history data. In some embodiments,
the computer device constructs a recurrent neural network and acquires the mitial energy
consumption prediction model by traming the second history data.

[0068] 3. A bottom-layer parameter of the initial energy consumption prediction model 1s fixed,

and the energy consumption prediction model 1s acquired by fine-adjusting a high-layer
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parameter of the mitial energy consumption prediction model based on the simulated encrgy
consumption sample.

[0069] In the embodiments of the present disclosure, after acquiring the imitial energy
consumption prediction model, the computer device fixes the bottom-layer parameter of the
initial energy consumption prediction model. Further, the computer device acquires the encrgy
consumption prediction model of the first object by fine-adjusting the high-layer parameter of the
initial energy consumption prediction model based on the simulated energy consumption sample.
It should be noted that for different first objects, energy consumption prediction models acquired
finally have different parameters.

[0070] In some embodiments, referring to FIG. 3, the energy consumption prediction model
includes an encoding network 31 and a decoding network 32. The computer device acquires a
parameter of the encoding network 31 based on the second history data of other objects, further
fix the parameter of the encoding network 31, and acquires the energy consumption prediction
model of the first object by fine-adjusting a parameter of the decoding network 32 by the
simulated energy consumption sample of the first object. In some embodiments, the parameter of
the encoding network 31 1s a weight of the encoding network. The encoding network 31 and the
decoding network 32 are connected by an encoder state diagram 33. In some embodiments,
parameters 1, 2, and 3 are mput to the encoding network 31 and parameters 1, 2 and 3 are output
from the decoding network 32.

[0071] It should be noted that the training of the neural network 1s as follows: first a network
welght of each layer 1s calculated forward, and then reverse calculation 1s performed. In some
embodiments, referring to FIG. 4, z1 and z3 of the first-layer encoding network are fixed; and
during reverse calculation, weights of z1 and z3 are not updated again, and all that 1s needed 1s to
calculate from z5 to z3.

[0072] In summary, 1n the technical solutions according to the embodiments of the present
disclosure, the sitmulated energy consumption sample 1s acquired by expansion of the real encrgy
consumption sample, such that the technical problem that energy consumption prediction results
of newly-built enterprises are mmaccurate due to less history energy consumption data of these
enterprises 1n related art 1s solved and the number of samples that can be used by the energy
consumption prediction model 1s increased. Therefore, the accuracy of the energy consumption
prediction result 1s improved. As the predicted energy consumption 1s acquired by the encrgy
consumption predication model, high convenience and efficiency are achieved and the processing
overhead for energy consumption prediction by the computer device 1s reduced.

[0073] In addition, the real energy consumption sample 1s acquired by standardizing and
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segmenting the first history data. Thus, 1t 1s ensured that the energy consumption amount of the
real energy consumption sample 1s in the same standard, which 1s convenient for the generative
adversarial network to use the first history data for tramning. Therefore, the reliability of the
generative adversarial network 1s improved.

5 [0074] In addition, after the candidate simulated energy consumption sample 1s generated by the
ogenerator network of the generative adversanial network, the similanty between the simulated
encrgy consumption sample and the real energy consumption sample 1s mimproved, thereby
ensuring the reliability of the sitmulated energy consumption sample.

[0075] In some embodiments, as shown in FIG. 5, the method according to the embodiment of

10 the present disclosure may further include the following steps.

[0076] In step 501, a second randomly-generated noise vector 1s acquired.

[0077] The second noise vector refers to a random vector for training the generative adversanal
nctwork. In some embodiments, the second noise vector may be a 16-dimensional vector or a
32-dimensional vector generated by a distribution function. The second noise vector may also be

15 a 16-dimensional vector or a 32-dimensional vector generated randomly:.

[0078] In step 502, the generative adversarial network 1s constructed.

[0079] In the embodiments of the present disclosure, the computer device constructs the
oenerative adversarial network. The generative adversarial network includes the generator
nctwork and the discriminator network.

20 [0080] In step 503, a tramned generative adversarial network 1s acquired by training the
ogenerative adversarial network based on the second noise vector and the real energy consumption
sample.

[0081] In some embodiments, the computer device trains the generative adversarial network
based on the second noise vector and the real energy consumption sample.

25 |0082] In some embodiments, the training of the generative adversarial network includes the
following several steps.

[0083] 1. A first loss function and a second loss function are acquired.
[0084] The first loss function 1s a loss function of the discriminator network and the second loss
function 1s a loss function of the generator network. Exemplarily, assuming that the discriminator

30  network 1s D(x), the first loss function L 1s:

L, = maxE,, [logD(z)] + E,., [log(1— D(z))]
[0085] D

[0086] the second loss function 1.> 1s:

L,= minmaxF, , [logD(x)] + E,., |log(1— D(z))]
[0087] g D ;

, and

10



10

15

20

25

30

WO 2021/133253 PCT/SG2020/050775

[0088] wherein p, represents the real energy consumption sample and p, represents the
simulated energy consumption sample. It should be noted that the higher the distinction ability of
the discriminator network 1s, the greater the values of the left and rnight sides of the first loss
function are.

[0089] 2. A parameter of the generator network 1s fixed and the discriminator network 1s trained.
[0090] In some embodiments, after constructing the generative adversanal network, the
computer device fixes the parameter of the generator network and trains the discriminator
network .

[0091] 3. A paramecter of the discriminator network 1s fixed and the generator network 1s trained
1if the first loss function satisfies a first preset condition.

[0092] In some embodiments, when the first loss function corresponding to the discriminator
nctwork satisfies the first preset condition, the training of the discriminator network 1s completed
and the computer device fixes the parameter of the trained discriminator network and trains the
ogenerator network. The first preset condition means that a loss value of the discriminator network
acquired based on the first loss function 1s maximized.

[0093] 4. It 1s determined that the training of the generator network 1s completed 1f the second
loss function satisfies a second preset condition.

[0094] In some embodiments, after acquiring the trained discriminator network, the computer
device fixes the parameter of the discriminator network and trains the generator network. If the
second loss function corresponding to the generator network satisties the second preset condition,
it 1s determined that the training of the generator network 1s completed. In some embodiments,
the second preset condition means that a loss value of the second loss function 1s minimized. At
this time, the second loss function 1s a convergent function.

[0095] If the second loss function does not satisty the second preset condition, the computer
device adjusts the parameter of the generator network, and again performs the procedure from the
step that the discriminator network 1s tramed.

[0096] In some embodiments, referring to FIG. 6, a method for traming the generative
adversarial network 1s introduced hereinafter. The generator network 61 generates the stmulated
energy consumption sample 63 based on the second noise vector 62. Further, the discriminator
nctwork 64 determines the authenticity of the simulated energy consumption sample 63 based on
the simulated energy consumption sample 63 and the real energy consumption sample 65. For
example, assuming that the simulated energy consumption sample 63 1s marked as "false" and the
rcal energy consumption sample 65 1s marked as "true," 1f the discriminator network 64

determines that the simulated energy consumption sample 63 1s "false,” 1t 1s determined that the
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tramning of the discriminator network 64 1s completed; and 1f the discriminator network 64
determines that the simulated energy consumption sample 63 1s "true," the parameter of the
discriminator network 64 1s modified to continuously determine the authenticity of the simulated
encrgy consumption sample 63 until the training of the disciminator network 64 1s completed.
After the tramning of the discriminator network 64 1s completed, the generator network 61 1s
continued to be tramned, the simulated energy consumption sample 63 1s continuously generated
based on the generator network 61, and the trained discriminator network 64 discriminates the
simulated energy consumption sample. For example, assuming that the simulated energy
consumption sample 63 1s marked as "false" and the rcal energy consumption sample 65 1s

marked as "true," 1f the discriminator network 64 determines that the simulated enecrgy
consumption sample 63 1s "true," 1t 1s determined that the training of the generator network 61 1s
completed; and 1f the discriminator network 64 determines that the simulated energy consumption
sample 63 1s "false," the parameter of the generator network 61 1s modified to continuously
oenerate the simulated energy consumption sample 63, and the discriminator network 64
discriminates the authenticity of the simulated energy consumption sample 63 until the training of
the generator network 61 1s completed. In addition, 1n the process of traimning the gencrator
nctwork and the discriminator network, the steps may be repeated until the loss value of the first
loss function corresponding to the discriminator network 64 1s maximized, and the second loss
function corresponding to the generator network 61 1s the convergent function.

[0097] In summary, 1in the technical solution according to the embodiment of the present
disclosure, the generative adversarial network 1s trained based on the second noise vector and the
real energy consumption sample, such that the reliability of the generator network used when the
simulated energy consumption sample 1s generated 1s ensured, and the accuracy of the simulated
energy consumption sample 1s improved.

[0098] In addition, the genecrative adversarial network 1s trained alternately by the first loss
function and the second loss function. Thus, the accuracy of the simulated energy consumption
sample acquired by the trained generative adversarial network 1s further ensured.

[0099] Heremnafter, apparatus and device embodiments of the present disclosure are described.
The apparatus and device may be configured to perform the methods according to the method
embodiments of the present disclosure. For the details not disclosed 1n the apparatus and device
embodiments of the present disclosure, reference may be made to the method embodiments of the
present disclosure.

[00100] Referring to FIG. 7, which shows a block diagram of an apparatus for predicting energy

consumption according to an embodiment of the present disclosure, the apparatus has the
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function of practicing the above method examples. The function may be mmplemented by
hardware or implemented by executing corresponding software by hardware. The apparatus may
be a computer device or may be disposed 1n a computer device. The apparatus 700 may include a
first data acquiring module 701, a real sample acquiring module 702, a simulated sample
acquiring module 703 and a first energy consumption predicting module 704.

[00101] The first data acquisition module 701 1s configured to acquire first history data, wherein
the first history data refers to history energy consumption data of a first object.

[00102] The real sample acquiring module 702 1s configured to acquire a real encrgy
consumption sample of the first object based on the first history data.

[00103] The simulated sample acquiring module 703 1s configured to acquire a simulated energy
consumption sample of the first object based on the real energy consumption sample, wherein the
simulated encrgy consumption sample includes virtual energy consumption data acquired by
expansion based on the real energy consumption sample.

[00104] The first energy consumption predicting module 704 1s configured to calculate predicted
energy consumption of the first object based on the real energy consumption sample and the
simulated energy consumption sample by calling an energy consumption prediction model.
[00105] In some embodiments, the real sample acquiring module 702 1s configured to
standardize the first history data, wherein the standardizing 1s to map the history energy
consumption of the first object mto a preset value range; acquire a prediction time period
corresponding to the predicted energy consumption; and acquire the real energy consumption
sample by segmenting the standardized first history data based on the prediction time period.
[00106] In some embodiments, the simulated sample acquiring module 703 1s configured to
acquire a first randomly-generated noise vector; and generate the simulated energy consumption
sample based on the first noise vector by a generator network 1n a generative adversarnal network.
[00107] In some embodiments, the generative adversarial network includes a generator network
and a discriminator network. As shown 1n FIG. 8, the apparatus 700 further includes a candidate
sample generating module 705, an authenticity calculating module 706, and a simulated sample
determining module 707.

[00108] The candidate sample generating module 705 1s configured to generate a candidate
simulated energy consumption sample based on the first noise vector by the generator network.
[00109] The authenticity calculating module 706 1s configured to calculate authenticity of the
candidate simulated energy consumption sample by the discriminator network based on the real
energy consumption sample and the candidate simulated energy consumption sample.

[00110] The simulated sample determining module 707 1s configured to determine the candidate
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simulated enecrgy consumption sample as the simulated energy consumption sample 1f the
authenticity 1s greater than a preset threshold.

[00111] In some embodiments, as shown 1n FIG. 8, the apparatus 700 further includes a second
vector acquiring module 708, a neural network constructing module 709, and a neural network
training module 710.

[00112] The second vector acquiring module 708 1s configured to acquire a second
randomly-generated noise vector.

[00113] The neural network constructing module 709 1s configured to construct the generative
adversarial network.

[00114] The necural network training module 710 1s configured to acquire a trained generative
adversarial network by traming the gencrative adversarial network based on the second noise
vector and the real energy consumption sample.

[00115] In some embodiments, the neural network training module 710 1s configured to: acquire
a first loss function and a second loss function, wherein the first loss function 1s a loss function of
the discriminator network and the second loss function 1s a loss function of the generator
nctwork; fix a parameter of the generator network and train the discriminator network; fix a
parameter of the discriminator network and train the generator network 1f the first loss function
satisfies a first preset condition; determine that the training of the generator network 1s completed
if the second loss function satisfies a second preset condition; and adjust the parameter of the
oenerator network 1f the second loss function does not satisty the second preset condition, and
perform the procedure again from the step of training the discriminator network.

[00116] In some embodiments, as shown 1n FIG. 8, the apparatus 700 further includes a second
data acquiring module 711, a prediction model training module 712 and a model parameter
fine-adjusting module 713.

[00117] The second data acquiring module 711 1s configured to acquire second history data,
wherein the second history data refers to history energy consumption data of other objects
associated with the first object.

[00118] The prediction model training module 712 1s configured to acquire an initial energy
consumption prediction model by training based on the second history data.

[00119] The model parameter fine-adjusting module 713 1s configured to fix a bottom-layer
parameter of the mitial energy consumption prediction model, and acquire the ecnergy
consumption prediction model by fine-adjusting a high-layer parameter of the initial energy
consumption prediction model based on the first history data.

[00120] In summary, 1n the technical solutions according to the embodiments of the present
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disclosure, the stmulated energy consumption sample 1s acquired by expansion of the real energy
consumption sample, such that the technical problem that energy consumption prediction results
of newly-built enterprises are mmaccurate due to less history energy consumption data of these
enterprises 1n related art 1s solved and the number of samples that can be used by the encrgy
consumption prediction model 1s increased. Therefore, the accuracy of the energy consumption
prediction result 1s improved.

[00121] It should be noted that the apparatus according to the above embodiment 1s only
illustrated by the division of various functional modules when implementing its function. In
practical application, the functions may be assigned to be completed by different functional
modules according to actual needs. That 1s, the internal structure of the device 1s divided into
different functional modules to complete all or part of the functions described above. In addition,
the apparatus and the method according to the above embodiments are based on the same
inventive concept, and details of the apparatus are detailed 1in the method embodiment, which are
not repeated herein.

[00122] Referrning to F1G. 9, which shows a structural block diagram of a computer device 900
according to an embodiment of the present disclosure, the computer device 1s configured to
perform the method for predicting energy consumption according to the above embodiments. The
computer device may be any electronic device having data processing and storage capabilities.
[00123] Specifically, the computer device 900 includes a processing unit, such as a central
processing unit (CPU), a graphics processing unit (GPU), and a field-programmable gate array
(FPGA) 901, a system memory 904 including a random-access memory (RAM) 902 and a
read-only memory (ROM) 903, and a system bus 905 connecting the system memory 904 and the
central processing unit 901. The computer device 900 further includes a basic mput/output (1/0)
system 906 configured to facilitate information transmission between various components within
the computer device, and a high-capacity storage device 907 configured to store an operating
system 913, an application 914 and other program modules 915.

[00124] The basic mput/output system 906 includes a display 908 configured to display
information and an mput device 909, such as a mouse and a keyboard, configured to mput
information of a user. Both the display 908 and the imnput device 909 are connected to the central
processing unit 901 by an mput/output controller 910 connected to the system bus 905. The basic
input/output system 906 may also include the mput/output controller 910 configured to receive
and process mputs from a plurality of other devices, such as the keyboard, the mouse, or an
electronic stylus. Similarly, the mput/output controller 910 further provides output to the display,

a printer or other types of output devices.
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[00125] The high-capacity storage device 907 1s connected to the central processing unit 901 by a
high-capacity storage controller (not shown) connected to the system bus 905. The high-capacity
storage device 907 and a computer-readable medium associated therewith provide non-volatile
storage for the computer device 900. That 1s, the high-capacity storage device 907 may include
the computer-readable medium (not shown), such as a hard disk or a compact disc read-only
memory (CD-ROM) driver.

[00126] Without loss of generality, the computer-readable medium may mclude a computer
storage medium and a communication medium. The computer storage medium includes volatile
and non-volatile, removable and non-removable media implemented 1n any method or technology
for storage of information such as a computer-readable instruction, a data structure, a program
module or other data. The computer storage medium includes a RAM, a ROM, an erasable
programmable read only memory (EPROM), an clectrically erasable programmable read only
memory (EEPROM), a flash memory or other solid-state storage technologies, a CD-ROM, a
digital video disc (DVD) or other optical storage, a tape cartridge, a magnetic tape, a disk storage
or other magnetic storage devices. It will be known by a person skilled in the art that the
computer storage medium 1s not limited hereto. The system memory 904 and the high-capacity
storage device 907 may be collectively referred to as the memory.

[00127] According to the embodiments of the present disclosure, the computer device 900 may
also be connected to a remote computer on a network by the network, such as the Intemet, for
operation. That 1s, the computer device 900 may be connected to the network 912 by a network
interface unit 911 connected to the system bus 905, or may be connected to other types of
nctworks or remote computer systems (not shown) with the network interface unit 911.

[00128] The memory further includes at least one instruction, at least one program, a code set, or
an 1nstruction set. The at least one instruction, the at least one program, the code set, or the
instruction set, when loaded and executed by one or more processors, causes the one or more
processors to perform the above method.

[00129] An embodiment of the present disclosure provides a non-transitory computer-readable
storage medium. The computer-readable storage medium stores at least one instruction, at least
on¢ program, a code set, or an instruction set therein. The at least one instruction, the at least one
program, the code set, or the instruction set, when loaded and executed by a processor, causes the
processor to perform the above method.

[00130] In some embodiments, the non-transitory computer-readable storage medium may
include a ROM, a RAM, a solid state drive (SSD), an optical disc or the like. The random-access

memory may include a resistance random-access memory (ReRAM) and a dynamic
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random-access memory (DRAM).

[00131] In some embodiments, a computer program product 1s further provided. When executed
by a processor, the computer program product 1s configured to implement the above method.
[00132] It should be understood that the term "a plurality of" herein refers to two or more. The
term "and/or" describes an association relationship between associated objects and indicates that
there may be three relationships. For example, A and/or B may indicate that there are three cases
where A exists separately, A and B exist at the same time, and B exists separately. The character
"/" generally indicates that an "or" relationship exists between contextual objects. In addition,
step numbers described heremn merely show exemplarily a possible execution sequence of steps.
In some other embodiments, the steps may also be performed out of the number sequence. For
example, two steps with different numbers may be performed at the same time or two steps with
different numbers may be performed based on a sequence adverse to that shown 1n the figure,
which 1s not limited 1n the embodiments of the present disclosure.

[00133] Described above are only exemplary embodiments of the present disclosure, and are not
intended to Immit the present disclosure. Any modifications, equivalent replacements,
improvements and the like made within the spirit and principles of the present disclosure should

be included within the scope of protection of the present disclosure.
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CLAIMS

What 1s claimed 1s:

1. A method for predicting energy consumption, the method being applicable to a computer
device, and comprising:

acquiring first history data, wherein the first history data comprises history energy
consumption data of a first object;

acquiring a real energy consumption sample of the first object based on the first history data;

acquiring a simulated energy consumption sample of the first object based on the real energy
consumption sample, wheremn the simulated energy consumption sample comprises an energy
consumption sample acquired by expansion based on the real energy consumption sample; and

calculating predicted energy consumption of the first object based on the real energy
consumption sample and the simulated energy consumption sample by calling an encrgy

consumption prediction model.

2. The method according to claim 1, wherein acquiring the real energy consumption sample
of the first object based on the first history data comprises:

standardizing the first history data, wherein the standardizing 1s to map history energy
consumption of the first object into a preset value range;

acquiring a prediction time period corresponding to the predicted energy consumption; and

acquiring the real energy consumption sample by segmenting the standardized first history

data based on the prediction time period.

3. The method according to claim 1, wherein acquiring the simulated energy consumption
sample of the first object based on the real energy consumption sample comprises:

acquiring a first randomly-generated noise vector; and

generating the simulated energy consumption sample based on the first noise vector by a

generator network 1n a generative adversaral network .

4. The method according to claim 3, wherein the generative adversarial network comprises

the generator network and a discriminator network; and
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before generating the simulated energy consumption sample based on the first noise vector
by the generator network 1n the generative adversarial network, the method further comprises:

oenerating a candidate simulated energy consumption sample based on the first noise
vector by the generator network:;

calculating authenticity of the candidate simulated energy consumption sample by the
discriminator network based on the real energy consumption sample and the candidate
simulated energy consumption sample; and

determining the candidate simulated energy consumption sample as the simulated

energy consumption sample 1f the authenticity 1s greater than a preset threshold.

5. The method according to claim 3, wheremn before generating the simulated encrgy
consumption sample based on the first noise vector by the generator network n the generative
adversarial network, the method further comprises:

acquiring a second randomly-generated noise vector;

constructing the generative adversarial network; and

acquiring a tramned generative adversarial network by tramning the generative adversarial

nctwork based on the second noise vector and the real energy consumption sample.

6. The method according to claim 5, wherein acquiring the trained generative adversarial
nctwork by training the generative adversanal network based on the second noise vector and the
real encrgy consumption sample comprises:

acquiring a first loss function and a second loss function, wherem the first loss function
comprises a loss function of the discrnminator network and the second loss function comprises a
loss function of the generator network;

fixing a parameter of the generator network and training the discriminator network;

fixing a parameter of the discrimmator and training the generator network if the first loss
function satisfies a first preset condition;

determining that the tramning of the generator network 1s completed if the second loss
function satisties a second preset condition; and

adjusting the parameter of the generator network 1f the second loss function does not satisty
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the second preset condition, and performing the procedure again from the step of training the

discriminator network.

7. The method according to claim 1, wherem before calculating the predicted energy
consumption of the first object based on the real encrgy consumption sample and the simulated
energy consumption sample by calling the energy consumption prediction model, the method
further comprises:

acquiring second history data, wherein the second history data refers to history energy
consumption data of other objects associated with the first object:

acquiring an 1nitial energy consumption prediction model by training based on the second
history data; and

fixing a bottom-layer parameter of the mitial energy consumption prediction model, and
acquiring the energy consumption prediction model by fine-adjusting a high-layer parameter of
the mmitial energy consumption prediction model based on the simulated energy consumption

sample.

8. An apparatus for predicting energy consumption, the apparatus being applicable to a
computer device, and comprising:

a first data acquiring module, configured to acquire first history data, wherein the first
history data comprises history energy consumption data of a first object:;

a real sample acquiring module, configured to acquire a real energy consumption sample of
the first object based on the first history data;

a simulated sample acquiring module, configured to acquire a sitmulated energy consumption
sample of the first object based on the real energy consumption sample, wherein the simulated
energy consumption sample comprises virtual energy consumption data acquired by expansion by
a gencrative adversarial network based on the real energy consumption sample; and

a first energy consumption predicting module, configured to calculate predicted energy
consumption of the first object based on the real energy consumption sample and the simulated

energy consumption sample by calling an energy consumption prediction model.
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9. A computer device, comprising a processor and a memory storing a computer program,
wherein the computer program, when loaded and run by the processor, causes the processor to

perform the method as defined 1n any one of claims 1 to 7.

10. A computer-readable storage medium storing a computer program, wherein the computer
program, when loaded and run by a processor, causes the processor to perform the method as

defined 1n any one of claims 1 to 7.
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