IMAGE PROCESSING METHOD AND APPARATUS,

COMPUTER DEVICE, AND COMPUTER STORAGE MEDIUM

CROSS-REFERENCE TO RELATED APPLICATION

[ 0001] The present application is filed based upon and claims priority to
Chinese Patent Application No. 201910087398.X filed on January 29, 2019, the

disclosure of which is hereby incorporated by reference in its entirety.

TECHNICAL FIELD

[ 0002] Embodiments of the disclosure relate to the field of computer vision
communication, and relate to, but not limited to an image processing method and

device, a computer device and a storage medium.

BACKGROUND

[ 0003] In a deep-learning-based image processing method, normalization is an
indispensable module. At present, it has proposed many normalization methods
for different learning tasks in the art, including Batch Normalization (BN)
applied to image classification, Layer Normalization (LN) applied to sequence
prediction, Instance Normalization (IN) applied to model generation and Group
Normalization (GN) applied to a wider range. However, these normalization
methods are only for specific models and specific tasks. For overcoming this
barrier and further improving the performance of a neural network, Switchable
Normalization (SN) applied to multiple visual tasks is proposed. The SN enables

to get rid of dependence on a batch size by weighted combination of statistics of
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BN, IN and LN, and can select an optimal weighted combination of
normalization operation manners for all normalization layers. However, SN still
has an important defect: since SN calculates weighting coefficients for statistics
in different normalization methods through changes of a normalization
exponential function (softmax), the weighting coefficients are equal to 0. This
means all the normalization layers for SN are required to calculate statistics of
multiple normalization operations at any moment, namely each normalization
corresponds to more than one normalization manner, resulting in redundant

calculation.

SUMMARY

[ 0004] In view of this, embodiments of the disclosure provide an image

processing method and device, a computer device and a storage medium.

[ 0005] The technical solutions of the embodiments of the disclosure are

implemented as follows.

[ 0006] The embodiments of the disclosure provide an image processing

method, which may include the following operations.

[ 0007] A first feature map of an image to be processed is acquired.
[ 0008] A final weight vector of the first feature map is determined.
[ 0009] A target normalization manner corresponding to the first feature map

in a preset normalization set is determined according to the final weight vector.
Normalization processing is performed on the first feature map in the target

normalization manner to obtain a second feature map.

[ 0010] In the embodiments of the disclosure, the operation that the first



feature map of the image to be processed is acquired may include the following

operation.

[ 0011] Feature extraction is performed on the image to be processed by use of

a convolutional layer in a neural network to obtain the first feature map.

[ 0012] Correspondingly, a preset parameter set may include a first hyper-
parameter, a second hyper-parameter and a learning parameter. The operation
that the final weight vector of the first feature map is determined may include the

following operation.

[ 0013] The final weight vector of the first feature map is calculated according
to the first hyper-parameter, second hyper-parameter and learning parameter in

the preset parameter set.

[ 0014] In the embodiments of the disclosure, the operation that the final
weight vector of the first feature map is calculated according to the first hyper-
parameter, second hyper-parameter and learning parameter in the preset

parameter set may include the following operations.

[ 0015] A preset constraint condition is determined according to the first

hyper-parameter and the second hyper-parameter.

[ 0016] The final weight vector of the first feature map is determined according
to the constraint condition and the learning parameter. The learning parameter is
configured to calculate the final weight vector of the first feature map, the first
hyper-parameter is configured to represent a center of a preset simplex, and the
second hyper-parameter is configured to reduce a value range of the final weight

vector.

[ 0017] In the embodiments of the disclosure, the preset constraint condition

may be that a distance between the final weight vector and the first hyper-



parameter is limited to be greater than or equal to a value of the second hyper-

parameter.

[ 0018] In the embodiments of the disclosure, the operation that the final
weight vector of the first feature map is determined may include that: a mean
vector and variance vector of the first feature map are determined; and a mean
final weight vector corresponding to the mean vector and a variance final weight
vector corresponding to the variance vector are determined according to the

preset constraint condition and the learning parameter respectively.

[ 0019] Correspondingly, the operation that the target normalization manner
corresponding to the first feature map in the preset normalization set is
determined according to the final weight vector may include that: a first mean
sub-normalization manner and a second variance sub-normalization manner are
correspondingly determined according to the mean final weight vector and the
variance final weight vector respectively. The first sub-normalization manner and

the second sub-normalization manner are the same or different.

[ 0020] Correspondingly, the operation that normalization processing is
performed on the first feature map in the target normalization manner to obtain
the second feature map may include that: the mean vector and the variance vector
are correspondingly normalized according to the first sub-normalization manner
and the second normalization manner to obtain a normalized mean vector and a
normalized variance vector; and the second feature map is obtained according to
the normalized mean vector, the normalized variance vector and the first feature

map.

[ 0021] In the embodiments of the disclosure, the operation that the mean
vector and variance vector of the first feature map are determined may include

the following operation.



[ 0022] The mean vector and variance vector of the first feature map are

determined based on the preset normalization set.

[ 0023] Both a dimension of the mean vector and a dimension of the variance
vector may be the same as the number of normalization manners in the preset

normalization set.

[ 0024] A mean of the mean vector in in an i-th dimension may correspond to a
j-th normalization manner in the preset normalization set, and a variance of the
variance vector in the i-th dimension may correspond to the j-th normalization
manner in the preset normalization set, both i and j being integers greater than 0
and less than or equal to the number of the normalization manners in the preset

normalization set.

[ 0025] In the embodiments of the disclosure, the method may further include

the following operations.

[ 0026] A dimension of the learning parameter, a dimension of the first hyper-
parameter and a value of the first hyper-parameter in each dimension are
determined according to the number of the normalization manners in the preset
normalization set. A sum of values of the first hyper-parameter in each the
dimension is 1, the dimension of the first hyper-parameter is the same as the
dimension of the learning parameter, first hyper-parameter has the same value in

each dimension, and the sum of values in each dimension is 1.

[ 0027] A distance from a center to a vertex of the preset simplex is determined,
and the distance is determined as a preset threshold corresponding to the second
hyper-parameter. The preset simplex has a preset fixed value in each edge thereof
and the number of vertexes thereof is the same as the number of the
normalization manners, and the second hyper-parameter has a value greater than

0 and less than or equal to the preset threshold.



[ 0028] In the embodiments of the disclosure, the operation that the final
weight vector of the first feature map is calculated according to the first hyper-
parameter, second hyper-parameter and learning parameter in the preset

parameter set may include the following operations.

[ 0029] A first sub-weight vector is determined according to the second hyper-

parameter and the learning parameter.

[ 0030] If a distance between the first sub-weight vector and the first hyper-
parameter is greater than or equal to the second hyper-parameter, the first sub-

weight vector is determined as the final weight vector.

[ 0031] In the embodiments of the disclosure, after the operation that the first
sub-weight vector is determined according to the second hyper-parameter and the

learning parameter, the method may further include the following operations.

[ 0032] If the distance between the first sub-weight vector and the first hyper-
parameter is less than the second hyper-parameter, a second sub-weight vector is
determined according to the first hyper-parameter, the second hyper-parameter

and the first sub-weight vector.

[ 0033] If the second sub-weight vector is greater than or equal to 0, the second

sub-weight vector is determined as the final weight vector.

[ 0034] In the embodiments of the disclosure, after the operation that the
second sub-weight vector is determined according to the first hyper-parameter,
the second hyper-parameter and the first sub-weight vector, the method may

further include the following operations.

[ 0035] If the second sub-weight vector is less than zero, the first hyper-
parameter is updated according to the second sub-weight vector to obtain an

updated first hyper-parameter.



[ 0036] An updated second hyper-parameter is determined according to the
second hyper-parameter, the updated first hyper-parameter and a first hyper-

parameter that is not updated.

[ 0037] A third sub-weight vector is determined according to the second sub-

weight vector and the learning parameter.

[ 0038] The final weight vector is determined according to the updated first
hyper-parameter, the updated second hyper-parameter and the third sub-weight

vector.

[ 0039] In the embodiments of the disclosure, the operation that the mean
vector and the variance vector are correspondingly normalized according to the
first sub-normalization manner and the second sub-normalization manner to
obtain the normalized mean vector and the normalized variance vector

respectively may include the following operations.

[ 0040] A weight of the mean final weight vector in each dimension and a
weight of the mean vector in each dimension are multiplied in a one-to-one
correspondence manner, and products obtained in each dimension are added to

obtain the normalized mean vector.

[ 0041] A weight of the variance final weight vector in each dimension and a
variance of the variance vector in each dimension are multiplied in a one-to-one
correspondence manner to obtain a product in each dimension, and products

obtained in each dimension are added to obtain the normalized variance vector.

[ 0042] In the embodiments of the disclosure, the operation that the second
feature map is obtained according to the normalized mean vector, the normalized

variance vector and the first feature map may include the following operations.

[ 0043] A difference between the first feature map and the normalized mean



vector is determined.

[ 0044] A mean variance corresponding to a sum of the normalized variance

vector and a preset adjustment amount is determined.

[ 0045] A ratio of the difference to the mean variance is determined.

[ 0046] The ratio is scaled according to a preset scaling parameter to obtain a

scaled ratio.

[ 0047] The scaled ratio is adjusted according to a preset shift parameter to

obtain the second feature map.

[ 0048] The embodiments of the disclosure provide an image processing device,
which may include a first acquisition module, a first calculation module, a first

determination module and a first processing module.

[ 0049] The first acquisition module may be configured to acquire a first

feature map of an image to be processed.

[ 0050] The first calculation module may be configured to determine a final

weight vector of the first feature map.

[ 0051] The first determination module may be configured to determine a
target normalization manner corresponding to the first feature map in a preset

normalization set according to the final weight vector.

[ 0052] The first processing module may be configured to perform
normalization processing on the first feature map in the target normalization

manner to obtain a second feature map.

[ 0053] In the embodiments of the disclosure, the first acquisition module may

include a first extraction submodule.



[ 0054] The first extraction submodule may be configured to perform feature
extraction on the image to be processed by using a convolutional layer in a neural

network to obtain the first feature map.

[ 0055] Correspondingly, a preset parameter set may include a first hyper-
parameter, a second hyper-parameter and a learning parameter. The first

calculation module may include a first calculation submodule.

[ 0056] The first calculation submodule may be configured to calculate the
final weight vector of the first feature map according to the first hyper-parameter,

second hyper-parameter and learning parameter in the preset parameter set.

[ 0057] In the embodiments of the disclosure, the first calculation submodule

may include a first determination unit and a second determination unit.

[ 0058] The first determination unit may be configured to determine a preset
constraint condition according to the first hyper-parameter and the second hyper-

parameter.

[ 0059] The second determination unit may be configured to determine the
final weight vector of the first feature map according to the constraint condition
and the learning parameter. The learning parameter is configured to calculate the
final weight vector of the first feature map, the first hyper-parameter is
configured to represent a center of a preset simplex, and the second hyper-

parameter is configured to reduce a value range of the final weight vector.

[ 0060] In the embodiments of the disclosure, the preset constraint condition
may be that a distance between the final weight vector and the first hyper-
parameter is limited to be greater than or equal to a value of the second hyper-

parameter.

[ 0061] In the embodiments of the disclosure, the first acquisition module may



include a first determination submodule and a second determination submodule.
The first determination submodule may be configured to determine a mean vector

and variance vector of the first feature map.

[ 0062] The second determination submodule may be configured to determine
a mean final weight vector corresponding to the mean vector and a variance final
weight vector corresponding to the variance vector according to the preset

constraint condition and the learning parameter respectively.

[ 0063] Correspondingly, the first determination module may include a third
determination submodule, configured to correspondingly determine a first mean
sub-normalization manner and a second variance sub-normalization manner
according to the mean final weight vector and the variance final weight vector
respectively. The first sub-normalization manner and the second sub-

normalization manner are the same or different.

[ 0064] Correspondingly, the first processing module may include a first
normalization submodule and a fourth determination submodule. The first
normalization submodule may be configured to correspondingly normalize the
mean vector and the variance vector according to the first sub-normalization
manner and the second sub-normalization manner to obtain a normalized mean

vector and a normalized variance vector respectively.

[ 0065] The fourth determination submodule may be configured to obtain the
second feature map according to the normalized mean vector, the normalized

variance vector and the first feature map.

[ 0066] In the embodiments of the disclosure, the first determination

submodule may include a third determination unit.

[ 0067] The third determination unit may be configured to determine the mean

vector and variance vector of the first feature map based on the preset
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normalization set.

[ 0068] Both a dimension of the mean vector and a dimension of the variance
vector may be the same as the number of normalization manners in the preset

normalization set.

[ 0069] A mean of the mean vector in an i-th dimension may correspond to a j-
th normalization manner in the preset normalization set, and a variance of the
variance vector in the i-th dimension may correspond to the j-th normalization
manner in the preset normalization set, both 1 and j being integers greater than 0
and less than or equal to the number of the normalization manners in the preset

normalization set.

[ 0070] In the embodiments of the disclosure, the device may include a second

determination module and a third determination module.

[ 0071] The second determination module may be configured to determine a
dimension of the learning parameter, a dimension of the first hyper-parameter
and a value of the first hyper-parameter in each dimension according to the
number of the normalization manners in the preset normalization set. A sum of
the values of the first hyper-parameter in each the dimension is 1, the dimension
of the first hyper-parameter is the same as the dimension of the learning
parameter, the first hyper-parameter has the same value in each dimension, and

the sum of the values in each dimension is 1.

[ 0072] The third determination module may be configured to determine a
distance from a center to a vertex of the preset simplex and determine the
distance as a preset threshold corresponding to the second hyper-parameter. The
preset simplex has a preset fixed value for each edge and the number of vertexes
thereof is the same as the number of the normalization manners, and the second

hyper-parameter has a value greater than 0 and less than or equal to the preset
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threshold.

[ 0073] In the embodiments of the disclosure, the first calculation submodule

may include a fourth determination unit and a fifth determination unit.

[ 0074] The fourth determination unit may be configured to determine a first
sub-weight vector according to the second hyper-parameter and the learning

parameter.

[ 0075] The fifth determination unit may be configured to determine the first
sub-weight vector as the final weight vector if a distance between the first sub-
weight vector and the first hyper-parameter is greater than or equal to the second

hyper-parameter.

[ 0076] In the embodiments of the disclosure, the device may further include a

fourth determination module and a fifth determination module.

[ 0077] The fourth determination module may be configured to determine a
second sub-weight vector according to the first hyper-parameter, the second
hyper-parameter and the first sub-weight vector, if the distance between the first
sub-weight vector and the first hyper-parameter is less than the second hyper-

parameter.

[ 0078] The fifth determination module may be configured to determine the
second sub-weight vector as the final weight vector if the second sub-weight

vector is greater than or equal to 0.

[ 0079] In the embodiments of the disclosure, the device may further include a
first updating module, a sixth determination module, a seventh determination

module and an eighth determination module.

[ 0080] The first updating module may be configured to update the first hyper-

parameter according to the second sub-weight vector to obtain an updated first
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hyper-parameter if the second sub-weight vector is less than zero.

[ 0081] The sixth determination module may be configured to determine an
updated second hyper-parameter according to the second hyper-parameter, the

updated first hyper-parameter and a first hyper-parameter that is not updated.

[ 0082] The seventh determination module may be configured to determine a
third sub-weight vector according to the second sub-weight vector and the

learning parameter.

[ 0083] The eighth determination module may be configured to determine the
final weight vector according to the updated first hyper-parameter, the updated

second hyper-parameter and the third sub-weight vector.

[ 0084] In the embodiments of the disclosure, the first normalization

submodule may include a first calculation unit and a second calculation unit.

[ 0085] The first calculation unit may be configured to multiply a weight of the
mean final weight vector in each dimension and a weight of the mean vector in
each dimension in a one-to-one correspondence manner to obtain a product in
each dimension, and add products obtained in each dimension to obtain the

normalized mean vector.

[ 0086] The second calculation unit may be configured to multiply a weight of
the variance final weight vector in each dimension and a variance of the variance
vector in each dimension in a one-to-one correspondence manner to obtain a
product in each dimension, and add products obtained in each dimension to

obtain the normalized variance vector.

[ 0087] In the embodiments of the disclosure, the fourth determination
submodule may include a first difference calculation unit, a third calculation unit,

a fourth calculation unit, a first scaling unit and a first adjustment unit.
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[ 0088] The first difference calculation unit may be configured to determine a

difference between the first feature map and the normalized mean vector.

[ 0089] The third calculation unit may be configured to determine a mean
variance corresponding to a sum of the normalized variance vector and a preset

adjustment amount.

[ 0090] The fourth calculation unit may be configured to determine a ratio of

the difference to the mean variance.

[ 0091] The first scaling unit may be configured to scale the ratio according to

a preset scaling parameter to obtain a scaled ratio.

[ 0092] The first adjustment unit may be configured to adjust the scaled ratio

according to a preset shift parameter to obtain the second feature map.

[ 0093] The embodiments of the disclosure provide a computer storage
medium, which stores computer-executable instructions that, when being
executed, cause to implement the steps of the image processing method provided

in the embodiments of the disclosure.

[ 0094] The embodiments of the disclosure provide a computer device, which
may include a memory and a processor. The memory is configured to store
computer-executable instructions. The processor is configured to execute the
computer-executable instructions in the memory to implement the steps in the

image processing method provided in the embodiments of the disclosure.

[ 0095] The embodiments of the application provide a computer program
product, which may include computer-executable instructions that, when being
executed, cause to implement the steps in the image processing method provided

in the embodiments of the disclosure.

[ 0096] In the embodiments of the disclosure, a Sparse SN (SSN) manner is
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adopted, and for each feature map, a normalization manner applicable to the
present feature map rather than a weighted combination of multiple types of

normalization is adaptively selected, so that redundant calculation is avoided.

BRIEF DESCRIPTION OF THE DRAWINGS

[ 0097] FIG. 1A is a composition structure diagram of a network architecture

according to an embodiment of the present disclosure.

[ 0098] FIG. 1B is an implementation flowchart of an image processing

method according to an embodiment of the present disclosure.

[ 0099] FIG. 2A is an implementation flowchart of an image processing

method according to an embodiment of the present disclosure.

[ 00100] FIG. 2B is another implementation flowchart of an image processing

method according to an embodiment of the present disclosure.

[ 00101] FIG. 2C is another implementation flowchart of an image processing

method according to an embodiment of the present disclosure.

[ 00102] FIG. 3 is a schematic diagram of a comparison result of weight vectors

obtained by different functions.

[ 00103] FIG. 4 is a schematic diagram of weight vectors obtained based on
different functions and different parameters according to an embodiment of the

disclosure.

[ 00104] FIG. 5 is a composition structure diagram of an image processing

device according to an embodiment of the disclosure.

[ 00105] FIG. 6 is a composition structure diagram of a computer device

15



according to an embodiment of the disclosure.

DETAILED DESCRIPTION

[ 00106] In order to make the purposes, technical solutions and advantages of
the embodiments of the disclosure clearer, specific technical solutions of the
disclosure will further be described in detail below in combination with the
drawings in the embodiments of the disclosure. The following embodiments are
adopted to describe the disclosure but not intended to limit the scope of the

disclosure.

[ 00107] First of all, the embodiments provide a network architecture. FIG. 1A
is a composition structure diagram of a network architecture according to an
embodiment of the disclosure. As shown in FIG. 1A, the network architecture
includes two or more computer devices 11 to 1N and a server 30. The computer
devices 11 to 1N interact with the server 31 through a network 21. The computer
device may be various types of computer devices with information processing
capability during implementation. For example, the computer device may include
a mobile phone, a tablet computer, a desktop computer and a personal digital

assistant, etc.

[ 00108] The embodiments provide an image processing method, which enables
to select the most suitable normalization manner for each normalization layer of a
neural network, so that a generalization ability of the neural network is improved,
and the testing process is accelerated. The method is applied to a computer
device, and functions realized by the method may be realized by calling a
program code through a processor in the computer device. Of course, the
program code may be stored in a computer storage medium. It can be seen that

the computer device at least includes the processor and the storage medium.
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[ 00109] FIG. 1B is an implementation flowchart of an image processing
method according to an embodiment of the disclosure. As shown in FIG. 1B, the

method includes the following steps.

[ 00110] In S101, a first feature map of an image to be processed is acquired.
Herein, the image to be processed may be an image with a complex appearance,
or may also be an image with a simple appearance. The operation S101 may be
implemented by a computer device. Furthermore, the computer device may be an
intelligent terminal. For example, it may be a mobile terminal device with a
wireless communication capability such as a mobile phone (for example, a
cellphone), a tablet computer and a notebook computer, or may also be an
immobile intelligent terminal device such as a desktop computer. The computer
device is configured for image recognition or processing. The first feature map
may be a first feature map obtained by performing feature extraction on the

image to be processed by use of a convolutional layer in a neural network.

[00111] In S102, a final weight vector of the first feature map is determined.
Herein, the final weight vector of the first feature map may be calculated
according to a preset parameter set, thereby determining the final weight vector
of the first feature map. The preset parameter set includes a first hyper-parameter,
a second hyper-parameter and a learning parameter. The first hyper-parameter u
is configured to represent a center of a preset simplex, the second hyper-
parameter r is configured to reduce a value range of the final weight vector, and a
value range of the second hyper-parameter r is greater than 0 and less than or
equal to a distance from a center to vertex of the preset simplex. In the
embodiment, a dimension of the learning parameter, a dimension of the first
hyper-parameter and a value of the first hyper-parameter in each dimension are
determined according to the number of normalization manners in a preset
normalization set, where a sum of the values of the first hyper-parameter in each

dimension is 1, the dimension of the first hyper-parameter is the same as the
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dimension of the learning parameter, the first hyper-parameter has the same the
value in each dimension and the sum of the values in each dimension is 1. Then,
a distance from the center to vertex of the preset simplex is determined, and the
distance is determined as a preset threshold corresponding to the second hyper-
parameter, where the preset simplex has a preset fixed value in each edge and the
number of vertexes thereof is the same as the number of the normalization
manners, and the second hyper-parameter has a value greater than 0 and less than
or equal to the preset threshold. For example, if the preset normalization set
includes three normalization manners (for example, BN, IN and LN), the preset
simplex is a regular triangle having a side length of root (2). The learning
parameter z is any three-dimensional vector, for example, z (0.5, 0.3, 0.2). The
first hyper-parameter is a three-dimensional vector u (1/3, 1/3, 1/3). It can be
seen that the second hyper-parameter is a radius of a circle originating from the
center of the simplex and gradually enlarged along a training process, namely the
second hyper-parameter is greater than O and less than the distance from the
center to vertex of the simplex. The preset normalization set includes multiple

normalization manners, for example, the preset normalization set {2 includes BN,

IN and LN and may be represented as Q= {BN,IN,LN}. The operation S102

may be implemented as follows. The final weight vector of the first feature map
is calculated at first according to the first hyper-parameter, second hyper-
parameter and learning parameter in the preset parameter set. Since an SSN
manner is adopted, then for each feature map, a normalization manner suitable
for the feature map, rather than a weighted combination of multiple
normalization manners, is selected in a completely sparse manner, so that
redundant calculation is avoided, and generalization ability of the neural network

is improved.

[ 00112] In S103, a target normalization manner corresponding to the first

feature map is determined in a preset normalization set according to the final
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weight vector. Herein, the final weight vector may be understood as a completely
sparse weight vector, namely a value of the weight vector only in one dimension

is 1, and values in the remaining dimensions are 0. The operation S103 may be

understood as follows: if the preset normalization set is Q={BN,IN,LN} , when

the final weight vector p is (0, 0, 1), it is indicated that the target normalization
manner is LN; when the final weight vector p is (0, 1, 0), it is indicated that the
target normalization manner is IN; and when the final weight vector p is (1, 0, 0),

it is indicated that the target normalization manner is BN.

[ 00113] In S104, normalization processing is performed on the first feature map
in the target normalization manner to obtain a second feature map. Herein, the
second feature map is a feature map obtained by performing normalization
processing on the first feature map in the target normalization manner. It can be
understood that, in the embodiment, the image is processed in the SSN manner
through the abovementioned processing steps, so that a suitable normalization
manner is selected more efficiently to process the image. The obtained second

feature map may be used for processing steps in subsequent deep learning.

[ 00114] In the embodiment of the disclosure, SSN is applied to the neural
network, and then the final weight vector is determined based on the preset
parameter set, thereby determining the target normalization manner. In such a
manner, for each feature map, a normalization manner applicable to the present
feature map, rather than a weighted combination of multiple types of
normalization, is adaptively selected, so that redundant calculation is avoided,

and generalization ability of the neural network is improved.

[ 00115] An embodiment provides an image processing method. FIG. 2A is an
implementation flowchart of an image processing method according to an
embodiment of the disclosure. As shown in FIG. 2A, the method includes the

following steps.
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[ 00116] In S201, feature extraction is performed on an image to be processed
by use of a convolutional layer in a neural network to obtain a first feature map.
Specifically, the image to be processed is input to the neural network, and feature
extraction is performed on a sample image through the convolutional layer to

obtain the first feature map.

[ 00117] In S202, a final weight vector of the first feature map is calculated
according to a first hyper-parameter, second hyper-parameter and learning
parameter in a preset parameter set. Specifically, the operation S202 may be
implemented as follows. First, a preset constraint condition is determined
according to the first hyper-parameter and the second hyper-parameter. Herein,
the preset constraint condition is that a distance between the final weight vector
and the first hyper-parameter is limited to be greater than or equal to a value of

the second hyper-parameter, and may be represented as that the final weight

vector p meets || p— u|| , 21 . Then, the final weight vector of the first feature map

is determined according to the preset constraint condition and the learning
parameter. Finally, the first feature map is normalized according to the final
weight vector to obtain a second feature map. In this way, the final weight vector
obtained based on the preset constraint condition and the learning parameter is

completely sparse during training.

[ 00118] In S203, a target normalization manner corresponding to the first
feature map in a preset normalization set is determined according to the final

weight vector.

[ 00119] In S204, normalization processing is performed on the first feature map

in the target normalization manner to obtain a second feature map.

[ 00120] In the embodiment, the neural network is trained based on the input
learning parameter z and the constraint condition, so that the final weight vector
of the obtained feature map is completely sparse. As a result, for the image to be
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processed input to the neural network, the normalization manner suitable for the
feature map can be adaptively selected to normalize the feature map, so that
redundant calculation is avoided, and generalization ability of the neural network

is improved.

[ 00121] An embodiment provides an image processing method. FIG. 2B is
another implementation flowchart of an image processing method according to
an embodiment of the disclosure. As shown in FIG. 2B, the method includes the

following steps.

[ 00122] In S221, a first feature map of an image to be processed is acquired.

[ 00123] In S222, a mean vector and variance vector of the first feature map are
determined. Specifically, the mean vector and variance vector of the first feature
map are determined based on a preset normalization set. Both a dimension of the
mean vector and a dimension of the variance vector are the same as the number
of normalization manners in the preset normalization set. A mean of the mean
vector in the i-th dimension corresponds to the j-th normalization manner in the
preset normalization set, and a variance of the variance vector in the i-th
dimension corresponds to the j-th normalization manner in the preset
normalization set, 1 and j being integers greater than 0 and less than or equal to

the number of the normalization manners in the preset normalization set. For

example, the preset normalization set is Q= {BN,IN,LN}, the mean value and

variance vector of the first feature map are determined based on the
normalization set, where both the mean vector and the variance vector are three-
dimensional vectors, a mean of the mean vector in the first dimension
corresponds to IN, a mean in the second dimension corresponds to BN, and a

mean in the third dimension corresponds to LN.

[ 00124] In S223, a mean final weight vector corresponding to the mean vector
and a variance final weight vector corresponding to the variance vector are
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determined according to a preset constraint condition and a learning parameter
respectively. The operations S222 and S223 provide a manner for implementing
the operation that "a final weight vector of the first feature map is determined". In
this manner, a preset condition is preset so that the final weight vector obtained is
a completely sparse weight vector, namely a value of in the weight vector in only

one dimension is 1 and values in the remaining dimensions are 0.

[ 00125] In S224, a first mean sub-normalization manner and a second variance
sub-normalization manner are correspondingly determined according to the mean
final weight vector and the variance final weight vector respectively. Herein, the
first sub-normalization manner and the second sub-normalization manner are the

same or different. For example, if the preset normalization set is

Q={BN,IN,LN}, when the mean final weight vector is (0, 0, 1), the first mean

sub-normalization manner is LN, and when the variance final weight vector is (0,

1, 0), the second variance sub-normalization manner is IN.

[ 00126] In S225, the mean vector and the variance vector are correspondingly
normalized according to the first sub-normalization manner and the second sub-
normalization manner to obtain a normalized mean vector and a normalized
variance vector respectively. For example, if the mean final weight vector is (0, 0,
1), namely the first mean sub-normalization manner is LN, normalization
processing is performed on the mean vector by LN to obtain the normalized mean
vector. If the variance final weight vector is (0, 1, 0), namely the second variance
sub-normalization manner is IN, normalization processing is performed on the

variance vector by IN to obtain the normalized variance vector.

[ 00127] In S226, a second feature map is obtained according to the normalized
mean vector, the normalized variance vector and the first feature map.
Specifically, the operation S226 may be implemented as follows. First, a weight

of the mean final weight vector in each dimension and a weight of the mean
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vector in each dimension are multiplied in a one-to-one correspondence, and
products obtained in each dimension are added to obtain the normalized mean
vector. Then, a weight of the variance final weight vector in each dimension and
a variance of the variance vector in each dimension are multiplied in a one-to-one
correspondence, and products obtained in each dimension are added to obtain the
normalized variance vector. Finally, the second feature map is obtained

according to the normalized mean vector and the normalized variance vector.

[ 00128] The operations S225 and S226 provide a manner for implementing the
operation that "normalization processing is performed on the first feature map in
a target normalization manner to obtain the second feature map". In this manner,
the first sub-normalization manner and second sub-normalization manner
corresponding to the mean vector and the variance vector respectively are
obtained to normalize the mean vector and the variance vector, so that

generalization ability of a neural network is enhanced.

[ 00129] In the embodiment of the disclosure, the final weight vectors
corresponding to the mean vector and the variance vector respectively are
obtained based on the preset constraint condition and the learning parameter, so
that the final weight vector is completely sparse; and the first feature map is
normalized based on the final weight vector to obtain the second feature map, so
that the neural network can adaptively select a normalization manner for the

image to be processed, and thus the calculation burden is reduced.

[ 00130] An embodiment provides an image processing method. FIG. 2C is
another implementation flowchart of an image processing method according to
an embodiment of the disclosure. As shown in FIG. 2C, the method includes the

following steps.

[ 00131] In S231, feature extraction is performed on an image to be processed

by use of a convolutional layer in a neural network to obtain a first feature map.
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[ 00132] In S232a, a first sub-weight vector is determined according to a second

hyper-parameter and a learning parameter. If a distance between the first sub-

Po-

weight vector *" and a first hyper-parameter u is greater than or equal to the

second hyper-parameter r, namely || Do —u||2 >r, S233a is executed, or otherwise

S232b is executed.

[ 00133] In S233a, if a distance between the first sub-weight vector and a first
hyper-parameter is greater than or equal to the second hyper-parameter, the first
sub-weight vector is determined as a final weight vector. Following the operation
S233a, S232b is executed. The operations S232a and S233a provide a manner for
"determining the final weight vector", namely the first sub-weight vector is the
final weight vector responsive to determining that the first sub-weight vector

meets a preset constraint condition.

[ 00134] In S232b, if the distance between the first sub-weight vector and the
first hyper-parameter is less than the second hyper-parameter, a second sub-
weight vector is determined according to the first hyper-parameter, the second
hyper-parameter and the first sub-weight vector. Since the second hyper-
parameter has a value greater than 0 and less than a distance from a center to
vertex of a preset simplex, for the second hyper-parameter, research personnel
may autonomously set the second hyper-parameter to be any value from 0 to the
distance from the center to vertex of the preset simplex during training of the
neural network. Moreover, in the embodiment, if the second hyper-parameter is
closer to the distance from the center to vertex of the preset simplex, the weight
vector is sparser. Herein, if the second sub-weight vector P1 is greater than or

equal to 0, S233b is executed, or otherwise S232c¢ is executed.

[ 00135] In S233b, if the second sub-weight vector is greater than or equal to 0,
the second sub-weight vector is determined as the final weight vector. Herein,

following the S233b, S232c is executed. The operations S232b and S233b
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provide another manner for "determining the final weight vector", namely the
second sub-weight vector is calculated according to the first hyper-parameter, the
second hyper-parameter and the first sub-weight vector responsive to determining
that the first sub-weight vector does not meet the preset constraint condition; and
if the second sub-weight vector is greater than 0, the second sub-weight vector is

determined as the final weight vector.

[ 00136] In S232¢, if the second sub-weight vector is less than zero, the first
hyper-parameter is updated according to the second sub-weight vector to obtain

an updated first hyper-parameter. For example, the first hyper-parameter is

u =max{

(1921)’ ,0},1=1,2,3, where i = 1,2,3 corresponds to the normalization

manners BN, IN and LN respectively.

[ 00137] In S233c¢, an updated second hyper-parameter is determined according
to the second hyper-parameter, the updated first hyper-parameter and a first

hyper-parameter that is not updated. The updated second hyper-parameter r’ may

2

be represented as r'=,[r’ —Hu —u'Hz :

[ 00138] In S234c, a third sub-weight vector is determined according to the
second sub-weight vector and the learning parameter. Herein, the second sub-

weight vector is mapped to a sparsemax function to obtain the third sub-weight

vector Py, namely P2 =SP4 semax(p,)

[ 00139] In S235¢, the final weight vector is determined according to the
updated first hyper-parameter, the updated second hyper-parameter and the third

sub-weight vector. Herein, the final weight vector p may be represented as

)

H +u . Determining the final weight vector may refer to determining
p,—u )

a mean final weight vector corresponding to a mean vector and a variance final
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weight vector corresponding to a variance vector according to the learning
parameter and the preset constraint condition that is determined according to the

first hyper-parameter and the second hyper-parameter.

[ 00140] The operations S232c¢c and S234c provide another manner for
"determining the final weight vector", namely, responsive to determining that the
second sub-weight vector is less than 0, the input learning parameter is updated
again to acquire the third sub-weight vector, and then the final weight vector is

obtained based on the third sub-weight vector.

[ 00141] In S233, the mean vector and the variance vector are correspondingly
normalized according to the mean final weight vector and the variance final
weight vector respectively to obtain a second feature map. Specifically, S233
may be implemented as follows. First, a weight of the mean final weight vector
in each dimension and a weight of the mean vector in each dimension are
correspondingly multiplied in a one-to-one correspondence, and products
obtained in each dimension are summed to obtain a normalized mean vector.
Then, a weight of the variance final weight vector in each dimension and a
variance of the variance vector in each dimension are correspondingly multiplied
in a one-to-one correspondence to obtain a product in each dimension, and
products obtained in each dimension are summed to obtain a normalized variance
vector. Finally, a difference between the first feature map and the normalized
mean vector is determined, a mean variance corresponding to a sum of the
normalized variance vector and a preset adjustment amount is determined, a ratio
of the difference to the mean variance is determined, and the ratio is adjusted
according to a preset scaling parameter and a preset shift parameter to obtain the

second feature map.

[ 00142] In the embodiment, multiple determinations are made based on the first

learning parameter and the preset constraint condition so that the final weight
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vector is completely sparse, and the first feature map is normalized based on the
final weight vector to obtain the second feature map, so that fewer parameters are
involved in the normalization manner and generalization ability of a deep neural

network is enhanced.

[ 00143] In the embodiments of the disclosure, a completely sparse function
(sparsestmax) is proposed to replace a softmax function in SN, and a sparse
optimization problem is converted to forward calculation of a neural network, so
that the weighting coefficient is completely sparse, and thus the most suitable
normalization operations, rather than weighted combinations of normalization
operation manners, can be selected for all normalization layers. In the

embodiments, an expression of SSN is specified as formula (1):

" hncz pkll’lk
[00144] hyy =y —=ke 18 (1):
\/Zk kaak +0
[ 00145] where p,, represents a weight corresponding to a mean vector of an

input feature map, p;, represents a weight corresponding to a variance vector of
Q e}

the feature map, > po=1> Zpk =1, Vp,,p, €{0,1} ; h,,c,] and hnc,, represent

k=1
feature maps before normalization and after normalization, ne[LN] , N

represents the number of samples in a small batch, c € [1, C], C is the number of
channels of the feature map, ie[1, H], H is a height of each channel in a space
dimension, j € [1, W], W is a weight of each channel in the space dimension, y
and 3 are conventional scaling and shift parameters respectively, and € is a preset

adjustment amount (which is a very small amount) for preventing instability of

the numerical value. For each pixel, the normalized mean is | — , and the
l’l’ pkluk
keQ

normalized variance is o —Zpk . In SSN, p, and p; are limited to be
keQ

variables of 0 or 1. In this case, only one of three values p,,, pin, and p;,, in the
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weight vector p=(p,,,p,,.»P,) i 1, and the others are 0. Q={/N,BN,LN}

represents the preset normalization set. y;, and 82 are the mean and variance,

corresponding to the normalization manners IN, BN and LN, of the feature map

respectively, where k € {1,2,3} corresponds to different normalization manners,

namely when k takes a value of 1, u; and 82 are the mean and variance that are
obtained in the normalization manner IN respectively; when k takes a value of 2,
W and 87 are the mean and variance that are obtained in the normalization
manner BN respectively; and when k takes a value of 3, y; and §7 are the mean
and variance that are obtained in the normalization manner LN respectively. In

the embodiment, a weight vector corresponding to the mean of the feature map is

represented as p =(p,,p,,p,), and a weight vector corresponding to the

variance of the feature map is represented as p =(p,, p,, p) .

[ 00146] In the formula (1), | Z Py ,
n c,i,j el,‘
2 1 2 . ..
o, = |]— Z (hm.i — ,uk) , I, represents a pixel range statistically calculated
k| (nci,jel,

in different normalization manners in the normalization set, h;;; 1s considered as
a pixel within I, and pixel ranges corresponding to the normalization manners

BN, IN and LN are represented as Iy, I;;, and I;,, respectively.

1, ={(ni.j)ne[LN].ie[LH],je[1xW]}|
[ 00147] I, ={(1 ])|l€[1 H] ]e[le]} (2);
I, ={(c i,j)lce[l,Clie[l,H], ]e[le]}
[ 00148] According to the formula (1), SSN selects a single normalization

manner from the normalization set, and if a sparse constraint Vp,, p, € {0,1} is

relaxed to a soft constraint Vp,, p, € (0,1), sparsification capability of SSN is
reduced.
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[ 00149] In the embodiment, p = f(z) is set as a function to learn the weight

vector p in SSN, where Z = (anazm,zln) s Zon » Zin and Zy, are network
parameters corresponding to statistics of three dimensions, which can be

optimized and learned using back propagation. Before presenting its formulation,

four requirements of p = f(z) are introduced in order to make SSN effective and

easy to use as much as possible.

[ 00150] (1) Unit length. The weight vector p is in unit length. The /, norm of p

is 1, and forall p, >0.

[ 00151] (2) Completely sparse. The weight vector p is completely sparse. In

other words, the function p = f(z) is required to return a one-hot vector where

only one weight is 1 and others are 0.

[ 00152] (3) Easy to use. SSN can be implemented as a module and easily
plugged to any network and task. For achieving this, all constraints of the weight

vector p have to be met and implemented in forward calculation of the network.
This is different from adding /,or ¢, penalty to a loss function, making model

development cumbersome because coefficients of theses penalties are often

sensitive to batch sizes, network architectures and tasks.
[ 00153] (4) Stability. The optimization of the weight vector p should be stable,
which means that p = f(z) should be capable to maintain sparsity in the training

phase. For example, training is difficult if p = f(z) returns a normalized value in

the present step and another normalized value in the next step.

[ 00154] Functions related to p = f(z) are softmax (z) and sparsemax (z), but

they do not meet all the above four requirements. Firstly, softmax(z) is employed
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in related art. However, its parameter z always have full support, that is, p; # 0,
which means the normalization manner is not sparse when the function softmax(z)
is employed. Secondly, another function is sparsemax (z) that extends softmax(z)
to generate a partially sparse distribution. Sparsemax (z) projecting z to its closest
point p on a (K-1)-dimensional simplex by minimizing the Euclidean distance

between p and z, as shown in formula (3):

[ 00155] sparsemax(z) ‘= arg min ||p - l||§ (3);
pEAK’l
[ 00156] where AK~1 represents a (K-1)-dimensional simplex that is a convex

polyhedron containing K vertexes. For example, when K is 3, A? represents a
two-dimensional simplex that is a regular triangle. Vertexes of the regular

triangle correspond to BN, IN and LN respectively.

[ 00157] FIG. 3 is a result diagram of weight vectors obtained by different
functions. As shown in FIG. 3, the point O represents an origin of a three-
dimensional coordinate system, the point 301 represents a weight vector output
by the function sparsestmax (z), the point 303 represents a weight vector output
by the function sparsemax (z), the point 303 represents a weight vector output by
the function softmax (z), the regular triangle represents a two-dimensional
simplex embedded into the three-dimensional coordinate system, and u is a
center of the simplex. The cube 31 represents a feature map corresponding to the
normalization manner IN and whose dimension is N x C x H x W, namely a
pixel range I;,, of pixels is calculated along a batch axis N. The cube 32
represents a feature map corresponding to the normalization manner BN and
whose dimension is N x C x H x W, namely a pixel range I, of pixels is
calculated along a spatial axis H x W. The cube 33 represents a feature map
corresponding to the normalization manner LN and whose dimension is N x C X
H x W, namely a pixel range [;,, of pixels is calculated along a channel axis C.

Each vertex of the regular triangle represents one of the three normalization
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manners. As shown in FIG. 3, the weight vector output by the softmax function is
closer to the center u of the simplex than the weight vectors output by the
sparsemax and sparsestmax functions. Through the sparsestmax function
disclosed in the embodiments of the disclosure, the final weight vector converges
to one of the vertexes of the simplex in an end-to-end manner, and only one
normalization manner is selected from the three normalization methods to
normalize the feature map. In other words, the weight vector p generated by the
sparsemax function is closer to a boundary of the simplex than the weight vector
p generated by the softmax function, and it is indicated that the sparsemax
function generates a higher sparse ratio than the softmax function. For example,
if a learning parameter z= (0.8, 0.6, 0.1), softmax (z) = (0.43, 0.35, 0.22) while
sparsemax (z) = (0.6, 0.4, 0), which indicates that, through the sparsemax
function, some elements of p may be 0, but the ratio that the weight vector is
completely sparse cannot be ensured because each point on the simplex may be a

solution to the formula (3).

[ 00158] For meeting all the constraints as discussed above, it is introduced in
the embodiments of the disclosure a sparsestmax function, which is a novel
sparse version of the softmax function. The sparsestmax function may be defined

as formula (4):

[ 00159] SparsestMax(z;r) .= arg min ||p - z||§ 4);

ped,

K T
={(peR |1 p=1,

K
[ 00160] where A, P—”Hz 2r,p 20} is a simplex

) ) ) r ) 1. .
with a circle constraint 1 7 =1, P‘“”z 27 . Herein, the vector quI 1S a

center of the simplex (i.e., a first hyper-parameter), 1 represents an all-1 vector, r

is a radius of a circle, and a center of the circle is the center of the simplex.

[ 00161] Compared with the sparsemax function, the sparsestmax function
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T
introduces a circular constraint 1 7 =1, "P‘“"z 21 that has an intuitively
geometric meaning. Unlike the solution space of the sparsemax function (where
the solution space is A“™), a solution space of sparsestmax is a circle with center

u and radius r excluded from a simplex.

[ 00162] For meeting the requirement of completely sparse requirement, the

radius r (i.e., a second hyper-parameter) is linearly increased from O to r. in the

training phase. 1. is a radius of a circumcircle of the simplex. When r =7, , the

solution space of the formula (4) only includes K vertexes of the simplex such

that the sparsestmax function is completely sparse.

[ 00163] In the embodiments, a sparsestmax-function-based SSN process may
be summarized as the following steps. In a first step, a first sub-weight vector py

is determined according to the learning parameter z, the first hyper-parameter u

and the second hyper-parameter r. In a second step, if || po—u”2 >r, a final

weight vector is p=po and a fourth step is executed, or otherwise a second sub-

weight vector p; is calculated, namely p = rﬁ-{-u . In a third step, if p, >0,
pO —u 2

the final weight vector is p=p; and the fourth step is executed, or otherwise an

updated first hyper-parameter u, an updated second hyper-parameter r and a third

p,~u
—u|
sz 2

is determined, where u'=max{%,0},i=1a2a3 , r'= ”z_Hu_”IHE and

p, = sparsemax(p,) . In the fourth step, it is determined that a mean of the

sub-weight vector p, are acquired and the final weight vector p =7

. . . 2 ) .
feature map 1s p= Zpk,uk and a variance is 0~ = Zpkak , where p’ is a final
keQ keQ

weight vector corresponding to the variance. A manner for acquiring the final

weight vector corresponding to the variance and a manner for acquiring a final
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weight vector corresponding to the mean are the same.

[ 00164] FIG. 4 is a schematic diagram of obtaining weight vectors based on
different functions and different parameters according to an embodiment of the
disclosure. FIG. 4(a) represents a weight vector p=(0.39, 0.32, 0.29) obtained by
the softmax function in the case of K=3 and z=(0.5, 0.3, 0.2). FIG. 4(b)
represents a weight vector p=(0.5, 0.3, 0.2) obtained by the sparsemax function in
the case of K=3 and z=(0.5, 0.3, 0.2). It can be seen that an output of the softmax
function is more uniform than an output of the sparsemax function. FIG. 4(c) to
FIG. 4(f) represent weight vectors obtained based on different radii (i.e., different
second hyper-parameters) when K=3. The sparsestmax function generates an

increasingly sparse output with gradually increasing r in training.

[ 00165] As shown in FIG. 4(b) and FIG. 4(c), given z= (0.5, 0.3, 0.2), and the

weight vector output by the sparsemax function is py= (0.5, 0.3, 0.2). When
r=0.15, po meets the constraint “ Po _”“2 > r . Therefore, py is also a solution to

the sparsestmax function. In such case, a calculation method of sparsestmax is

the same as that of sparsemax to return an optimal weight vector.

[ 00166] As shown in FIG. 4(d), when r increases to 0.3 and thus Hpo —“HZ sr
when po = (0.5, 0.3, 0.2), it implies that the preset constraint condition is not met.
In such case, sparsestmax returns to the point p; on the circle, which is calculated

by  projecting  po to a  plane of  the circle, namely

p=r—2 % 1 =(0.56,0.39,0.15) as the output.
[P =l

[ 00167] As shown in FIG. 4(e), when r=0.6, p; moves out of the simplex. In

this case, p; is projected back to the closest point on the simplex, i.e., p,, which is

then then pushed to p; by the sparsestmax function using an expression of ps, as

shown in the formula (5):
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[ 00168] po=r 2270 Ly (5)
|p2 =],

[ 00169] As shown in FIG. 4(f), when r=rc= 0.816, for K=3, the circle becomes

a circumcircle of the simplex, and p; moves to one of the three vertexes, which is

a point closest to py. In such case, the completely sparse final weight vector p;=(1,

0, 0) is as the output.

[ 00170] The sparsestmax function meets all the four requirements of p = f(2)

discussed before. Since the radius r increases from 0 to r. along with training,

the solution space of the weight vector output by the sparsestmax function is
reduced to the three vertexes of the simplex, and it is indicated that the weight

vector p output by the sparsestmax function is a unit length and is completely
sparse, namely the first two requirements of p = f(z) are met. For the third

requirement, the sparsestmax function is executed in forward calculation of the
deep network, instead of introducing an additional sparse regularization term to
the loss function, which avoids the case of difficulty to adjust the regularization
intensity, and thus is easy to use. For the fourth requirement, SSN may be trained

stably by the sparsestmax function, so that the fourth requirement is met. In
general, once p, = SparsestMax, (z; r) =0 for each k, z is zero. This property

reveals that an element of p, once being 0, will not "wake up" in the subsequent

training phase, which is favorable for maintaining sparsity in training.

[ 00171] As described above, the above property of different stages are checked.

Herein, (p—u) and || p—u”z represent a "parsing direction" and a "parsing

distance" respectively. If p, = 0, it is indicated that the k-th component in p is
much more important than others. Therefore, stop training p; is reasonable.
Pr = 0 occurs when pp moves to p; and then to p. In this case, it is indicated that

p1 has learned a good sparse direction before it moves out of the simplex.
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[ 00172] In the embodiments, the importance ratios in SN do not need to learn
the sparse distance. They focus on updating the sparse direction to regulate
relative magnitudes of IN, BN and LN in each training step. This property
intuitively reduces the difficulty when training the importance ratios. Let L be the
total number of normalization layers of a deep network. In training phase,
computational complexity is relatively low. However, SSN learns a completely
sparse selection of normalization manner, making it faster than that in the related
art in a testing stage. Unlike SN that needs to estimate statistics of IN, BN and
LN in each normalization layer, SSN computes statistics for only one
normalization manner. In such case, BN in SSN can be turned into a linear
transformation and then merge it to the previous convolution layer, so that the
generalization ability of the network is improved and the testing process is

accelerated, and moreover, generalization in the deep neural network is enhanced.

[ 00173] The embodiments of the disclosure provide an image processing device.
FIG. 5 is a composition structure diagram of an image processing device
according to an embodiment of the disclosure. As shown in FIG. 5, the device
500 includes a first acquisition module 501, a first calculation module 502, a first
determination module 503 and a first processing module 504. The first
acquisition module 501 is configured to acquire a first feature map of an image to
be processed. The first calculation module 502 is configured to determine a final
weight vector of the first feature map. The first determination module 503 is
configured to determine a target normalization manner corresponding to the first
feature map in a preset normalization set according to the final weight vector.
The first processing module 504 is configured to perform normalization
processing on the first feature map in the target normalization manner to obtain a

second feature map.

[ 00174] In the embodiment of the disclosure, the first acquisition module 501

includes a first extraction submodule, configured to perform feature extraction on
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the image to be processed by use of a convolutional layer in a neural network to
obtain the first feature map. Correspondingly, a preset parameter set includes a
first hyper-parameter, a second hyper-parameter and a learning parameter. The
first calculation module 502 includes a first calculation submodule, configured to
calculate the final weight vector of the first feature map according to the first
hyper-parameter, second hyper-parameter and learning parameter in the preset

parameter set.

[ 00175] In the embodiment of the disclosure, the first calculation submodule
includes: a first determination unit, configured to determine a preset constraint
condition according to the first hyper-parameter and the second hyper-parameter;
and a second determination unit, configured to determine the final weight vector
of the first feature map according to the constraint condition and the learning
parameter. The learning parameter is configured to calculate the final weight
vector of the first feature map, the first hyper-parameter is configured to
represent a center of a preset simplex and the second hyper-parameter is

configured to reduce a value range of the final weight vector.

[ 00176] In the embodiment of the disclosure, the preset constraint condition is
that a distance between the final weight vector and the first hyper-parameter is

limited to be greater than or equal to a value of the second hyper-parameter.

[ 00177] In the embodiment of the disclosure, the first acquisition module 501
includes: a first determination submodule, configured to determine a mean vector
and variance vector of the first feature map; and a second determination
submodule, configured to determine a mean final weight vector corresponding to
the mean vector and a variance final weight vector corresponding to the variance
vector according to the preset constraint condition and the learning parameter
respectively. Correspondingly, the first determination module 503 includes a

third determination submodule, configured to correspondingly determine a first
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mean sub-normalization manner and a second variance sub-normalization
manner according to the mean final weight vector and the variance final weight
vector respectively, where the first sub-normalization manner and the second
sub-normalization manner are the same or different. Correspondingly, the first
processing module 504 includes a first normalization submodule, configured to
correspondingly normalize the mean vector and the variance vector according to
the first sub-normalization manner and the second sub-normalization manner to
obtain a normalized mean vector and a normalized variance vector respectively;
and a fourth determination submodule, configured to obtain the second feature
map according to the normalized mean vector, the normalized variance vector

and the first feature map.

[ 00178] In the embodiment of the disclosure, the first determination submodule
includes a third determination unit, configured to determine the mean vector and
variance vector of the first feature map based on the preset normalization set.
Both a dimension of the mean vector and a dimension of the variance vector are
the same as the number of normalization manners in the preset normalization set,
a mean of the mean vector in the ith dimension corresponds to the jth
normalization manner in the preset normalization set, a variance of the variance
vector in the ith dimension corresponds to the jth normalization manner in the
preset normalization set, and both i1 and j being integers greater than 0 and less
than or equal to the number of the normalization manners in the preset

normalization set.

[ 00179] In the embodiment of the disclosure, the device includes: a second
determination module and a third determination module. The second
determination module is configured to determine a dimension of the learning
parameter, a dimension of the first hyper-parameter and a value of the first hyper-
parameter in each dimension according to the number of the normalization

manners in the preset normalization set. A sum of the values of the first hyper-
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parameter in each the dimension is 1, the dimension of the first hyper-parameter
is the same as the dimension of the learning parameter, the value of the first
hyper-parameter in each dimension is the same and the sum of the values in each
dimension is 1. The third determination module is configured to determine a
distance from the center to vertex of the preset simplex and determine the
distance as a preset threshold corresponding to the second hyper-parameter. The
preset simplex has a preset fixed value for each edge, and the number of vertexes
thereof is the same as the number of the normalization manners, and the second
hyper-parameter has a value greater than 0 and less than or equal to the preset

threshold.

[ 00180] In the embodiment of the disclosure, the first calculation submodule
includes: a fourth determination unit, configured to determine a first sub-weight
vector according to the second hyper-parameter and the learning parameter; and a
fifth determination unit, configured to determine the first sub-weight vector as
the final weight vector if a distance between the first sub-weight vector and the

first hyper-parameter is greater than or equal to the second hyper-parameter.

[ 00181] In the embodiment of the disclosure, the device further includes: a
fourth determination module, configured to determine a second sub-weight
vector according to the first hyper-parameter, the second hyper-parameter and the
first sub-weight vector, if the distance between the first sub-weight vector and the
first hyper-parameter is less than the second hyper-parameter; and a fifth
determination module, configured to determine the second sub-weight vector as
the final weight vector if the second sub-weight vector is greater than or equal to

0.

[ 00182] In the embodiment of the disclosure, the device further includes: a first
updating module, configured to update the first hyper-parameter according to the

second sub-weight vector to obtain an updated first hyper-parameter if the second
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sub-weight vector is less than 0; a sixth determination module, configured to
determine an updated second hyper-parameter according to the second hyper-
parameter, the updated first hyper-parameter and a first hyper-parameter that is
not updated; a seventh determination module, configured to determine a third
sub-weight vector according to the second sub-weight vector and the learning
parameter; and an eighth determination module, configured to determine the final
weight vector according to the updated first hyper-parameter, the updated second

hyper-parameter and the third sub-weight vector.

[ 00183] In the embodiment of the disclosure, the first normalization submodule
includes: a first calculation unit, configured to correspondingly multiply a weight
of the mean final weight vector in each dimension and a weight of the mean
vector in each dimension in a one-to-one correspondence, and add products
obtained in each dimension to obtain the normalized mean vector; and a second
calculation unit, configured to correspondingly multiply a weight in each
dimension in the variance final weight vector and a variance of the variance
vector in each dimension in a one-to-one correspondence and add products

obtained in each dimension to obtain the normalized variance vector.

[ 00184] In the embodiment of the disclosure, the fourth determination
submodule includes: a first difference calculation unit, configured to determine a
difference between the first feature map and the normalized mean vector; a third
calculation unit, configured to determine a mean variance corresponding to a sum
of the normalized variance vector and a preset adjustment amount; a fourth
calculation unit, configured to determine a ratio of the difference to the mean
variance; a first scaling unit, configured to scale the ratio according to a preset
scaling parameter to obtain a scaled ratio; and a first adjustment unit, configured
to adjust the scaled ratio according to a preset shift parameter to obtain the

second feature map.
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[ 00185] It is to be noted that descriptions of the above device embodiments are
similar to descriptions of the method embodiments and have beneficial effects
similar to those of the method embodiments. Technical details undisclosed in the
device embodiments of the disclosure may be understood with reference to the

descriptions about the method embodiments of the disclosure.

[ 00186] It is to be noted that, in the embodiments of the disclosure, when being
implemented in the form of software function modules and sold or used as an
independent product, the image processing method may also be stored in a
computer-readable storage medium. Based on such an understanding, the
technical solutions of the embodiments of the disclosure substantially or parts
making contributions to the conventional art may be embodied in the form of
software product, and the computer software product is stored in a storage
medium, including a plurality of instructions for enabling an instant messaging
device (which may be a terminal and a server, etc.) to perform all or part of the
method in each embodiment of the disclosure. The storage medium includes
various media capable of storing program codes such as a U disk, a mobile hard
disk, a Read Only Memory (ROM), a magnetic disk or an optical disk. As a
consequence, the embodiments of the disclosure are not limited to any specific

hardware and software combination.

[ 00187] Correspondingly, the embodiments of the disclosure provide a
computer storage medium, which stores computer-executable instructions that,
when being executed, cause to implement the steps of the image processing

method provided in the embodiments of the disclosure.

[ 00188] The embodiments of the disclosure provide a computer device, which
includes a memory and a processor. The memory is configured to store
computer-executable instructions. The processor is configured to execute the

computer-executable instructions in the memory to implement the steps in the
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image processing method provided in the embodiments of the disclosure.

[ 00189] FIG. 6 is a composition structure diagram of a computer device
according to an embodiment of the disclosure. As shown in FIG. 6, a hardware
entity of the computer device 600 includes a processor 601, a communication

interface 602 and a memory 603.

[ 00190] The processor 601 usually controls an overall operation of the

computer device 600.

[ 00191] The communication interface 602 may enable the computer device to

communicate with another terminal or server through a network.

[ 00192] The memory 603 is configured to store instructions and applications
executable by the processor 601, or may also cache data (for example, image data,
video data, voice communication data and video communication data) to be
processed or having been processed by the processor 601 and each module in the
computer device 600, or may be implemented through a flash or a Random

Access Memory (RAM).

[ 00193] The above descriptions about the instant computer device and storage
medium embodiments are similar to descriptions about the method embodiments
and beneficial effects similar to those of the method embodiments are achieved.
Technical details undisclosed in the instant communication device and storage
medium embodiments of the disclosure may be understood with reference to the

descriptions of the method embodiments of the disclosure.

[ 00194] It is to be understood that "one embodiment" and "an embodiment"
mentioned in the whole specification mean that specific features, structures or
characteristics related to the embodiment is included in at least one embodiment
of the disclosure. Therefore, "in one embodiment" or "in an embodiment"

appearing at any place of the whole specification does not always refer to the
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same embodiment. In addition, these specific features, structures or
characteristics may be combined in one or more embodiments in any proper
manner. It is to be understood that, in various embodiments of the disclosure, a
magnitude of a sequence number of each process does not mean an execution
sequence and the execution sequence of each process should be determined by its
function and an internal logic, and should not form any limit to an
implementation process of the embodiments of the disclosure. The sequence
numbers of the embodiments of the disclosure are adopted not to represent

superiority-inferiority of the embodiments but only for description.

[ 00195] It is to be noted that terms "include" and "comprise" or any other
variant thereof are intended to cover nonexclusive inclusions herein, so that a
process, method, object or device including a series of elements not only includes
those elements but also includes other elements which are not clearly listed or
further includes elements intrinsic to the process, the method, the object or the
device. Without more limitations, an element defined by the statement "including
a/an......" does not exclude existence of the same other elements in a process,

method, object or device including the element.

[ 00196] In some embodiments provided by the disclosure, it is to be understood
that the disclosed device and method may be implemented in another manner.
The device embodiment described above is only schematic, and for example,
division of the units is only logic function division, and other division manners
may be adopted during practical implementation. For example, multiple units or
components may be combined or integrated into another system, or some
characteristics may be neglected or not executed. In addition, coupling, direct
coupling or communication connection between various displayed or discussed
components may be indirect coupling or communication connection,
implemented through some interfaces, of the device or the units, and may be

electrical and mechanical or adopt other forms.
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[ 00197] The units described as separate parts may or may not be physically
separated, and parts displayed as units may or may not be physical units, namely
may be located in the same place, or may also be distributed to multiple network
units. Part or all of the units may be selected according to a practical requirement

to achieve the purposes of the solutions of the embodiments.

[ 00198] In addition, various functional units in each embodiment of the
disclosure may be integrated into a processing unit, or serve as an independent
unit, or and two or more units may also be integrated into a unit. The integrated
unit may be implemented in a hardware form, or may be implemented in form of

hardware and software functional unit.

[ 00199] Those of ordinary skill in the art should know that all or part of the
steps of the method embodiments may be implemented by related hardware
instructed by a program. The program may be stored in a computer-readable
storage medium, and when being executed, implement the steps of the method
embodiments. The storage medium includes: various media capable of storing
program codes, such as a mobile storage device, a ROM, a magnetic disk or a

compact disc.

[ 00200] Or, when being implemented in form of software functional module
and sold or used as an independent product, the integrated unit of the disclosure
may also be stored in a computer-readable storage medium. Based on such an
understanding, the technical solutions of the embodiments of the disclosure
substantially or parts making contributions to the conventional art may be
embodied in the form of software product, and the computer software product is
stored in a storage medium, including a plurality of instructions configured to
enable a computer device (which may be a personal computer, a server or the like)
to execute all or part of the method in various embodiments of the disclosure.

The storage medium includes various media capable of storing program codes
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such as a mobile hard disk, a ROM, a magnetic disk or a compact disc.

[ 00201] The above is only the specific implementation mode of the disclosure
and not intended to limit the scope of protection of the disclosure. Any
modifications or substitutes apparent to those skilled in the art shall fall within
the scope of protection of the disclosure. Therefore, the protection scope of the

disclosure shall be subject to the scope of protection of the claims.
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CLAIMS

1. An image processing method, comprising:
acquiring a first feature map of an image to be processed;
determining a final weight vector of the first feature map;

determining a target normalization manner corresponding to the first feature

map in a preset normalization set according to the final weight vector; and

performing normalization processing on the first feature map in the target

normalization manner to obtain a second feature map.

2. The method of claim 1, wherein acquiring the first feature map of the image to be

processed comprises:

performing feature extraction on the image to be processed by using a

convolutional layer in a neural network to obtain the first feature map; and

wherein, a preset parameter set comprises a first hyper-parameter, a second
hyper-parameter and a learning parameter; and determining the final weight vector of

the first feature map comprises:

calculating the final weight vector of the first feature map according to the first
hyper-parameter, the second hyper-parameter and the learning parameter in the preset

parameter set.

3. The method of claim 2, wherein calculating the final weight vector of the first
feature map according to the first hyper-parameter, second hyper-parameter and

learning parameter in the preset parameter set comprises:

determining a preset constraint condition according to the first hyper-

parameter and the second hyper-parameter; and

determining the final weight vector of the first feature map according to the
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constraint condition and the learning parameter, wherein the learning parameter is
configured to calculate the final weight vector of the first feature map, the first hyper-
parameter is configured to represent a center of a preset simplex and the second

hyper-parameter is configured to reduce a value range of the final weight vector.

4. The method of claim 3, wherein the preset constraint condition is that a distance
between the final weight vector and the first hyper-parameter is limited to be greater

than or equal to a value of the second hyper-parameter.

5. The method of claim 1, wherein determining the final weight vector of the first
feature map comprises: determining a mean vector and variance vector of the first
feature map, and determining, according to the preset constraint condition and the
learning parameter, a mean final weight vector corresponding to the mean vector and

a variance final weight vector corresponding to the variance vector respectively;

wherein determining the target normalization manner corresponding to the
first feature map in the preset normalization set according to the final weight vector
comprises: correspondingly determining a first mean sub-normalization manner and a
second variance sub-normalization manner according to the mean final weight vector
and the variance final weight vector respectively, wherein the first sub-normalization

manner and the second sub-normalization manner are the same or different; and

wherein performing normalization processing on the first feature map in the
target normalization manner to obtain the second feature map comprises:
correspondingly normalizing the mean vector and the variance vector according to the
first sub-normalization manner and the second sub-normalization manner to obtain a
normalized mean vector and a normalized variance vector; and obtaining the second
feature map according to the normalized mean vector, the normalized variance vector

and the first feature map.
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6. The method of claim 5, wherein determining the mean vector and variance vector

of the first feature map comprises:

determining the mean vector and variance vector of the first feature map based

on the preset normalization set,

wherein a dimension of the mean vector and a dimension of the variance
vector are the same as a number of normalization manners in the preset normalization

set,

wherein a mean of the mean vector in an i-th dimension correspond to a j-th
normalization manner in the preset normalization set, a variance of the variance vector
in the i-th dimension correspond to the j-th normalization manner in the preset
normalization set, i and j being integers greater than 0 and less than or equal to the

number of the normalization manners in the preset normalization set.

7. The method of any one of claims 2 to 6, comprising:

determining a dimension of the learning parameter, a dimension of the first
hyper-parameter and a value of the first hyper-parameter in each dimension according
to the number of the normalization manners in the preset normalization set, wherein a
sum of values of the first hyper-parameter in each dimension is 1, the dimension of
the first hyper-parameter is the same as the dimension of the learning parameter, the
first hyper-parameter has the same value in each dimension, and the sum of values in

each dimension 1s 1; and

determining a distance from a center to a vertex of a preset simplex, and
determining the distance as a preset threshold corresponding to the second hyper-
parameter, wherein the preset simplex has a preset fixed value for each edge and a
number of vertexes thereof is the same as the number of normalization manners, and
the second hyper-parameter has a value greater than 0 and less than or equal to the

preset threshold.
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8. The method of claim 2, wherein calculating the final weight vector of the first
feature map according to the first hyper-parameter, second hyper-parameter and

learning parameter in the preset parameter set comprises:

determining a first sub-weight vector according to the second hyper-parameter

and the learning parameter; and

determining the first sub-weight vector as the final weight vector if a distance
between the first sub-weight vector and the first hyper-parameter is greater than or

equal to the second hyper-parameter.

9. The method of claim 8, wherein after determining the first sub-weight vector
according to the second hyper-parameter and the learning parameter, the method

further comprises:

determining a second sub-weight vector according to the first hyper-parameter,
the second hyper-parameter and the first sub-weight vector if the distance between the
first sub-weight vector and the first hyper-parameter is less than the second hyper-

parameter; and

determining the second sub-weight vector as the final weight vector if the

second sub-weight vector is greater than or equal to 0.

10. The method of claim 9, wherein after determining the second sub-weight vector
according to the first hyper-parameter, the second hyper-parameter and the first sub-

weight vector, the method further comprises:

updating the first hyper-parameter according to the second sub-weight vector
to obtain an updated first hyper-parameter, if the second sub-weight vector is less than

Z€ro;

determining an updated second hyper-parameter according to the second
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hyper-parameter, the updated first hyper-parameter and a first hyper-parameter that is

not updated;

determining a third sub-weight vector according to the second sub-weight

vector and the learning parameter; and

determining the final weight vector according to the updated first hyper-

parameter, the updated second hyper-parameter and the third sub-weight vector.

11. The method of claim 5, wherein correspondingly normalizing the mean vector and
the variance vector according to the first sub-normalization manner and the second
sub-normalization manner to obtain the normalized mean vector and the normalized

variance vector respectively comprises:

multiplying a weight of the mean final weight vector in each dimension and a
weight of the mean vector in each dimension in a one-to-one correspondence manner,
and adding products obtained in each dimension to obtain the normalized mean vector;

and

multiplying a weight of the variance final weight vector in each dimension and
a variance of the variance vector in each dimension in a one-to-one correspondence
manner, and adding products obtained in each dimension to obtain the normalized

variance vector.

12. The method of claim 5, wherein obtaining the second feature map according to the
normalized mean vector, the normalized variance vector and the first feature map

comprises:

determining a difference between the first feature map and the normalized

mean vector;

determining a mean variance corresponding to a sum of the normalized

variance vector and a preset adjustment amount;
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determining a ratio of the difference to the mean variance;

scaling the ratio according to a preset scaling parameter to obtain a scaled ratio;

and

adjusting the scaled ratio according to a preset shift parameter to obtain the

second feature map.

13. An image processing device, comprising: a first acquisition module, a first
calculation module, a first determination module and a first processing module,

wherein

the first acquisition module is configured to acquire a first feature map of an

image to be processed;

the first calculation module is configured to determine a final weight vector of

the first feature map;

the first determination module is configured to determine a target
normalization manner corresponding to the first feature map in a preset normalization

set according to the final weight vector; and

the first processing module is configured to perform normalization processing
on the first feature map in the target normalization manner to obtain a second feature

map.

14. The device of claim 13, wherein the first acquisition module comprises:

a first extraction submodule, configured to perform feature extraction on the
image to be processed by using a convolutional layer in a neural network to obtain the

first feature map;

correspondingly, a preset parameter set comprises a first hyper-parameter, a
second hyper-parameter and a learning parameter; and wherein the first calculation

module comprises:
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a first calculation submodule, configured to calculate the final weight vector of
the first feature map according to the first hyper-parameter, the second hyper-

parameter and the learning parameter in the preset parameter set.

15. The device of claim 14, wherein the first calculation submodule comprises:

a first determination unit, configured to determine a preset constraint condition

according to the first hyper-parameter and the second hyper-parameter; and

a second determination unit, configured to determine the final weight vector of
the first feature map according to the constraint condition and the learning parameter,
wherein the learning parameter is configured to calculate the final weight vector of the
first feature map, the first hyper-parameter is configured to represent a center of a
preset simplex and the second hyper-parameter is configured to reduce a value range

of the final weight vector.

16. The device of claim 15, wherein the preset constraint condition is that a distance
between the final weight vector and the first hyper-parameter is limited to be greater

than or equal to a value of the second hyper-parameter.

17. The device of claim 13, wherein the first acquisition module comprises: a first
determination submodule, configured to determine a mean vector and variance vector

of the first feature map, and

a second determination submodule, configured to determine, according to the
preset constraint condition and the learning parameter, a mean final weight vector
corresponding to the mean vector and a variance final weight vector corresponding to

the variance vector respectively;

wherein the first determination module comprises a third determination

submodule, configured to correspondingly determine a first mean sub-normalization
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manner and a second variance sub-normalization manner according to the mean final
weight vector and the variance final weight vector respectively, wherein the first sub-
normalization manner and the second sub-normalization manner are the same or

different; and

wherein the first processing module comprises: a first normalization
submodule, configured to correspondingly normalize the mean vector and the
variance vector according to the first sub-normalization manner and the second sub-
normalization manner to obtain a normalized mean vector and a normalized variance

vector respectively, and

a fourth determination submodule, configured to obtain the second feature
map according to the normalized mean vector, the normalized variance vector and the

first feature map.

18. The device of claim 17, wherein the first determination submodule comprises:

a third determination unit, configured to determine the mean vector and

variance vector of the first feature map based on the preset normalization set,

wherein a dimension of the mean vector and a dimension of the variance
vector are the same as a number of normalization manners in the preset normalization

set,

wherein a mean of the mean vector in an i-th dimension correspond to a j-th
normalization manner in the preset normalization set, a variance of the variance vector
in the i-th dimension correspond to the j-th normalization manner in the preset
normalization set, i and j being integers greater than 0 and less than or equal to the

number of the normalization manners in the preset normalization set.

19. The device of any one of claims 14 to18, comprising:

a second determination module, configured to determine a dimensionality of
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the learning parameter, a dimension of the first hyper-parameter and a value of the
first hyper-parameter in each dimension according to the number of the normalization
manners in the preset normalization set, wherein a sum of values of the first hyper-
parameter in each dimension is 1, the dimension of the first hyper-parameter is the
same as the dimension of the learning parameter, the first hyper-parameter has the

same value in each dimension, and the sum of values in each dimension is 1; and

a third determination module, configured to determine a distance from a center
to a vertex of a preset simplex and determine the distance as a preset threshold
corresponding to the second hyper-parameter, wherein the preset simplex has a preset
fixed value for each edge and a number of vertexes thereof is the same as the number
of normalization manners, and the second hyper-parameter has a value greater than 0

and less than or equal to the preset threshold.

20. The device of claim 14, wherein the first calculation submodule comprises:

a fourth determination unit, configured to determine a first sub-weight vector

according to the second hyper-parameter and the learning parameter; and

a fifth determination unit, configured to determine the first sub-weight vector
as the final weight vector if a distance between the first sub-weight vector and the first

hyper-parameter is greater than or equal to the second hyper-parameter.

21. The device of claim 20, further comprising:

a fourth determination module, configured to determine a second sub-weight
vector according to the first hyper-parameter, the second hyper-parameter and the first
sub-weight vector if the distance between the first sub-weight vector and the first

hyper-parameter is less than the second hyper-parameter; and

a fifth determination module, configured to determine the second sub-weight

vector as the final weight vector if the second sub-weight vector is greater than or
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equal to 0.

22. The device of claim 21, further comprising:

a first updating module, configured to update the first hyper-parameter
according to the second sub-weight vector to obtain an updated first hyper-parameter,

if the second sub-weight vector is less than zero;

a sixth determination module, configured to determine an updated second
hyper-parameter according to the second hyper-parameter, the updated first hyper-

parameter and a first hyper-parameter that is not updated;

a seventh determination module, configured to determine a third sub-weight

vector according to the second sub-weight vector and the learning parameter; and

an eighth determination module, configured to determine the final weight
vector according to the updated first hyper-parameter, the updated second hyper-

parameter and the third sub-weight vector.

23. The device of claim 17, wherein the first normalization submodule comprises:

a first calculation unit, configured to multiply a weight of the mean final
weight vector in each dimension and a weight of the mean vector in each dimension in
a one-to-one correspondence manner, and add products obtained in each dimension to

obtain the normalized mean vector; and

a second calculation unit, configured to multiply a weight of the variance final
weight vector in each dimension and a variance of the variance vector in each
dimension in a one-to-one correspondence manner, and add products obtained in each

dimension to obtain the normalized variance vector.

24. The device of claim 17, wherein the fourth determination submodule comprises:
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a first difference calculation unit, configured to determine a difference

between the first feature map and the normalized mean vector;

a third calculation unit, configured to determine a mean variance
corresponding to a sum of the normalized variance vector and a preset adjustment

amount;

a fourth calculation unit, configured to determine a ratio of the difference to

the mean variance;

a first scaling unit, configured to scale the ratio according to a preset scaling

parameter to obtain a scaled ratio; and

a first adjustment unit, configured to adjust the scaled ratio according to a

preset shift parameter to obtain the second feature map.

25. A computer storage medium, having stored therein computer-executable
instructions that, when being executed, enable to implement the steps of the method of

any one of claims 1 to 12.

26. A computer device, comprising a memory and a processor, wherein the memory is
configured to store computer-executable instructions, and the processor is configured
to execute the computer-executable instructions in the memory to implement the steps

of the method of any one of claims 1 to 12.

27. A computer program product, comprising computer-executable instructions that,
when being executed, enable to implement the steps of the method of any one of

claims 1 to 12.
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