DATA PROCESSING METHOD AND APPARATUS, ELECTRONIC
DEVICE AND STORAGE MEDIUM

CROSS-REFERENCE TO RELATED APPLICATION

[ 0001] This application is based upon and claims priority to Chinese patent
application No. 201811089872 .4 filed on September 18, 2018, the disclosure of which is

hereby incorporated by reference in its entirety.

TECHNICAL FIELD

[ 0002] The application relates, but is not limited, to the field of information
technology, and in particular to a data processing method and apparatus, an electronic

device and a storage medium.

BACKGROUND

[ 0003] In motion sensing scenarios such as a motion sensing game, a motion sensing
device typically needs to be worn by a body. The motion sensing device collects a Three-
Dimensional (3D) posture of the body and transmits the 3D posture to a controlled device,
thus controlling the controlled device. For control of such controlled device, the motion

sensing device is often used.

SUMMARY

[ 0004] In view of this, embodiments of the application are intended to provide a data

processing method and apparatus, an electronic device and a storage medium.

[ 0005] The technical solutions of the application are implemented as follows.



[ 0006] A data processing method is provided, which may include the following

operations.

[ 0007] First two-dimensional (2D) coordinates of key points are converted into second
2D coordinates according to actual depth values of the key points of a target in an image
and reference depth values, the second 2D coordinates and the reference depth values

forming first 3D features of the key points.
[ 0008] A 3D posture of the target is obtained based on the first 3D features.

[ 0009] A data processing apparatus is provided, which may include a first conversion

module and a first obtaining module.

[ 0010] The first conversion module is configured to convert first 2D coordinates of
key points into second 2D coordinates according to reference depth values and actual
depth values of key points of a target in an image, the second 2D coordinates and the

reference depth values forming first 3D features of the key points.

[0011] The first obtaining module is configured to obtain a 3D posture of the target
based on the first 3D features.

[ 0012] A computer storage medium is provided, having stored therein computer
executable codes; where the computer executable codes, when being executed, enable to

implement the data processing method provided by one or more technical solutions.

[ 0013] An electronic device is provided, which may include: a memory, and a
processor. The memory is configured to store information. The processor is connected to
the memory and configured to execute computer executable instructions stored on the
memory to implement the data processing method provided by one or more technical

solutions.

[ 0014] According to the technical solutions provided by the embodiments of the
application, a 3D image of the target may be collected, where the 3D image includes a
2D image and a depth image, the depth image is used for providing a depth value of a

distance between an identification target and a camera, and the 3D image is used for



providing a posture of a target such as a Red Green Blue (RGB) or a Luma and Chroma
(YUV) in a 2D imaging plane. Therefore, the 3D image may be used to acquire a 3D
posture of the target. For example, by processing of the 3D image through a deep
learning module such as a neural network, the 3D posture of the target within a 3D space
may be extracted. However, during collection of images, the target moves back and forth
relative to the camera, such that the depth value in the collected depth image of the
camera changes. If the deep learning module can identify 3D postures of targets at
different distances, training samples at specific distances are to be used for training on
one hand, which has a large training difficulty and a long training cycle; and on the other
hand, even though various training samples at specific distances are used for training, the
training effect of the deep learning module may not be sufficiently good and thus the
extraction precision on 3D postures of 3D images at different distances, that have
relatively small samples is still not enough. In the embodiments of the application, before
the first 3D features of the key points of the target in the 3D image are input to a depth
model, the target is translated in the 2D imaging plane, the actual depth values are
converted to the reference depth values, so that the first 3D features of the target at the
reference depth values may be obtained; and then the first 3D features are input to the
deep learning model for processing. Since the used reference depth value is the depth
value used during training of the deep learning module, the 3D posture of the target may
be accurately extracted, and both the sample and the time required for the training of the

deep learning module are reduced.

BRIEF DESCRIPTION OF THE DRAWINGS

[ 0015] FIG. 1A is a flowchart schematic diagram of a data processing method

provided by an embodiment of the application.

[ 0016] FIG. 1B is a flowchart schematic diagram of a data processing method

provided by an embodiment of the application.

[ 0017] FIG. 2 is a conversion schematic diagram illustrating that a first 2D coordinate

is converted into a second 2D coordinate provided by an embodiment of the application.



[ 0018] FIG. 3 is a schematic diagram of key points provided by an embodiment of the

application.

[ 0019] FIG. 4 is a schematic diagram of a translation effect of a target in a 2D image

provided by an embodiment of the application.

[ 0020] FIG. 5 is a schematic diagram for obtaining first 2D coordinates of key points

provided by an embodiment of the application.

[ 0021] FIG. 6A is a schematic diagram of key points and a reference point provided

by an embodiment of the application.

[ 0022] FIG. 6B is another schematic diagram of key points provided by an

embodiment of the application.

[ 0023] FIG. 7 is a structural schematic diagram of a data processing apparatus

provided by an embodiment of the application.

[ 0024] FIG. 8 is a structural schematic diagram of an electronic device provided by an

embodiment of the application.

[ 0025] FIG. 9 is a network schematic diagram of a neural network provided by an

embodiment of the application.

DETAILED DESCRIPTION

[ 0026] The technical solutions of the application are further described below in detail
in combination with the accompanying drawings and specific embodiments of the

specification.

[ 0027] As shown in FIG. 1A, an embodiment of the present application provides a

data processing method, which may include the following operations.

[ 0028] In S110, first 2D coordinates of the key points are converted into second 2D

coordinates according to reference depth values and actual depth values of key points of



a target in an image, the second 2D coordinates and the reference depth values forming

first 3D features of the key points.
[ 0029] In S120, a 3D posture of the target is obtained based on the first 3D features.

[ 0030] According to the data processing method provided by the embodiment, the
data processing method may be applied to one or more electronic devices. The electronic
device may include: a processor, which may implement one or more operations in the
data processing method through execution of executable instructions such as computer
programs. In some embodiments, a single electronic device may perform integrated data
processing, and multiple electronic devices may also be used to perform distributive data

processing.

[ 0031] The image may be a 3D image. The 3D image includes: a 2D image and a
depth image. The 2D image may be an RGB image or a YUV image, etc. The depth
image may be depth information collected by use of a depth collection module. The pixel
value of the depth information serves as the depth value. The depth value may be a
distance from the image collection module to the target. Herein, the actual depth value in

the embodiment of the application is related to the depth image.

[ 0032] By conversion from the first 2D coordinate to the second 2D coordinate, after
the actual depth value of the target is converted into the reference depth value, the 2D

coordinate of the key point of the target in a camera coordinate system is obtained.

[ 0033] In the operation S110, the first 3D features are obtained, through which the
deep learning module can accurately extract the 3D posture of the target. The first 3D
features are input to the deep learning module, and the depth model automatically outputs
the 3D posture of the target. The 3D posture may be represented by relative positions

between first 3D features in a 3D space coordinate system.

[ 0034] The first 3D feature herein may include: a coordinate and a reference depth

value in an image coordinate system.

[ 0035] For example, a 2D coordinate of a reference point of the target is obtained

based on the key point; and the 3D posture may be information representing a posture of



a collected object within a 3D space. Specifically, the 3D posture may be represented by
a relative position between each of the plurality of key points and the reference point.
Supposing that the 2D coordinate of the reference point within the 3D space is (0,0,0)
and the target is a human body, then the posture may be obtained by relative positions or
relative coordinates of multiple key points representing skeletons of the human body

relative to the reference point (0,0,0).

[ 0036] The reference point may be a central point between two ends of the hip of the
human body. For example, the key points may be: coordinate points for representing a
head, a neck, an elbow, a wrist, a hip, a knee and an ankle. Therefore, according to
relative positions of these key points relative to the reference point, translation distances
of the current human body that translates to the front, rear, left and right are obtained; an
orientation of a face may further be obtained according to a relative position between a
key point on the face and the reference point, such that rotation parameters of the human
head, such as a rotation amount and/or a rotation direction are obtained; and according to
a relative position between a key point on a trunk and the reference point, rotation
parameters of the trunk, such as a rotation amount and/or a rotation direction may be
determined. The key point on the face may be a point located on the nose, such as a
coordinate point of the nasal tip. The key point of the trunk may be a coordinate of a
central point on the chest. Certainly, the above are only examples of the key points and

the specific implementation is not limited thereto.

[ 0037] Further, if the target is a human body, a number of N+M second 2D
coordinates may be obtained according to coordinates of N key points in the operation
S110. The additional M second 2D coordinates may be generated according to first 2D
coordinates of the N key points. For example, the M may be 1, and the added one second
2D coordinate may be the 2D coordinate corresponding to the reference point of the

human body. The N may be 14.

[ 0038] In the operation S120, second 2D coordinates of N+1 key points and reference
depth values may be input to a deep learning module, and 3D coordinates of N+S key
points may be obtained and output as the 3D posture. The N key points in the N+S key

points are in one-to-one correspondence with the N key points of the first 2D coordinates,



and the S key points are generated based on the N key points.

[ 0039] For example, concerning the human body, the N first 2D coordinates may be:
14 key points, and the S may be equal to 3, i.e., first 3D features of 17 key points are
obtained finally. In some embodiments, one of the 17 key points serves as the reference
point. The reference point may be a central point of two ends (corresponding to two key
points) of the hip of the human body. The remaining two key points may be the
coordinate of the nasal tip on the face and the coordinate of the central point of the chest.
Certainly, here is only the example, and the specific implementation is not limited

thereto.

[ 0040] FIG. 6A may be a schematic diagram illustrating that a key point 0 is added
relative to 14 key points in FIG. 3. FIG. 6B may be a schematic diagram illustrating that
17 key points are generated based on 14 key points in FIG. 3. For the 17 key points in
FIG. 6B, a key point 0, a key point 15 and a key point 16 are added relative to the key
points in FIG. 3. The 2D coordinate of the key point 16 may be preliminarily determined
based on the 2D coordinates of the key point 1 and the key point 2, and the 2D coordinate
of the key point 15 may be determined according to the 2D coordinate of the key point 2
and the 2D coordinate of the key point 0. The key point 0 may serve as the reference

point provided in the embodiment of the application.

[ 0041] In the embodiment of the application, on one hand, during training of the deep
learning module such as the neural network, in order that 3D postures of the target in
different actual depths can be directly detected, training samples having different actual
depth values would be used to train the neural network. In such a case, more training
samples are need for training of the neural network, under which the convergence speed
of the deep learning module such as the neural network is slower, resulting in a long
training cycle. If the method in the embodiment is used, the deep learning module such as
the neural network may be trained only by using training samples having the same depth
value, such that the data amount of the training samples is small, and thus the
convergence speed of the deep learning module such as the neural network is fast and the
training cycle is short, etc. Therefore, the deep learning module such as the neural

network may be simplified.



[ 0042] On the other hand, if a single depth value (i.e., the reference depth value) is
used, the deep learning module (e.g., the neural network) does not sacrifice the extraction
accuracy on the 3D posture of the 3D coordinate corresponding to the single depth value
due to the different depth values, and thus the high extraction accuracy for the 3D posture

is achieved.

[ 0043] For the deep learning module of the first 3D features, in some embodiments,
operation S110 may include that: the second 2D coordinates are obtained according to
the first 2D coordinates and a ratio of the actual depth values to the reference depth

values.

[ 0044] Further, for example, the operation S110 may include that: the second 2D

coordinate is determined by using a following functional relationship:

[ 0045] X2=(X1*d)/D
[ 0046] Y2=(Y1*d)/D
[ 0047] Where, the X2 is a coordinate value of a second 2D coordinate in a first

direction, and the X1 is a coordinate value of the first 2D coordinate in the first direction.

[ 0048] The Y2 is a coordinate value of the second 2D coordinate in a second
direction, and the Y1 is a coordinate value of the first 2D coordinate in the second

direction, the second direction being perpendicular to the first direction.
[ 0049] The d is an actual depth value, and the D is a reference depth value.

[ 0050] The D may be a spatial distance with a unit of millimeter, centimeter or

decimeter, etc.

[ 0051] Referring to FIG. 2, ‘of” is a focal length for collecting the image (which may
be abbreviated as f), and may be obtained by querying camera parameters; and a second
2D coordinate and a reference depth value may be obtained through transformation of
trigonometric functions. The second 2D coordinate and the reference depth value form
the first 3D feature. The first 3D feature of a standard depth value is input to the deep

learning module, and the target 3D posture can be accurately extracted. Therefore, in



some embodiments, the distance denoted by the ‘od’ is the actual depth value and is
abbreviated as the d; and the distance denoted by the ‘oD’ is the reference depth value.
According to the trigonometric function relationship, y0/y1=t/d, and y2/y1=f/D, where
y0 denotes a first 2D coordinate, and the y2 denotes a second 2D coordinate. Therefore,
y2=(d*y0) /D.

[ 0052] In the embodiment, according to the 2D coordinate of the key point in the
collected image, a 2D coordinate of an actually collected image in the embodiment is
called a third 2D coordinate. As shown in FIG. 1B, the method may further include the

following operation.

[ 0053] In S100, the first 2D coordinate is obtained according to a second 3D feature

of the key point and an optical center position corresponding to the image.

[ 0054] For example, key points of a target body on the actually collected 2D image
may be key points on the body skeleton.

[ 0055] Multiple key points may be provided. For example, if the target is the human
body, the key points may include: 14 2D key points. Herein, the third 2D coordinate may
be obtained by processing the 2D image though the deep learning module of the 2D

image.

[ 0056] FIG. 3 illustrates 2D coordinates of key points corresponding to the skeleton of
the human body. In FIG. 3, 14 key points is represented by 14 black dots.

[ 0057] In some embodiments, the 2D image may be processed by use of the deep
learning module to obtain the third 2D coordinates. The third 2D coordinates and actual

depth values extracted from a depth image may form second 3D features.

[ 0058] When the 3D posture of the target is estimated based on first 3D features of the
target by using the deep learning module, the current target may be at different distances
from the image collection module; and if the deep learning module lacks of
corresponding training samples previously, the 3D posture of the target cannot be pre-
estimated accurately. However, if one deep learning module needs to accurately extract

the 3D posture of the target in the 3D image at different distances as much as possible, it



is necessary to introduce more training samples to process the deep learning module. As a
result, training of the deep learning module is difficult and the training cycle is long. The
deep learning module may be various neural networks, and may, for example, include a
network having 3D posture identification, such as a fully-connected network as well as a
residual module of a residual network. Hence, in the embodiment, in order to improve the
accuracy of the 3D posture of the target, the depth value in the first 3D feature of the key

point of the target is converted into the reference depth value.

[ 0059] For the sake of successfully converting the depth value in the first 3D feature
of the key point into the reference depth value, the third 2D coordinate is firstly to be
converted into the first 2D coordinate, such that the converted 2D coordinate is located

on an optical axis of the image.

[ 0060] FIG. 4 illustrates a 2D image. The photographed person is originally located at
a non-central position in the photo; and by means of coordinate translation based on the
optical central position, the person represented by the solid line in FIG. 4 may be moved
from a position where the third 2D coordinate is located to a position where the first 2D
coordinate represented by the dotted line is located. By translating of a reference point in
the key points on a camera plane, the reference point is moved to the optical axis of the
camera plane, which reduces the interference compared with a manner that the third 2D
coordinate is directly input to the deep learning module, and the accuracy of the 3D
posture is improved; and at the meantime, the data and/or duration required for training
of the deep learning module that extracts the 3D posture is reduced, such that the training

of the deep learning module is further simplified and the training rate is improved.

[ 0061] Multiple manners are provided to convert the third 2D coordinate into the first

2D coordinate, and one optional manner is provided as follows.
[ 0062] As shown in FIG. 5, the operation S100 may include the following operations.

[ 0063] In S101, second 3D features of the key points are moved to enable a 3D feature
of the reference point in the key points is translated to the optical center position, and the

third 3D features of the key points are obtained.

[ 0064] In S102, the third 3D features are projected to a 2D imaging plane to obtain

10



first 2D coordinates.

[ 0065] In the embodiment, if the second 3D features of the key points in the deep
learning module (e.g., the neutral network) in the 3D image excludes the second 3D
feature of the reference point, the 2D coordinate of the reference point may be obtained
based on third 2D coordinates of other key points; the depth image is searched based on
the 2D coordinate of the reference point to obtain an actual depth value at a
corresponding position of the reference point; and the second 3D feature of the reference
point is obtained. Thereafter, all key points are moved overall in the operation 100, such
that, during the movement, the first 3D feature of the reference point is moved to the
optical center position, for example, at the optical center position (0,0,0). According to a
motion vector that the second 3D feature of the reference point moves to the optical
center position, second 3D features of other key points as well as a third 3D feature of the

reference point after being moved at the same motion vector may be derived.

[ 0066] After the third 3D features of all key points are obtained, the third 3D features
may be projected to the 2D imaging plane to obtain the first 2D coordinates as described
above.

[ 0067] With the movement of the second 3D coordinate, at least the reference point of

the target moves to the optical axis of the camera coordinate system of the image. The
extraction accuracy of the deep learning module such as the neural network for the 3D
posture of the target located on the optical axis is higher, such that the phenomenon of an
error due to the fact that the reference point of the target is not located on the optical axis
is reduced, and the accuracy of the 3D posture is improved. In some other embodiments,
if the target is the body skeleton, the first 3D feature of the reference point is determined

based on second 3D features of two crotch key points in the key points.

[ 0068] As shown in FIG. 6B, the 2D coordinate of a reference point for the two key
points may be calculated according to third 2D coordinates of the key point 9 and the key

point 10. The coordinate at this point is the 2D coordinate of the reference point.

[ 0069] In some embodiments, the 2D coordinate of the reference point may be called

a 2D coordinate of a root node.
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[ 0070] In some embodiments, the reference point may be a reference point of the
target or a point close to a central position. In the embodiment, for the human body, a
reference point for the two crotch key points is used as the 2D coordinate of the reference

point, which is suitable for the specific structure of the human body.

[ 0071] In some embodiments, according to the method, the operation that the 3D
posture of the target is obtained based on the first 3D features may include that: a depth
value of the reference point is subtracted from depth values corresponding to the second
2D coordinates of the key points to obtain fourth 2D coordinates and depth values

corresponding to the fourth 2D coordinates;

[ 0072] normalization processing is performed on the fourth 2D coordinates and the
depth values corresponding to the fourth 2D coordinates to obtain normalized fourth 2D

coordinates and depth values corresponding to the normalized fourth 2D coordinates; and

[ 0073] the normalized fourth 2D coordinates and the depth values corresponding to
the normalized fourth 2D coordinates are processed by using a deep learning module to

obtain the 3D posture of the target.

[ 0074] For example, the normalized fourth 2D coordinates and the corresponding
depth values thereof are respectively input to the neural network; the neural network may
directly output the 3D posture; or, the neural network may output a fourth 3D feature that
is able to solve the 3D posture; and the 3D posture may be obtained based on the

conversion of the fourth 3D feature.

[ 0075] In the embodiment, by means of the normalization processing, the difference
caused by collection through cameras having different camera parameters may be
eliminated. Therefore, the problem of low accuracy of extraction on the 3D posture of the
deep learning module such as the neural network caused by the different camera
parameters is eliminated, and the extraction accuracy of the 3D posture of the target may

further be improved.

[ 0076] In some embodiments, the operation that the normalization processing is
performed on the fourth 2D coordinates and the depth values corresponding to the fourth

2D coordinates to obtain the normalized fourth 2D coordinates and the depth values

12



corresponding to the normalized fourth 2D coordinates may include the following

operations.

[ 0077] Coordinate mean values and variances of the key points are obtained based on
the fourth 2D coordinates and the depth values corresponding to the fourth 2D

coordinates.

[ 0078] The normalized fourth 2D coordinates are obtained according to the coordinate
mean values and the variances as well as the fourth 2D coordinates and the depth values

corresponding to the fourth 2D coordinates.

[ 0079] Specifically, the mean value is represented by ‘Mean’, the variance is
represented by ‘Std’, and for one key point, the fourth 2D coordinate may be calculated

by using the following functional relationship:

[ 0080] X4' = (X4-Mean) /Stdx
[ 0081] Y4' = (Y4-Mean) /Stdy
[ 0082] The X4 is a coordinate value of the fourth 2D coordinate in a first direction,

the Y4 is a coordinate value of the fourth 2D coordinate in a second direction, the X4’ is
a coordinate value of the normalized fourth 2D coordinate in the first direction, the Y4’ is
a coordinate value of the normalized fourth 2D coordinate in the second direction, the
Stdx is a variance of the coordinate value in the first direction; and the Stdy is a variance

of the coordinate value in the first direction.

[ 0083] In some embodiments, the method may further include the following
operations.
[ 0084] An iterative operation of projecting the 3D posture to a 2D plane is performed

based on the actual depth values, so as to obtain a fifth 2D coordinate having a minimum

distance with a third 2D coordinate.

[ 0085] According to the fifth 2D coordinate and the first 3D feature, a rotation

parameter and a translation parameter of the target are obtained.
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[ 0086] In the embodiment, projecting the 3D posture to the 2D plane may include
that: the first 3D feature representing the 3D posture is projected to the 2D imaging plane

to obtain a 2D projection image in the 2D imaging plane.

[ 0087] Multiple projection manners are provided, and two optional manners are

provided hereinafter.

[ 0088] Optional manner 1: a 2D coordinate projected to the 2D imaging plane is
obtained according to the 3D posture and a projection matrix. For example, the 3D
posture is left multiplied with the projection matrix to obtain a coordinate projected to the
2D imaging plane. The projection matrix herein may be determined according to the

camera parameters and/or a projected empirical value.

[ 0089] Optional manner 2: a projection model capable of projecting the 3D posture to
the 2D imaging, for example, a projection neural network plane may be used, where the
3D posture serves as an input and the 2D coordinate projected to the 2D imaging plane

serves as an output.

[ 0090] After obtaining the output 2D coordinate projected to the 2D imaging plane
(i.e., the fifth 2D coordinate), a distance between the output 2D coordinate and the third
2D coordinate may be calculated; and a group of coordinates having a minimum distance
is selected to calculate the rotation parameter and the translation parameter. To sum up,
during projection, the depth value is removed and only the 2D coordinate in the 2D
imaging plane is remained. However, in the embodiment, the 3D posture is actually
calculated based on the reference depth value, and in such a case, the 3D posture may be
translated back to the position at the actual depth value by using the trigonometric
functional relationship shown in FIG. 2. In consideration of the processing error of the
deep learning module and the processing error of the camera, the 3D posture may be
projected to the 2D imaging plane based on the actual depth value and an approximate
value thereof. During projection, it is necessary to minimize the distance between the 2D
coordinate projected to the 2D plane and the actual third 2D coordinate. For example, the
minimum value between the fifth 2D coordinate and the third 2D coordinate may be

represented by the following function: min{(XS-X3)2 +(Y5-Y3)%).
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[ 0091] The (X5, Y5) is the fifth 2D coordinate, and the (X3, Y3) is the third 2D

coordinate.

[ 0092] Then, the rotation parameter R and the translation parameter T may be derived
by using the following functional relationship: arg ming r K[R|T] - S3 — S,. The S3 denotes
the first 3D feature of a key point, and the S, denotes the 2D coordinate of the key point.

[ 0093] As the actual depth value provides a depth range for iterative computation, for
example, the actual depth value plus an offset to obtain a maximum value of the depth
range, and the actual depth value is subtracted by an offset to obtain a minimum value of
the depth range, when the 3D posture is projected to the 2D projection plane, the actual
depth value may be selected in the depth range. The depth range is selected based on the
actual depth value for considering the following reasons that: the depth image collected
by the depth camera may be biased on one hand; and errors may occur in the network on
the other hand. In view of the above two aspects, the fault-tolerance processing is
performed through the depth range, such that the 3D posture is projected to the 2D
imaging plane to obtain the optimal fifth 2D coordinate, thereby estimating the rotation

parameter and/or the translation parameter.

[ 0094] The translation parameter may represent a translation state of the target, and
the rotation parameter may represent a rotation state of the target. The translation
parameter may include a translation displacement in each direction, and the rotation

parameter may include a rotation displacement in each direction.

[ 0095] In the embodiment of the application, since the actual depth value is known in
advance during iteration, the 3D posture may be projected to the 2D plane with the actual
depth value as the reference depth value in the depth range including the actual depth
value. Compared with the iterative computation in a condition where no actual depth
value provides the depth range, the number of iterations is greatly reduced, the computed

amount is saved, and the computation rate is improved.

[ 0096] As shown in FIG. 7, the embodiment provides a data processing apparatus,

which may include: a first conversion module 110 and a first obtaining module 120.

[ 0097] The first conversion module 110 is configured to convert, according to
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reference depth values and actual depth values of key points of a target in an image, first
2D coordinates of the key points into second 2D coordinates, the second 2D coordinates

and each of the reference depth values forming first 3D features of the key points.

[ 0098] The first obtaining module 120 is configured to obtain a 3D posture of the
target based on the first 3D features.

[ 0099] In some embodiments, the first conversion module 110 and the first obtaining
module 120 may be program modules. The program modules can implement, after being
executed by a processor, the conversion from the first 2D coordinate to the second 2D

coordinate and obtaining of the 3D posture.

[ 00100] In some other embodiments, the first conversion module 110 and the first
obtaining module 120 may further be a combination of a hardware module and a program

module, such as a complex programmable array or a field programmable array.

[ 00101] In some further embodiments, the first conversion module 110 and the first
obtaining module 120 may correspond to a hardware module, for example, the first
conversion module 110 and the first obtaining module 120 may be Application-Specific

Integrated Circuits (ASICs).

[ 00102] In some embodiments, the first conversion module 110 is configured to obtain
the second 2D coordinates according to the first 2D coordinates and a ratio of the actual

depth values to the reference depth values.

[ 00103] In some embodiments, the first conversion module 110 is configured to

determine the second 2D coordinates by using the following functional relationship:
[ 00104] X2 =(X1*d) /D
[00105] Y2=(Y1*d)/D

[ 00106] Where, the X2 is a coordinate value of a second 2D coordinate in a first

direction, and the X1 is a coordinate value of a first 2D coordinate in the first direction.

[ 00107] The Y2 is a coordinate value of the second 2D coordinate in a second
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direction, and the Y1 is a coordinate value of the first 2D coordinate in the second

direction, the second direction being perpendicular to the first direction.

[00108] The d is an actual depth value, and the D is a reference depth value.

[00109] In some embodiments, the apparatus may further include a second conversion
module.

[ 00110] The second conversion module is configured to obtain the first 2D coordinates

according to second 3D features of the key points and an optical center position
corresponding to the image. The second 3D features includes: third 2D coordinates

obtained based on a 2D image and actual depth values obtained based on a depth image.

[00111] In some embodiments, the second conversion module is configured to move
the second 3D features of the key points, such that a 3D feature of a reference point in the
key points is translated to the optical center position, and obtain third 3D features of the
key points; and project the third 3D features to a 2D imaging plane to obtain an optical

center position of the first 2D coordinates.

[00112] In some embodiments, if the target is human skeleton, the first 3D feature of
the reference point is determined based on second 3D features of two crotch key points in

the key points.

[00113] In some embodiments, the first obtaining module is configured to subtract a
depth value of the reference point from depth values corresponding to the second 2D
coordinates of the key points to obtain fourth 2D coordinates and depth values
corresponding to the fourth 2D coordinates; perform normalization processing on the
fourth 2D coordinates and the depth values corresponding to the fourth 2D coordinates to
obtain normalized fourth 2D coordinates and depth values corresponding to the
normalized fourth 2D coordinates; and process the normalized fourth 2D coordinates and
the depth values corresponding to the normalized fourth 2D coordinates by using a deep

learning module to obtain the 3D posture of the target.

[00114] In some embodiments, the first obtaining module 120 is configured to obtain,

based on the fourth 2D coordinates and the depth values corresponding to the fourth 2D
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coordinates, coordinate mean values and variances of the key points; and obtain the
normalized fourth 2D coordinates according to the coordinate mean values and the
variances as well as the fourth 2D coordinates and the depth values corresponding to the

fourth 2D coordinates.

[00115] In some embodiments, the apparatus may further include: an iteration module

and a second obtaining module.

[00116] The iteration module is configured to perform, based on the actual depth
values, an iterative operation of projecting the 3D posture to a 2D plane to obtain fifth 2D

coordinates having a minimum distance with the third 2D coordinates.

[00117] The second obtaining module is configured to obtain, according to the fifth 2D
coordinate and the first 3D feature, a rotation parameter and a translation parameter of

the target.

[00118] As shown in FIG. 8, the embodiment of the application provides an electronic

device, which may include a memory and a processor.
[00119] The memory is configured to store information.

[ 00120] The processor is connected to the memory and configured to implement, by
executing computer executable instructions stored on the memory, the data processing
method provided by one or more technical solutions, such as one or more of the methods

shown in FIG. 1A, FIG. 1B and FIG. 5.

[00121] The memory may be various types of memories, and may be a Random Access
Memory (RAM), a Read-Only Memory (ROM) and a flash memory, etc. The memory
may be configured to store the information, for example, store the computer executable
instructions, etc. The computer executable instructions may be various program

instructions, such as a target program instruction and/or a source program instruction.

[00122] The processor may be various types of processors, such as a central processor,
a microprocessor, a digital signal processor, a programmable array, a digital signal

processor, an ASIC or an image processor.
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[ 00123] The processor may be connected to the memory through a bus. The bus may be

an integrated circuit bus, etc.

[ 00124] In some embodiments, the terminal device may further include a
communication interface; and the communication interface may include: a network
interface such as a local area network interface, a transceiving antenna, etc. The
communication interface is also connected to the processor and can be configured to

receive and transmit the information.

[ 00125] In some embodiments, the terminal device may further include a human-
machine interaction interface. For example, the human-machine interaction interface may

include various input/output devices, such as a keyboard, and a touch screen.

[00126] An embodiment of the application provides a computer storage medium,
having stored therein computer executable codes that, after being executed, enable to
implement the data processing method provided by one or more technical solutions, such

as one or more of the methods shown in FIG. 1A, FIG. 1B and FIG. 5.

[00127] The storage medium includes various media capable of storing the program
codes such as a mobile storage device, an ROM, an RAM, a magnetic disk or an optical

disc. The storage medium may be a non-transient storage medium.

[00128] An embodiment of the application provides a computer program product,
which includes computer executable instructions that, after being executed, enable to
implement the data processing method provided by any of the above embodiments, such

as one or more of the methods shown in FIG. 1A, FIG. 1B and FIG. 5.

[ 00129] Several specific examples are provided below in combination with the above

embodiments.
[ 00130] Example 1:

[00131] In the example, a deep neural network is used to predict 2D and 3D key points
of' a human body and then a 3D vision algorithm is adopted to calculate a 3D posture of

the human body, which may specifically include the following operations.
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[00132] 2D positions of 14 key points of the human body in a 2D image are estimated
by using a 2D body key point estimation tool.

[ 00133] Actual depth values of the 14 key points of the body are extracted in a depth

image corresponding to the 2D image.

[ 00134] 2D coordinates corresponding to the actual depth values are converted into 2D
coordinates corresponding to reference depth values through a manner such as a

trigonometric function.

[ 00135] Normalization operation is performed on the converted 2D coordinates of all

key points by using camera intrinsic parameters.

[00136] A mean value and a standard deviation of each of the key points are counted
after the normalization for a further coordinate normalization operation, to obtain

normalized 2D coordinates and reference depth values.

[00137] The normalized 2D coordinates and the reference depth values are input to the
deep neural network, such that first 3D features of 3D key points are obtained from the
2D key points through the neural network. Based on the first 3D features, the 3D posture
may be obtained by using the 3D vision algorithm, etc. For example, the first 3D features

are optimized based on Perspective-n-Point (PnP) to obtain the 3D posture.

[00138] FIG. 9 illustrates a neural network for obtaining a 3D posture provided by the

example, which includes:
[00139] a fully-connected layer (Fc), a batching + ReLu layer and a Dropout layer.

[ 00140] The fully-connected layer obtains a first 3D feature of 14 key points and

outputs a 3D posture.
[00141] The neural network may be configured to extract the 3D posture.
[ 00142] Example 2:

[00143] The example provides data processing method, which may include the

following operations.
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[ 00144] A number of 2D body key points (corresponding to 2D coordinates) of an

input 2D image are obtained by using a deep neural network.

[ 00145] The 2D body key points are normalized by camera intrinsic parameters and
input to a second deep neural network, to obtain relative 3D key points relative to some

key points (generally the pelvis) of the human body.

[ 00146] At last, the obtained 2D key points and 3D key points are aligned to derive a
3D spatial posture of the human body by using a PnP algorithm.

[ 00147] Example 3: for each frame of 3D image, coordinates of 14 key points on the

image are obtained by using a key point detection tool of a 2D human body.

[ 00148] A 3D body skeleton (17 key points, in which the key point of the pelvis is
fixed at 0) is obtained by using an extraction network for the 3D key points with the

coordinates of the 2D key points obtained in the first step as an input.

[ 00149] The obtained two body key point models are aligned, such that each of the key

points is physically consistent.

[ 00150] In a case where an intrinsic parameter K of a current device is known, external
parameters R and T of a target body in a camera coordinate system are calculated, where
f X 0 Cx
K={0 f, ¢ |
0 0 1

[00151] The f;, fy, ¢x, ¢, may be obtained by calibrating the current device with a

Zhang Zhengyou calibration method. Supposing that the aligned 2D body skeleton is S,
and the 3D body skeleton is S5, the following formula may be optimized.

[ 00152] arg ming v K[R|T] - S3 — S,.

[ 00153] As a period of continuous video is used as an input, both the R and T in the
previous frame may be used to serve as initial values of the next frame. In the several
embodiments provided in the disclosure, it should be understood that the disclosed device
and method may be implemented in other manners. The device embodiment described

above is only schematic, and for example, division of the units is only logic function

21



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 features may be neglected or not executed. In addition, coupling or
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.

[ 00154] 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, and 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.

[ 00155] In addition, various function units in various embodiments of the disclosure
may be integrated into a processing module, various units may also exist independently,
and two or more than two units may also be integrated into one unit. The integrated unit
may be implemented in a hardware form, and may also be implemented in form of

hardware and software function unit.

[ 00156] Those of ordinary skill in the art should know that: all or part of the operations
of the abovementioned method embodiment may be implemented by instructing related
hardware through a program, the abovementioned program may be stored in a computer-
readable storage medium, and the program is executed to implement the operations of the
abovementioned method embodiment; and the storage medium includes: various media
capable of storing program codes such as mobile storage equipment, a Read-Only

Memory (ROM), a Random Access Memory (RAM), a magnetic disk or an optical disc.

[ 00157] The above is only the specific implementation mode of the disclosure and not
intended to limit the scope of protection of the disclosure. Any variations or replacements
apparent to those skilled in the art within the technical scope disclosed by the disclosure
shall fall within the scope of protection of the disclosure. Therefore, the scope of

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

1. A data processing method, comprising;:

converting, according to actual depth values of key points of a target in an
image and reference depth values, first two-dimensional (2D) coordinates of the key
points into second 2D coordinates, wherein the second 2D coordinates and the
reference depth values form first three-dimensional (3D) features of the key points;

and

obtaining, based on the first 3D features, a 3D posture of the target,

wherein before the converting, according to actual depth values of key points
of a target in an image and reference depth values, first 2D coordinates of the key

points into second 2D coordinates, the method further comprises:

obtaining the first 2D coordinates according to second 3D features of the key
points and an optical center position corresponding to the image, the second 3D
features comprising: third 2D coordinates obtained based on a 2D image and actual

depth values obtained based on a depth image.

2. The method of claim 1, wherein

converting, according to the actual depth values of the key points of the target
in the image and the reference depth values, the first 2D coordinates of the key points

into the second 2D coordinates comprises:

obtaining the second 2D coordinates according to the first 2D coordinates and

ratios of the actual depth values to the reference depth values.
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3. The method of claim 2, wherein

obtaining the second 2D coordinates according to the first 2D coordinates and

the ratios of the actual depth values to the reference depth values comprises:

determining the second 2D coordinates by using the following functional

relationship:

X2 = (X1*d)/D,

Y2 = (Y1*d)/D,

where, X2 is a coordinate value of a second 2D coordinate in a first direction,

and X1 is a coordinate value of a first 2D coordinate in the first direction;

Y2 is a coordinate value of the second 2D coordinate in a second direction,
and Y1 is a coordinate value of the first 2D coordinate in the second direction, the

second direction being perpendicular to the first direction; and

d is an actual depth value, and D is a reference depth value.

4. The method of claim 1, wherein

obtaining the first 2D coordinates according to the second 3D features of the

key points and the optical center position corresponding to the image comprises:

moving the second 3D features of the key points, such that a 3D feature of a
reference point in the key points is translated to the optical center position to obtain

third 3D features of the key points; and

projecting the third 3D features to a 2D imaging plane to obtain the first 2D

coordinates.
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5. The method of claim 4, wherein

if the target is a body skeleton, the 3D feature of the reference point is

determined based on second 3D features of two crotch key points in the key points.

6. The method of claim 4, wherein obtaining, based on the first 3D features, the 3D

posture of the target comprises:

subtracting a depth value of the reference point from depth values
corresponding to the second 2D coordinates of the key points to obtain fourth 2D

coordinates and depth values corresponding to the fourth 2D coordinates;

performing normalization processing on the fourth 2D coordinates and the
depth values corresponding to the fourth 2D coordinates to obtain normalized fourth
2D coordinates and depth values corresponding to the normalized fourth 2D

coordinates; and

processing the normalized fourth 2D coordinates and the depth values
corresponding to the normalized fourth 2D coordinates by using a deep learning

module to obtain the 3D posture of the target.

7. The method of claim 6, wherein

performing the normalization processing on the fourth 2D coordinates and the
depth values corresponding to the fourth 2D coordinate to obtain the normalized
fourth 2D coordinates and the depth values corresponding to the normalized fourth 2D

coordinates comprises:

obtaining, based on the fourth 2D coordinates and the depth values

corresponding to the fourth 2D coordinates, a coordinate mean and a variance of
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coordinates of the key points; and

obtaining the normalized fourth 2D coordinates according to the mean and the
variance as well as the fourth 2D coordinates and the depth values corresponding to

the fourth 2D coordinates.

8. The method of any one of claims 1 to 6, further comprising:

performing, based on the actual depth values, an iterative operation of
projecting the 3D posture to a 2D plane to obtain fifth 2D coordinates having a

minimum distance with the third 2D coordinates; and

obtaining a rotation parameter and a translation parameter of the target

according to the fifth 2D coordinates and the first 3D features.

9. A data processing apparatus, comprising:

a first conversion module, configured to convert, according to actual depth
values of key points of a target in an image and reference depth values, first
two-dimensional (2D) coordinates of the key points into second 2D coordinates,
wherein the second 2D coordinates and the reference depth values form first

three-dimensional 3D features of the key points; and

a first obtaining module, configured to obtain, based on the first 3D features, a

3D posture of the target,

wherein the apparatus further comprises:

a second conversion module, configured to obtain the first 2D coordinates
according to second 3D features of the key points and an optical center position

corresponding to the image, the second 3D features comprising: third 2D coordinates
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obtained based on a 2D image and actual depth values obtained based on a depth

image.

10. The apparatus of claim 9, wherein

the first conversion module is configured to obtain the second 2D coordinates
according to the first 2D coordinate and ratios of the actual depth values to the

reference depth values.

11. The apparatus of claim 10, wherein

the first conversion module is configured to determine the second 2D

coordinates by using the following functional relationship:
X2=(X1*d)/D,
Y2=(Y1*d)/D,

where, X2 is a coordinate value of a second 2D coordinate in a first direction,

and X1 is a coordinate value of a first 2D coordinate in the first direction;

Y2 is a coordinate value of the second 2D coordinate in a second direction,
and Y1 is a coordinate value of the first 2D coordinate in the second direction, the

second direction being perpendicular to the first direction; and

d is an actual depth value, and D is a reference depth value.

12. The apparatus of claim 9, wherein

the second conversion module is configured to move the second 3D features of
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the key points, such that a 3D feature of a reference point in the key points is
translated to the optical center position to obtain third 3D features of the key points;
and project the third 3D features to a 2D imaging plane to obtain an optical center

position of the first 2D coordinates.

13. The apparatus of claim 12, wherein

if the target is a body skeleton, the 3D feature of the reference point is

determined based on second 3D features of two crotch key points in the key points.

14. The apparatus of claim 12, wherein

the first obtaining module is configured to subtract a depth value of the
reference point from depth values corresponding to the second 2D coordinates of the
key points to obtain fourth 2D coordinates and depth values corresponding to the
fourth 2D coordinates; perform normalization processing on the fourth 2D coordinates
and the depth values corresponding to the fourth 2D coordinates to obtain normalized
fourth 2D coordinates and depth values corresponding to the normalized fourth 2D
coordinates; and process the normalized fourth 2D coordinates and the depth values
corresponding to the normalized fourth 2D coordinates by using a deep learning

module to obtain the 3D posture of the target.

15. The apparatus of claim 14, wherein

the first obtaining module is configured to obtain, based on the fourth 2D
coordinates and the depth values corresponding to the fourth 2D coordinates, a mean
and a variance of coordinates of the key points; and obtain the normalized fourth 2D

coordinates according to the mean and the variance as well as the fourth 2D
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coordinates and the depth values corresponding to the fourth 2D coordinates.

16. The apparatus of any one of claims 9 to 15, further comprising:

an iteration module, configured to perform, based on the actual depth values,
an iterative operation of projecting the 3D posture to a 2D plane to obtain fifth 2D

coordinates having a minimum distance with the third 2D coordinates; and

a second obtaining module, configured to obtain a rotation parameter and a
translation parameter of the target according to the fifth 2D coordinates and the first

3D features.

17. A computer storage medium, having computer executable codes stored thereon,
wherein the computer executable codes, when being executed, cause to implement the

method of any one of claims 1 to 8.

18. An electronic device, comprising:

a memory, configured to store information; and

a processor, connected to the memory and configured to implement, by
executing computer executable instructions stored on the memory, the method of any

one of claims 1 to 8.
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