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(57) ABSTRACT

An assistance method of safe driving applied in a vehicle-
mounted electronic device obtains RGB images of scene in
front of a vehicle, processes the RGB images by a trained
depth estimation model, obtains depth images and converts
the depth images into three-dimensional (3D) point cloud
maps, determines 3D regions of interest therein, and obtains
position and size information of objects in the 3D regions of
interest. When the position information satisfies a first preset
condition and/or the size information satisfies a second
preset condition, the presence of obstacles in the 3D regions
of interest is determined and controls the vehicle to issue an
alarm. When the position information does not satisfy the
first preset condition and/or the size information does not
satisfy the second preset condition, the 3D regions of interest
are determined as obstacle-free, and permitting the vehicle
to continue driving.
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ASSISTANCE METHOD OF SAFE DRIVING
AND ELECTRONIC DEVICE

[0001] This application claims priority to Chinese Patent
Application No. 202210714373.X filed on Jun. 22, 2022, in
China National Intellectual Property Administration, the
contents of which are incorporated by reference herein.

FIELD

[0002] The subject matter herein generally relates to an
autonomous driving field, in particular, relates to a method
for assistance in safe driving and an electronic device.

BACKGROUND

[0003] In afield of autonomous driving, when a vehicle is
driving, it is necessary to detect whether there are obstacles
on the way of the vehicle, and if there are obstacles, action
needs to be taken, such as emergency braking or issuing an
alarm, to ensure the safety of the vehicle. However, when
detecting obstacles, the vehicle cannot accurately know a
range of the obstacles, resulting in unsafe driving and poor
driving experience for users.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] Implementations of the present disclosure will now
be described, by way of embodiment, with reference to the
attached figures.

[0005] FIG. 1 is an application scene diagram of an
assistance method of safe driving.

[0006] FIG. 2 is a flowchart of one embodiment of the
assistance method of safe driving of FIG. 1.

[0007] FIG. 3 is a schematic diagram of one embodiment
of an electronic device.

DETAILED DESCRIPTION

[0008] It will be appreciated that for simplicity and clarity
of illustration, where appropriate, reference numerals have
been repeated among the different figures to indicate corre-
sponding or analogous elements. In addition, numerous
specific details are set forth in order to provide a thorough
understanding of the embodiments described herein. How-
ever, it will be understood by those of ordinary skill in the
art that the embodiments described herein can be practiced
without these specific details. In other instances, methods,
procedures, and components have not been described in
detail so as not to obscure the related relevant feature being
described. Also, the description is not to be considered as
limiting the scope of the embodiments described herein. The
drawings are not necessarily to scale and the proportions of
certain parts may be exaggerated to better illustrate details
and features of the present disclosure.

[0009] The present disclosure, including the accompany-
ing drawings, is illustrated by way of examples and not by
way of limitation. Several definitions that apply throughout
this disclosure will now be presented. It should be noted that
references to “an” or “one” embodiment in this disclosure
are not necessarily to the same embodiment, and such
references mean “at least one”.

[0010] The term “module”, as used herein, refers to logic
embodied in hardware or firmware, or to a collection of
software instructions, written in a programming language,
such as. Java, C, or assembly. One or more software instruc-
tions in the modules can be embedded in firmware, such as
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in an EPROM. The modules described herein can be imple-
mented as either software and/or hardware modules and can
be stored in any type of non-transitory computer-readable
medium or other storage device. Some non-limiting
examples of non-transitory computer-readable media
include CDs, DVDs, BLU-RAY, flash memory, and hard
disk drives. The term “comprising” means “including, but
not necessarily limited to”; it specifically indicates open-
ended inclusion or membership in a so-described combina-
tion, group, series, and the like.

[0011] FIG. 1 illustrates an application scene diagram of
an assistance method of safe driving. A Three-Dimensional
(3D) box in an image as shown in FIG. 1 is a 3D region of
interest in which the vehicle is driving in a straight line. Only
the objects in the 3D region of interest will be determined as
obstacles, and other regions of the image will not be
considered.

[0012] FIG. 2 illustrates the assistance method of safe
driving. The method can be applied to a vehicle, and for the
vehicle being assisted, the function provided by the method
of the present application can be directly integrated on the
vehicle, or the method can nm on the vehicle in a form of an
in-vehicle system.

[0013] In one embodiment, the method is applied in a
vehicle-mounted electronic device (referring to FIG. 5). The
electronic device connects to the vehicle. The electronic
device can be any electronic product that can interact with
a user, such as a personal computer, a tablet computer, a
smart phone, a Personal Digital Assistant (PDA), a game
console, an Internet Protocol Television (IPTV), a smart
wearable device, etc.

[0014] The electronic device is a device that can automati-
cally perform numerical calculation and/or information pro-
cessing according to pre-set or stored instructions, and its
hardware includes, but is not limited to, a microprocessor, an
Application Specific Integrated Circuit (ASIC), a Field-
Programmable Gate Array (FPGA), a Digital Signal Proces-
sor (DSP), an embedded device, etc.

[0015] Inone embodiment, the electronic device may also
include a network device and/or a user device. The network
device includes, but is not limited to, a single network
server, a server group consisting of multiple network serv-
ers, or a cloud server consisting of a large number of hosts
or network servers.

[0016] A network connected to the electronic device
includes, but is not limited to, the Internet, a wide area
network, a metropolitan area network, a local area network,
a Virtual Private Network (VPN), etc.

[0017] The method is provided by way of example, as
there are a variety of ways to carry out the method. Each
block shown in FIG. 2 represents one or more processes,
methods, or subroutines carried out in the example method.
Furthermore, the illustrated order of blocks is by example
only and the order of the blocks can be changed. Additional
blocks may be added or fewer blocks may be utilized,
without departing from this disclosure. The example method
can begin at block 201.

[0018] At block 201, when detecting a vehicle is in a
driving state, obtaining Red-Green-Blue (RGB) images of a
scene in front of the vehicle.

[0019] In one embodiment, detecting whether the vehicle
is in the driving state includes: detecting whether a tachom-
eter of the vehicle is at “0” speed, or detecting the state of
the main electrical system of an electric vehicle. When the
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pointer of the tachometer points on the “0” speed scale, it is
determined that the vehicle is in a non-driving state because
the engine is not running; when the pointer of the tachometer
shows engine speed other than “0” or that the main electrical
system of the electric vehicle is activated, it is determined
that the vehicle is in the driving state. In one embodiment,
when a pointer of the tachometer on the instrument panel of
the vehicle is on the “0” speed scale, the speed of the vehicle
is or near 0 km/h.

[0020] In one embodiment, obtaining the RGB images of
the scene in front of the vehicle includes: obtaining the RGB
images by a camera of the vehicle. For example, the RGB
images of the scene in front of the vehicle are captured by
the camera mounted on the vehicle.

[0021] In one embodiment, when detecting that the
vehicle is in the driving state, the camera of the vehicle is
activated to capture images of the scene in front of the
vehicle, and the RGB images are obtained.

[0022] At block 202, processing the RGB images based on
a trained depth estimation model, and obtaining depth
images corresponding to the RGB images.

[0023] In one embodiment, the depth estimation model
includes a depth estimation convolutional neural network
and a pose estimation convolutional neural network. In one
embodiment, the depth estimation convolutional neural net-
work includes first input layers, first convolutional layers,
and deconvolutional layers. The pose estimation convolu-
tional neural network includes second input layers and
second convolutional layers.

[0024] In one embodiment, the method includes training
the depth estimation model. In one embodiment, training the
depth estimation model includes:

[0025] obtaining training images; inputting the training
images into the depth estimation convolutional neural
network, and obtaining the depth images corresponding
to the training images; inputting adjacent frame images
or adjacent frames of the training images into the pose
estimation convolutional neural network, and obtaining
the pose information of the camera corresponding to
the adjacent frame images; reconstructing the training
images based on the depth images, the pose informa-
tion of the camera, and internal parameters of the
camera corresponding to the RGB images, and obtain-
ing reconstructed images; calculating loss values
between the training images and the reconstructed
images using a preset loss function, adjusting the
parameters of the depth estimation model to minimize
the loss values, and obtaining the trained depth esti-
mation model. In one embodiment, image frame adja-
cent frame images are adjacent to the frames of the
training images.

[0026] In one embodiment, the method further includes:
performing data augmentation operations on the training
images, and obtaining more training images as training
samples. In one embodiment, the data augmentation opera-
tions include, but are not limited to, flipping operations,
rotating operations, scaling operations, and cropping opera-
tions. By performing the data enhancement operations on
the training images, the training samples can be effectively
expanded, and the depth estimation model can be trained and
optimized using a greater number of training images from
different scenarios, thereby making the depth estimation
model more robust and accurate.
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[0027] In one embodiment, inputting the training images
into the depth estimation convolutional neural network and
obtaining the depth images corresponding to the training
images includes:

[0028] inputting the training images into the depth
estimation convolutional neural network by the first
input layers of the depth estimation convolutional neu-
ral network, and performing convolution operations on
the training images by the first convolutional layers,
and obtaining a feature map of the training images;
inputting the feature map into the deconvolution layers
of the depth estimation convolutional neural network,
and performing deconvolution operations on the fea-
ture map, obtaining a target feature map after the
deconvolution operations, and mapping each pixel in
the target feature map to a depth value of the each pixel,
obtaining the depth images, and outputting the depth
images corresponding to the training images.

[0029] In one embodiment, the adjacent frame image of
one training image can include a previous frame image of
the training image or a next frame image of the training
image. For example, the training image is captured at time
t, the adjacent frame image at time tis the training image at
time (t+1) or the training image at time (t—1), wherein time
t, time (t+1), time (t-1) corresponds to different frame
images. It should be noted that the training images are the
RGB images.

[0030] In one embodiment, inputting adjacent frame
images of the training images into the pose estimation
convolutional neural network and obtaining the pose infor-
mation of the camera corresponding to the adjacent frame
images includes: inputting the adjacent frame images of the
training images into the pose estimation convolutional neu-
ral network by the second input layers of the pose estimation
convolutional neural network, and performing the convolu-
tion operations on the adjacent frame images by the second
convolutional layers of the pose estimation convolutional
neural network, and obtaining the pose information of the
camera of the adjacent frame images. In one embodiment,
the pose information of the camera includes a rotation
matrix and a translation matrix, the matrices being repre-
sented by six degrees of freedom. In one embodiment, the
pixel coordinates in the adjacent frame images of the train-
ing images are determined as corresponding by the pixel
coordinates in the training image and the pose information
of the camera.

[0031] In one embodiment, the method includes: calculat-
ing the reconstructed images according to a formula
P, ,=KT, ., ,D(P)K'P, wherein P, represents one
reconstructed image, K represents the internal parameters of
the camera, T,_,,,, represents the pose estimation values
(pose information) of the adjacent frame images, ]3(Pt)
represents the depth values of the pixel coordinates P,, and
P, represents the pixel coordinates of the training images.

[0032] In one embodiment, the method further includes:
calculating the loss values between the training images and
the reconstructed images with a preset loss function, adjust-
ing the parameters of the depth estimation model to mini-
mize the loss values, and obtaining the trained depth esti-
mation model.
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[0033] In one embodiment, the preset loss function can be

= izi(%zpm@) —I,H(p)lz),

wherein L(p) represents the pixel coordinates of the training
images, [,,, (p) represents the pixel coordinates of the
reconstructed images, N represents a number of the pixel
coordinates, and M represents a number of the training
images.

[0034] In one embodiment, the parameters of the depth
estimation model refer to the initialization configuration
parameters of the depth estimation convolutional neural
network and the pose estimation convolutional neural net-
work. For example, the parameters of the depth estimation
model include the number of layers of the first convolutional
layers and the number of the deconvolutional layers in the
depth estimation convolutional neural network, and a size of
convolutional kernels of the first convolutional layers and a
size of convolutional kernels of the deconvolutional layers.
In one embodiment, the parameters of the depth estimation
model further include the number of layers of the second
convolutional layers in the pose estimation convolutional
neural network and the size of a convolutional kernels in the
second convolutional layers.

[0035] In one embodiment, after the training of the depth
estimation model is done and the trained depth estimation
model is obtained, the RGB images are input into the trained
depth estimation model, and the depth images corresponding
to the RGB images are output.

[0036] At block 203, converting the depth images into 3D
point cloud maps.

[0037] In one embodiment, converting the depth images
into the 3D point cloud maps includes: converting the depth
images into the 3D point cloud maps based on the internal
parameters of the camera and the depth images.

[0038] In one embodiment, the method includes: convert-
ing the depth images to the 3D point cloud maps according
to a formula

X1
1
1

D =KU =

f 0 o [x
0 5 o H )’],
0 0 1L]lz

wherein D represents a depth value of one depth image, (x,,
y,) represents a pixel coordinate corresponding to the depth
value in the depth image, K represents the internal param-
eters of the camera, and U represents a coordinate (X, y, z)
of a point in the 3D point cloud maps.

[0039] Atblock 204, determining 3D regions of interest of
the vehicle from the 3D point cloud maps according to a size
of the vehicle.

[0040] In one embodiment, determining 3D regions of
interest of the vehicle from the 3D point cloud maps
according to the size of the vehicle includes:

[0041] determining a length, a width and a height of the
vehicle;

[0042] determining 3D areas from the 3D point cloud
maps as the 3D regions of interest of the vehicle
according to the length, the width and the height of the
vehicle.
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[0043] At block 205, determining whether the 3D regions
of interest have obstacles.

[0044] In one embodiment, determining whether the 3D
regions of interest have obstacles includes: obtaining posi-
tion information and size information of objects in the 3D
regions of interest; when the position information satisfies a
first preset condition and/or the size information satisfies a
second preset condition, determining that the 3D regions of
interest have the obstacles and that the objects being imaged
are the obstacles; when the position information does not
satisfy the first preset condition and/or the size information
does not satisfy the second preset condition, determining
that the 3D regions of interest are free of obstacles.
[0045] In one embodiment, the position information of the
objects includes orientation of the objects, and the size
information of the objects includes the length, width and
height of the objects.

[0046] In one embodiment, obtaining the position infor-
mation and the size information of the objects in the 3D
regions of interest includes: obtaining 3D point cloud data of
the 3D regions of interest in the 3D point cloud maps;
inputting the 3D point cloud data into a deep neural network,
and performing convolution operations on the 3D point
cloud data the deep by the deep neural network, and out-
putting an object list. In one embodiment, the object list
includes, but is not limited to, the position information of the
objects, and the size information of the objects. In one
embodiment, the deep neural network includes, but is not
limited to, at least any one of AlexNet network, VGGNet
network, GoogleNet network, ResNet network, DenseNet
network, SSDNet network, Region-CNN (R CNN) network,
You Only Look Once (YOLO) network, Fully Convolu-
tional Networks (FCN), and SegNet network.

[0047] In one embodiment, when the orientation of the
objects shows that the objects (for example vehicles, person,
bicycles) are on the road and/or the length, width and height
of the object are greater than preset thresholds, it is deter-
mined that the 3D regions of interest have obstacles and that
the objects seen are the obstacles.

[0048] In one embodiment, when the orientation of the
objects shows that the objects (for example culverts, bridge
decks, high bridges) are suspended in the air and/or the
length, the width and the height of the object are greater than
the preset thresholds, it is determined that the 3D regions of
interest have no obstacles which affect safety.

[0049] In one embodiment, when the 3D regions of inter-
est have no obstacles, block 206 is executed, when the 3D
regions of interest have obstacles, block 207 is executed.
[0050] At block 206, controlling the vehicle to continue
driving.

[0051] At block 207, controlling the vehicle to issue an
alarm.

[0052] In one embodiment, the alarm includes a collision
warning or an automatic braking alarm.

[0053] The above embodiments are only specific embodi-
ments of the present application, but a protection scope of
the present application is not limited to these. For those of
ordinary skill in the art, improvements can be made without
departing from the inventive concept of the present appli-
cation, but these all belong to the protective scope of the
present application.

[0054] FIG. 3 illustrates the electronic device 3. The
electronic device 3 includes a storage 301, a processor 302,
a computer program 303 stored in the storage 301, and at
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least one communication bus 304. In one embodiment,
electronic device 3 can be an in-vehicle device. The in-
vehicle device is provided on a vehicle, and the in-vehicle
device may be an in-vehicle computer.

[0055] Those skilled in the art can understand that the
schematic diagram shown in FIG. 3 is only an example of
the electronic device 3, and does not constitute a limitation
on the electronic device 3. Other examples may include
more or less components than those shown in the drawings,
or have different combinations of components or different
components, for example, the electronic device 3 may also
include input and output devices, network access devices,
and the like.

[0056] The at least one processor 302 may be a Central
Processing Unit (CPU), and may also be a general-purpose
processor, a Digital Signal Processors (DSP), an Application
Specific Integrated Circuit (ASIC), a Field-Programmable
Gate Array (FPGA) or other programmable logic devices,
discrete gate or transistor logic devices, discrete hardware
components, etc. The at least one processor 302 can be a
microprocessor or the at least one processor 502 can also be
any conventional processor, etc. The at least one processor
302 is the control center of the electronic device 3, using
various interfaces and lines to connect various parts of the
entire electronic device 3.

[0057] The storage 301 can be used to store the computer
program 303, and the at least one processor 302 implements
the electronic program by executing the computer program
303 stored in the storage 301 and calling up the data stored
in the storage 301. The storage 301 may include a stored
program area and a stored data area, wherein the stored
program area may store an operating system, an application
program required for at least one function (such as a sound
playback function, an image playback function, etc.), etc.
The storage data area may store data (such as audio data)
created according to the use of the electronic device 3, etc.
In addition, the storage 301 may include non-volatile storage
such as a hard disk, an internal memory, a plug-in hard disk,
a Smart Media Card (SMC), a Secure Digital (SD) card, a
Flash Card (Flash Card), at least one disk storage device,
flash memory device, or other non-volatile solid state stor-
age device.

[0058] In one embodiment, the modules/Emits integrated
in the electronic device 3 can be stored in a computer
readable storage medium if such modules/units are imple-
mented in the form of an independent product. Thus, the
present disclosure may be implemented and realized in any
part of the method of the foregoing embodiments, or may be
implemented by the computer program, which may be
stored in the computer readable storage medium. The steps
of'the various method embodiments described above may be
implemented by a computer program when executed by a
processor. The computer program includes computer pro-
gram code, which may be in the form of source code, object
code form, executable file, or some intermediate form. The
computer readable medium may include any entity or device
capable of carrying the computer program code, a recording
medium, a USB flash drive, a removable hard disk, a
magnetic disk, an optical disk, a computer memory, a
read-only memory (ROM).

[0059] The exemplary embodiments shown and described
above are only examples. Even though numerous character-
istics and advantages of the present disclosure have been set
forth in the foregoing description, together with details of
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the structure and function of the present disclosure, the
disclosure is illustrative only and changes may be made in
the detail, including in matters of shape, size, and arrange-
ment of the parts within the principles of the present
disclosure, up to and including the full extent established by
the broad general meaning of the terms used in the claims.

What is claimed is:

1. An assistance method of safe driving comprising:

when detecting a vehicle is in a driving state, obtaining

Red-Green-Blue (RGB) images of a scene in front of
the vehicle;

processing the RGB images based on a trained depth

estimation model, and obtaining depth images corre-
sponding to the RGB images;

converting the depth images into three-dimensional (3D)

point cloud maps;

determining 3D regions of interest of the vehicle from the

3D point cloud maps according to a size of the vehicle;
obtaining position information and size information of
objects in the 3D regions of interest;

in response that the position information satisfies a first

preset condition and/or the size information satisfies a
second preset condition, determining that the 3D
regions of interest have obstacles and that the objects
are the obstacles, and controlling the vehicle to issue an
alarm; and

in response that the position information does not satisfy

the first preset condition and/or the size information
does not satisfy the second preset condition, determin-
ing that the 3D regions of interest have no obstacles,
controlling the vehicle to continue driving.

2. The method as claimed in claim 1, further comprising:

obtaining 3D point cloud data of the 3D regions of interest

in the 3D point cloud maps;

inputting the 3D point cloud data into a deep neural

network, and performing convolution operations on the
3D point cloud data the deep by the deep neural
network, and outputting the position information and
the size information of the objects.

3. The method as claimed in claim 1, further comprising:

determining a length, a width and a height of the vehicle;

determining 3D areas from the 3D point cloud maps as the
3D regions of interest of the vehicle according to the
length, the width and the height of the vehicle.

4. The method as claimed in claim 1, wherein a depth
estimation model comprises a depth estimation convolu-
tional neural network and a pose estimation convolutional
neural network.

5. The method as claimed in claim 4, further comprising:

training the depth estimation model, and obtaining the

trained depth estimation model.

6. The method as claimed in claim 5, further comprising:

obtaining training images;
inputting the training images into the depth estimation
convolutional neural network, and obtaining the depth
images corresponding to the training images;

inputting adjacent frame images of the training images
into the pose estimation convolutional neural network,
and obtaining a pose information of a camera corre-
sponding to the adjacent frame images;

reconstructing the training images based on the depth
images, the pose information of the camera, and inter-
nal parameters of the camera corresponding to the RGB
images, and obtaining reconstructed images;
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calculating loss values between the training images and
the reconstructed images by using a preset loss func-
tion;

adjusting parameters of the depth estimation model to
minimize the loss values, and obtaining the trained
depth estimation model.

7. The method as claimed in claim 6, further comprising:

calculating the reconstructed images according to a for-
mulaP,, ,=KT, ., . D(P)K'P, wherein P,,, represents
one reconstructed image, K represents the internal
parameters of the camera, T, ,,,, represents the pose
information of the adjacent frame images, D(P,) rep-
resents the depth value of a pixel coordinate P, P,
represents one pixel coordinate of the training images.

8. The method as claimed in claim 6, further comprising:

performing, data augmentation operations on the training
images, and obtaining more training images as training
samples, wherein the data augmentation operations
comprise one or more of flipping operations, rotating
operations, scaling operations, and cropping opera-
tions.

9. The method as claimed in claim 1, further comprising:

converting the depth images into the 3D point cloud maps
based on internal parameters of a camera and the depth
images.

10. The method as claimed in claim 9, further comprising:

converting the depth images into the 3D point cloud maps
according to a formula of

o 0 o [x
0 0 1]z

X1
1
1

D =KU =

wherein D represents a depth value of one depth image,
(x,, ¥,) represents a pixel coordinate corresponding to
the depth value in the depth image, K represents the
internal parameters of the camera, and U represents a
coordinate (X, y, z) of a point in the 3D point cloud
maps.
11. An electronic device comprising:
a processor; and
a non-transitory storage medium coupled to the processor
and configured to store a plurality of instructions,
which cause the processor to:
in response that detecting a vehicle is in a driving state,
obtain Red-Green-Blue (RGB) images of a scene in
front of the vehicle;
process the RGB images based on a trained depth
estimation model, and obtain depth images corre-
sponding to the RGB images;
convert the depth images into three-dimensional (3D)
point cloud maps;
determine 3D regions of interest of the vehicle from the
3D point cloud maps according to a size of the
vehicle;
obtain position information and size information of
objects in the 3D regions of interest;
in response that the position information satisfies a first
preset condition and/or the size information satisfies
a second preset condition, determine that the 3D
regions of interest have obstacles and that the objects
are the obstacles, and control the vehicle to issue an
alarm; and
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in response that the position information does not
satisfy the first preset condition and/or the size
information does not satisfy the second preset con-
dition, determine that the 3D regions of interest have
no obstacles, controlling the vehicle to continue
driving.

12. The electronic device as claimed in claim 11, wherein
the plurality of instructions are further configured to cause
the processor to:

obtain 3D point cloud data of the 3D regions of interest in

the 3D point cloud maps;

input the 3D point cloud data into a deep neural network,

and perform convolution operations on the 3D point
cloud data the deep by the deep neural network, and
output the position information and the size informa-
tion of the objects.

13. The electronic device as claimed in claim 11, wherein
the plurality of instructions are further configured to cause
the processor to:

determine a length, a width and a height of the vehicle;

determine 3D areas from the 3D point cloud maps as the

3D regions of interest of the vehicle according to the
length, the width and the height of the vehicle.

14. The electronic device as claimed in claim 11, wherein
a depth estimation model comprises a depth estimation
convolutional neural network and a pose estimation convo-
Iutional neural network.

15. The electronic device as claimed in claim 14, wherein
the plurality of instructions are further configured to cause
the processor to:

train the depth estimation model, and obtain the trained

depth estimation model.

16. The electronic device as claimed in claim 15, wherein
the plurality of instructions are further configured to cause
the processor to:

obtain training images;

input the training images into the depth estimation con-

volutional neural network, and obtain the depth images
corresponding to the training images;

input adjacent frame images of the training images into

the pose estimation convolutional neural network, and
obtain a pose information of a camera corresponding to
the adjacent frame images;

reconstruct the training images based on the depth

images, the pose information of the camera, and inter-
nal parameters of the camera corresponding to the RGB
images, and obtain reconstructed images;
calculate loss values between the training images and the
reconstructed images by using a preset loss function;

adjust parameters of the depth estimation model to mini-
mize the loss values, and obtain the trained depth
estimation model.

17. The electronic device as claimed in claim 16, wherein
the plurality of instructions are further configured to cause
the processor to:

calculate the reconstructed images according to a formula

P,.,=KT, ,,.,D(P)K'P, wherein P,,, represents one
reconstructed image, K represents the internal param-
eters of the camera, T, ,,,, represents the pose infor-
mation of the adjacent frame images, D(P,) represents
the depth value of a pixel coordinate P,, P, represents
one pixel coordinate of the training images.
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18. The electronic device as claimed in claim 16, wherein
the plurality of instructions are further configured to cause
the processor to:

perform data augmentation operations on the training

images, and obtain more training images as training
samples, wherein the data augmentation operations
comprise one or more of flipping operations, rotating
operations, scaling operations, and cropping opera-
tions.

19. The electronic device as claimed in claim 11, wherein
the plurality of instructions are further configured to cause
the processor to:

convert the depth images into 3D point cloud snaps based

on internal parameters of a camera and the depth
images.

20. The electronic device as claimed in claim 19, wherein
the plurality of instructions are further configured to cause
the processor to:
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convert the depth images to the 3D point cloud maps
according, to a formula of

=KU =
0 0 1z

H 0 o [x
U Cy]l)’],

wherein D represents a depth value of one depth image,
(x,, ¥;) represents a pixel coordinate corresponding to
the depth value in the depth image, K represents the
internal parameters of the camera, and U represents a
coordinate (x, y, z) of a point in the 3D point cloud
maps.



