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DEPTH ESTIMATION METHOD AND APPARATUS, ELECTRONIC DEVICE, 

PROGRAM, AND MEDIUM 

 

The present application claims priority to Chinese Patent Application No. 

CN201810103195.0, filed with the Chinese Patent Office on February 01, 2018, and entitled 

"DEPTH ESTIMATION METHOD AND APPARATUS, ELECTRONIC DEVICE, PROGRAM, 

AND MEDIUM", which is hereby incorporated by reference in its entirety. 

 

TECHNICAL FIELD 

The present disclosure relates to computer vision technology, and in particular, to a depth 

estimation method and apparatus, an electronic device, a computer program, and a 

computer-readable storage medium. 

 

BACKGROUND 

Depth estimation is an important issue in the field of computer vision. Accurate depth 

estimation methods are valuable for use in many fields, such as autonomous driving, 3D scene 

reconstruction, and augmented reality. 

Driven by the development of convolutional neural networks, technologies related to depth 

estimation have developed rapidly. 

 

SUMMARY 

Embodiments of the present disclosure provide technical solutions for depth estimation. 

According to one aspect of the embodiments of the present disclosure, a depth estimation 

method is provided, including: 

taking a single image as a first image in binocular images, and obtaining a second image in 

the binocular images based on the first image via a first neural network; and 

obtaining depth information corresponding to the first image via a second neural network by 

performing binocular stereo matching on the first image and the second image. 

According to another aspect of the embodiments of the present disclosure, a depth 



2                                          P1840263 

estimation apparatus is provided, including: 

an image obtaining module, configured to take a single image as a first image in binocular 

images, and obtain a second image in the binocular images based on the first image via a first 

neural network; and 

a stereo matching module, configured to obtain depth information corresponding to the first 

image via a second neural network by performing binocular stereo matching on the first image 

and the second image. 

According to still another aspect of the embodiments of the present disclosure, an electronic 

device is provided, including: 

a memory, configured to store executable instructions; and 

a processor, configured to communicate with the memory to execute the executable 

instructions so as to perform the operations of the method according to any one of the forgoing 

embodiments of the present disclosure. 

According to yet another aspect of the embodiments of the present disclosure, a computer 

program is provided, including a computer readable code, where when the computer readable 

code runs in a device, a processor in the device executes instructions for implementing the 

operations of the method according to any one of the foregoing embodiments of the present 

disclosure. 

According to yet another aspect of the embodiments of the present disclosure, a 

computer-readable storage medium is provided, configured to store computer-readable 

instructions, where when the instructions are executed, the operations of the method according to 

any one of the foregoing embodiments of the present disclosure are implemented. 

Based on the depth estimation method and apparatus, the electronic device, the computer 

program, and the computer-readable storage medium provided by the above embodiments of the 

present disclosure, a single image is taken as a first image in binocular images, and a second 

image in the binocular images is obtained based on the first image via a first neural network; and 

depth information corresponding to the first image is obtained via a second neural network by 

performing binocular stereo matching on the first image and the second image. Thus, depth 

estimation of the scene in a single image is implemented based on the single image without 

needing binocular cameras, thereby avoiding additional hardware overhead generated by 

binocular cameras and reducing the costs. Moreover, an error in obtained depth information 
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caused by the inaccuracy of settings of binocular cameras can be avoided, and the accuracy of 

depth estimation is improved. 

The following further describes in detail the technical solutions of the present disclosure 

with reference to the accompanying drawings and embodiments. 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

The accompanying drawings constituting a part of the specification describe the 

embodiments of the present disclosure and are intended to explain the principles of the present 

disclosure together with the descriptions. 

According to the following detailed descriptions, the present disclosure may be understood 

more clearly with reference to the accompanying drawings. 

FIG. 1 is a flowchart of an embodiment of a depth estimation method according to the 

present disclosure. 

FIG. 2 is a flowchart of another embodiment of a depth estimation method according to the 

present disclosure. 

FIG. 3 is a flowchart of an application embodiment of a depth estimation method according 

to the present disclosure. 

FIG. 4 is an exemplary block diagram corresponding to the embodiment shown in FIG. 3. 

FIG. 5 is a schematic structural diagram of an embodiment of a depth estimation apparatus 

according to the present disclosure. 

FIG. 6 is a schematic structural diagram of another embodiment of a depth estimation 

apparatus according to the present disclosure. 

FIG. 7 is a schematic structural diagram of still another embodiment of a depth estimation 

apparatus according to the present disclosure. 

FIG. 8 is a schematic structural diagram of an application embodiment of an electronic 

device according to the present disclosure. 

 

DETAILED DESCRIPTION 

Various exemplary embodiments of the present disclosure are now described in detail with 

reference to the accompanying drawings. It should be noted that, unless otherwise stated 
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specifically, relative arrangement of the components and operations, the numerical expressions, 

and the values set forth in the embodiments are not intended to limit the scope of the present 

disclosure. 

In addition, it should be understood that, for ease of description, the size of each part shown 

in the accompanying drawings is not drawn in actual proportion. 

The following descriptions of at least one exemplary embodiment are merely illustrative 

actually, and are not intended to limit the present disclosure and the applications or uses thereof. 

Technologies, methods and devices known to a person of ordinary skill in the related art 

may not be discussed in detail, but such technologies, methods and devices should be considered 

as a part of the specification in appropriate situations. 

It should be noted that similar reference numerals and letters in the following accompanying 

drawings represent similar items. Therefore, once an item is defined in an accompanying 

drawing, the item does not need to be further discussed in the subsequent accompanying 

drawings. 

The embodiments of the present disclosure may be applied to electronic devices such as 

terminal devices, computer systems, and servers, which may operate with numerous other 

general-purpose or special-purpose computing system environments or configurations. Examples 

of well-known terminal devices, computing systems, environments, and/or configurations 

suitable for use together with the electronic devices such as terminal devices, computer systems, 

and servers include, but are not limited to, personal computer systems, server computer systems, 

thin clients, thick clients, handheld or laptop devices, microprocessor-based systems, set top 

boxes, programmable consumer electronics, network personal computers, small computer 

systems, large computer systems, distributed cloud computing environments that include any one 

of the systems, and the like. 

The electronic devices such as terminal devices, computer systems, and servers may be 

described in the general context of computer system executable instructions (such as, program 

modules) executed by the computer systems. Generally, the program modules may include 

routines, programs, target programs, components, logics, data structures, and the like for 

performing specific tasks or implementing specific abstract data types. The computer 

systems/servers may be practiced in the distributed cloud computing environments in which 

tasks are performed by remote processing devices that are linked through a communications 
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network. In the distributed computing environments, the program modules may be located in 

local or remote computing system storage media including storage devices. 

FIG. 1 is a flowchart of an embodiment of a depth estimation method according to the 

present disclosure. As shown in FIG. 1, the depth estimation method according to this 

embodiment includes the following operations. 

At 102, a single image is taken as a first image in binocular images, and a second image in 

the binocular images is obtained based on the first image via a first neural network. 

The binocular images are two images captured by binocular cameras or two of multiple 

images captured by multiocular cameras, and may be referred to as a left image and a right 

image. If the first image is the left image, the second image is the right image; or, if the first 

image is the right image, the second image is the left image. Further, the binocular images may 

also be referred to as a main image and a sub-image, and when any one of the binocular images 

is taken as the main image, the other image is taken as the sub-image. 

In an optional example, the operation 102 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by an image obtaining 

module run by the processor. 

At 104, depth information corresponding to the first image is obtained via a second neural 

network by performing binocular stereo matching on the first image and the second image. 

In at least one embodiment of the present disclosure, the first neural network and the second 

neural network may respectively be a multi-layer neural network (i.e., a deep neural network), 

such as a multi-layer convolutional neural network which may be, for example, any neural 

network such as LeNet, AlexNet, GoogLeNet, VGG, and ResNet. Neural networks of the same 

type and structure, or neural networks of different types and structures may be used as the first 

neural network and the second neural network. 

In an optional example, the operation 104 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a stereo matching module 

run by the processor. 

In the process of implementing the present disclosure, the inventor has found through 

research that the current depth estimation methods may be mainly divided into two categories. 

One is to use a large number of pixel-level depth labels to supervise neural networks, and to 

perform depth estimation through obtaining by trained neural networks; however, obtaining 
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depth labels is not only expensive, but high quality and dense depth labels cannot be obtained by 

the existing technology. The second category is depth estimation methods based on binocular 

stereo matching. In these depth estimation methods, two images captured in different directions 

are used as inputs, and based on the rules of a geometric space, the depth can be obtained by 

computing the disparity between corresponding pixels of the two images. However, the accuracy 

of this category of prediction methods is limited by the settings of binocular cameras, and in this 

category of methods, additional hardware overhead is generated due to the need for binocular 

cameras. Based on the depth estimation method provided by the above embodiment of the 

present disclosure, a single image is taken as a first image in binocular images, and a second 

image in the binocular images is obtained based on the first image via a first neural network; and 

depth information is obtained via a second neural network by performing binocular stereo 

matching on the first image and the second image. Thus, depth estimation of the scene in a single 

image is implemented based on the single image without needing binocular cameras, thereby 

avoiding additional hardware overhead generated by binocular cameras and reducing the costs. 

Moreover, an error in obtained depth information caused by the inaccuracy of settings of 

binocular cameras can be avoided, and the accuracy of depth estimation is improved. 

FIG. 2 is a flowchart of another embodiment of a depth estimation method according to the 

present disclosure. As shown in FIG. 2, the depth estimation method according to this 

embodiment includes the following operations. 

At 202, a single image is taken as a first image in binocular images, and the first image is 

processed via a first neural network to output disparity probability maps of N channels. 

Different channels of the N channels correspond to different disparities, the disparity 

probability map of each channel represents a probability of a pixel on the first image being 

shifted by i disparities in a first horizontal direction, and after the probabilities are normalized, 

the sum of the probability values of one pixel on all the channels is 1, where i=0, 1, ..., N-1, and 

N is an integer greater than 1. If the first image is the left image, the first horizontal direction is a 

horizontal left direction; and if the first image is the right image, the first horizontal direction is a 

horizontal right direction. That is, if the first image is the left image, the disparity probability 

map of the i-th channel represents a probability of a pixel on the left image being horizontally 

shifted to the left by i disparities. For example, assuming the value of N is 5 and the first image 

is the left image, the disparity probability maps of the first, second, third, fourth, and fifth 
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channels respectively represent the probabilities of a pixel on the left image being horizontally 

shifted to the left by 0, 1, 2, 3, and 4 disparities, and the probabilities of a certain pixel on the left 

image being horizontally shifted to the left by 0, 1, 2, 3, and 4 disparities may be, for example, 

0.3, 0.4, 0.2, 0.1, and 0, respectively. 

In an optional example, the operation 202 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a first sub-neural network 

unit of the image obtaining module run by the processor. 

At 204, the first image is shifted by i pixels in the first horizontal direction respectively 

according to the disparity probability maps of the N channels to obtain N shifted images, 

where i=0, 1, ..., N-1, and N is an integer greater than 1. 

In an optional example, the operation 204 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a shift unit of the image 

obtaining module run by the processor. 

At 206, each of the N shifted images is dot-multiplied by the disparity probability map of 

the corresponding channel to obtain N dot multiplication results. 

In an optional example, the operation 206 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a dot multiplication unit 

of the image obtaining module run by the processor. 

At 208, the N dot multiplication results are superimposed based on pixels to obtain the 

second image of the binocular images. 

Because left and right images captured by binocular cameras comply with a basic spatial 

rule, if the first image in the binocular images is a left image captured by binocular cameras, the 

second image in the binocular images is a right image captured by the binocular cameras; or if 

the first image in the binocular images is a right image captured by the binocular cameras, the 

second image in the binocular images is a left image captured by the binocular cameras. 

Therefore, the disparity between corresponding pixels of the second image and the first image 

obtained in the embodiments of the present disclosure complies with a spatial geometric law. In 

one implementation of the embodiments of the present disclosure, for corresponding pixel 

positions, in the disparity probability maps, of a pixel corresponding to a foreground object in the 

first image, the pixel has a large probability value in the disparity probability map of a channel 

corresponding to a larger disparity than in the disparity probability map of a channel 
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corresponding to a small disparity; and for corresponding pixel positions, in the disparity 

probability maps, of a pixel corresponding to a background object in the first image, the pixel 

has a larger probability value in the disparity probability map of a channel corresponding to a 

small disparity than in the disparity probability map of a channel corresponding to a large 

disparity. For example, the first image includes a background and a face as a foreground object, 

then a pixel corresponding to the face has a probability value of 0.8 in the disparity probability 

map of a channel corresponding to a large disparity among the disparity probability maps of the 

N channels, and has a probability value of 0.1 in the disparity probability map of a channel 

corresponding to a small disparity among the disparity probability maps of the N channels; a 

pixel corresponding to the background has a probability value of 0.9 in the disparity probability 

map of a channel corresponding to a small disparity among the disparity probability maps of the 

N channels, and has a probability value of 0 in the disparity probability map of a channel 

corresponding to a large disparity among the disparity probability maps of the N channels. 

In an optional example, the operation 208 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by an addition unit of the 

image obtaining module run by the processor. 

At 210, a correlation coefficient for indicating a positional relationship between pixels in 

one image of the binocular images and the other image of the binocular images is obtained via a 

second neural network. 

Since a pixel in the second image can be obtained by moving a pixel in the first image in the 

first horizontal direction, each pixel position in the first image may be regarded as a variable, and 

the value of the variable is the value of a corresponding disparity in the disparity probability map, 

and may be 0, 1, ..., N-1, counting a total of N.A correlation coefficient between a variable of 

each pixel position in the first image and variables of d adjacent pixel positions in the second 

image is obtained and stored in the corresponding pixel position and channel, and a correlation 

coefficient of the positional relationship between pixels in the first image and the second image 

is obtained from the correlation coefficients of all pixel positions in the first image, where the 

value of d is an integer, for example, its value may be -40 to +40.The correlation coefficient of 

the positional relationship between the pixels in one image of the binocular images and the other 

image of the binocular images includes the correlation coefficient between the variable of each 

pixel positions in one image and the variables of d adjacent pixel positions in the second image, 
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and may be expressed as a correlation coefficient map of W*H*N or a correlation coefficient 

matrix, where W, H, and N respectively represent the width, the height, and the number of 

channels of the one image, and the values of W, H, and N are all integers greater than 0. 

Assuming that the one image is the left image and the other image is the right image, since 

the left and right images are aligned in the vertical direction, a pixel in the right image can be 

obtained by moving a pixel in the left image to the left in the horizontal direction. Therefore, 

computing the correlation coefficient of at least one pixel position in the horizontal direction 

contributes to better matching corresponding pixels in the left and right images in the horizontal 

direction. 

The one image of the binocular images is the first image or the second image, and the other 

image is correspondingly the second image or the first image in the binocular images. 

In an optional example, the operation 210 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a first obtaining unit of 

the stereo matching module run by the processor. 

At 212, a disparity map of the first image and the second image is generated based on the 

other image and the correlation coefficient. 

The value of at least one pixel in the disparity map respectively represents the disparity of a 

certain point in the scene captured in the first image, that is, the difference between the 

coordinates of the certain point in a coordinate system of the first image and the coordinates of 

the certain point in a coordinate system of the second image. 

In an optional example, the operation 212 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a generation unit of the 

stereo matching module run by the processor. 

At 214, depth information corresponding to the first image is obtained based on the 

disparity map. 

In yet another implementation of the embodiments of the present disclosure, depth 

information corresponding to the first image may be obtained based on the disparity map and the 

camera parameter, for example, the depth information corresponding to the first image may be 

obtained based on the disparity map, the focal length of a camera that captures the first image, 

and the distance between binocular cameras corresponding to the binocular images. 

For example, the depth information corresponding to the first image may be obtained by, 
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but not limited to, the formula: Z=f×B/Disp, 

where Disp represents a predicted disparity map, f is the focal length of the camera that 

captures the first image, B is the distance between the binocular cameras, and Z is a monocular 

global depth map to be predicted. 

In an optional example, the operation 214 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a third obtaining unit of 

the stereo matching module run by the processor. 

In the embodiments of the present disclosure, the problem of monocular depth estimation is 

converted into a problem of binocular stereo matching. In this way, a difficult depth estimation 

problem is converted into a problem of matching similar pixel points of two images, and this 

matching no longer requires speculating the geometric relationship between at least two pixels in 

a single image, thereby reducing the computational complexity. In addition, in the embodiments 

of the present disclosure, the use of a deep learning method may better implement the two 

operations of synthesis of the second image and binocular stereo matching, and by setting 

geometric transformation explicitly in the first neural network and the second neural network, 

the accuracy of the operation result is improved. 

In the embodiments of the present disclosure, by using a single image to synthesize a 

corresponding right image and then performing binocular stereo matching, training of the first 

neural network and the second neural network does not require a large number of precise depth 

labels for supervision any longer, and it is only necessary to train the first neural network (also 

called an image synthesis network) using corrected binocular images that are easily obtained, 

and train the second neural network (also called a binocular stereo matching network) using a 

large number of computer rendered binocular images and a depth map. Training data overhead is 

reduced compared with a large number of precise depth labels. 

In one implementation of the embodiments of the present disclosure, in operation 202, the 

processing the first image via the first neural network to output disparity probability maps may 

include: 

performing feature extraction on the first image via network layers of two or more network 

depths in the first neural network respectively to obtain feature maps of two or more scales (i.e., 

sizes), where at least two means two or more in the present disclosure; 

obtaining preliminary disparity probability maps of two or more resolutions of the N 
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channels based on the feature maps of the two or more scales, respectively; and 

for each channel, enlarging the preliminary disparity probability maps of the two or more 

resolutions to the resolution of the first image and superimposing the enlarged preliminary 

disparity probability maps, to obtain the disparity probability maps of the N channels. 

Because of the effect of a pooling layer in a neural network, feature maps of different sizes 

and resolutions are generated at different stages of the neural network, and preliminary disparity 

probability maps of different sizes and resolutions can be generated based on the feature maps of 

different sizes and resolutions, thereby contributing to providing different local information and 

global information for predicting depth information. 

For example, the first image is a Red, Green, and Blue (RGB) image with W*H*N being 

200*200*3, a feature map of 100*100*64 is obtained by a network layer of a certain network 

depth of the first neural network, and a feature map of 50*50*128 is obtained by a network layer 

of another network depth; preliminary disparity probability maps of different sizes and 

resolutions may be obtained based on the two feature maps of different sizes, for example, 

preliminary disparity probability maps of 100*100*N and 50*50*N are obtained. The resolution 

of the first image is 200*200, the resolutions of the two preliminary disparity probability maps 

are respectively 100*100 and 50*50, and the resolutions of the two preliminary disparity 

probability maps are respectively 1/2*1/2 and 1/4*1/4 of the resolution of the first image. 

According to this embodiment, features extracted by network layers of two or more network 

depths in the first neural network are different in size. A feature extracted by a network layer 

with a small network depth has a small receptive field, and reflects information of a small area in 

the first image, and a feature extracted by a network layer with a large network depth has a large 

receptive field, and reflects information of a large area, or even global information, in the first 

image. Providing information of different fields of view while using feature maps of different 

resolutions may generate more accurate probability disparity maps. 

In one implementation of the embodiments of the present disclosure, the operation 210 may 

include: 

performing feature extraction on the one image and the other image respectively, for 

example, performing feature extraction on the one image and the other image by a convolutional 

neural network; and 

obtaining, via the second neural network, a positional relationship between pixels in the one 
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image and the other image based on extracted features of the one image and of the other image  

and outputting the correlation coefficient . 

Accordingly, in another implementation of the embodiments of the present disclosure, the 

operation 212 may include: superimposing the feature of the other image and the correlation 

coefficient to generate the disparity map of the first image and the second image. In this way, a 

disparity map of a scene, captured in a single image, in binocular images can be obtained based 

on the single image, a difficult depth estimation problem is converted into a problem of matching 

similar pixel points of two images, and this matching no longer requires speculating the 

geometric relationship between at least two pixels in a single image, thereby reducing the 

computational complexity. In addition, in this embodiment, the use of a deep learning method 

improves the accuracy of the operation result by setting geometric transformation explicitly in 

the second neural network. 

According to some embodiments, in yet another implementation of the embodiments of the 

present disclosure, the operation 212 may include: superimposing the feature of the other image 

and the correlation coefficient to obtain a superimposition result, which may be, for example, a 

feature map; and extracting a feature of the superimposition result, and merging the extracted 

feature of the superimposition result with the superimposition result to obtain the disparity map 

of the first image and the second image. 

In one implementation, the feature of the superimposition result may be extracted by a 

convolutional neural network, which may for instance include, but is not limited to, a 

convolutional layer and an activation layer (ReLu).The convolutional neural network may be 

implemented, for example, by an encoding-decoding model, the feature of the superimposition 

result is extracted by the convolution layer to obtain a feature map of the same size as the 

superimposition result, and the feature map is merged (concat) with the superimposition result to 

obtain the disparity map of the first image and the second image. 

In the embodiments of the present disclosure, by further extracting a feature of the 

superimposition result, the range of the receptive field can be increased, and then the extracted 

feature of the superimposition result is merged with the superimposition result to obtain the 

disparity map of the first image and the second image, and thus, more information can be merged 

in the disparity map, and more global information can be obtained, thereby contributing to 

improving subsequent prediction of depth information corresponding to the first image. 
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FIG. 3 is a flowchart of an application embodiment of a depth estimation method according 

to the present disclosure. FIG. 4 is an exemplary block diagram corresponding to the 

embodiment shown in FIG. 3.In the application embodiment, description is made by respectively 

using a left image and a right image as the first image and the second image in at least one of the 

foregoing embodiments of the present disclosure. Referring to FIGS. 3 and 4, the application 

embodiment includes the following operations. 

At 302, a single image is taken as a left image in binocular images, and the left image is 

processed via a first neural network to output disparity probability maps of N channels. 

Each channel represents a probability of a pixel on the left image being horizontally shifted 

to the left by i disparities, where i=0, 1, ..., N-1, and N is an integer greater than 1. 

In an optional example, the operation 302 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by the first sub-neural 

network unit of the image obtaining module run by the processor. 

At 304, the left image is shifted by i pixels in a first horizontal direction respectively 

according to the disparity probability maps of the N channels to obtain N shifted images. 

In an optional example, the operation 304 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by the shift unit of the image 

obtaining module run by the processor. 

At 306, each of the N shifted images is dot-multiplied by the disparity probability map of 

the corresponding channel to obtain N dot multiplication results. 

In an optional example, the operation 306 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by the dot multiplication 

unit of the image obtaining module run by the processor. 

At 308, the N dot multiplication results are superimposed based on pixels to obtain a right 

image in the binocular images. 

In an optional example, the operation 308 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by the addition unit of the 

image obtaining module run by the processor. 

At 310, feature extraction is respectively performed on the left and right images via the 

second neural network. 

In an optional example, the operation 310 may be performed by a processor by invoking a 
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corresponding instruction stored in a memory, or may be performed by a second sub-neural 

network unit of the first obtaining unit of the stereo matching module run by the processor. 

At 312, a positional relationship between pixels in the left image and the right image is 

obtained based on extracted features of the left image and of the right image via the second 

neural network and a correlation coefficient is output via the second neural network. 

In an optional example, the operation 312 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by an obtaining subunit of 

the first obtaining unit of the stereo matching module run by the processor. 

At 314, the feature of the left image and the correlation coefficient are superimposed to 

obtain a superimposition result, which may be, for example, a feature map. 

According to some embodiments, in order to obtain a disparity map aligned with pixels of 

the left image, further feature extraction may be first performed by a neural network on the 

feature map obtained from the left image, and an extracted feature and the correlation coefficient 

are superimposed, where the neural network may exemplarily consist of a convolutional layer 

and an activation layer. By performing further feature extraction on the feature map obtained 

from the left image, the range of the receptive field can be increased, and a further processed 

feature map is obtained and then superimposed on the correlation coefficient, so that more global 

information can be included in the superimposition result, thereby improving the accuracy of a 

disparity map and depth information to be subsequently obtained. 

In an optional example, the operation 314 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a superimposition subunit 

of the generation unit of the stereo matching module run by the processor. 

At 316, a feature of the superimposition result is extracted and merged with the 

superimposition result via the second neural network to obtain a disparity map of the first image 

and the second image. 

In an optional example, the operation 316 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by a merging subunit of the 

generation unit of the stereo matching module run by the processor. 

At 318, depth information corresponding to the first image is obtained based on the 

disparity map, the focal length of the camera that captures the first image, and the distance 

between binocular cameras corresponding to the binocular images. 
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In an optional example, the operation 318 may be performed by a processor by invoking a 

corresponding instruction stored in a memory, or may be performed by the third obtaining unit of 

the stereo matching module run by the processor. 

Based on at least one of the foregoing embodiments of the present disclosure, after 

obtaining the depth information, a 3D spatial scene of the scene in the first image may also be 

obtained based on the depth information corresponding to the first image and the second image. 

The embodiments of the present disclosure may be applied, for example, but not limited to, 

in the following: 

1. performing global depth estimation on a single image; and that 

2. the embodiments of the present disclosure may be applied to 3D scene reconstruction, 

and predicted depth information (also referred to as a global depth map) corresponding to a first 

image may be applied to various scenes, such as autonomous driving, 3D scene recovery, 3D 

movie production, and the like. By the embodiments of the present disclosure, only a single 

image is needed to obtain a better effect, thereby reducing the costs. 

Using predicted depth information corresponding to a first image in combination with a 

synthesized right image, the 3D spatial scene of the entire scene in the original image (i.e., the 

first image) may be recovered, and the recovered 3D spatial scene can be applied in many 

scenarios, such as 3D movies, autonomous driving, and the like. 

According to some embodiments, in at least one of the foregoing embodiments of the 

present disclosure, the first neural network may be pre-trained by using sample binocular images 

in a first sample set, the first sample set including at least one group of first sample binocular 

images; and/or, the second neural network may be pre-trained by using sample binocular images 

in a second sample set. 

Correspondingly, before at least one of the foregoing embodiments of the present disclosure, 

the method may further include: 

training the first neural network by using sample binocular images in a first sample set, and 

training the second neural network by using sample binocular images in a second sample set and 

a depth map, where the first sample set includes at least one group of first sample binocular 

images, each group of first sample binocular images includes a first image and a second image, 

and the second sample set includes at least one group of second sample binocular images and a 

disparity map label. 
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In one implementation, the training the first neural network by using sample binocular 

images in a first sample set may include: 

obtaining and outputting, via the first neural network, a second image in the at least one 

group of first sample binocular images according to a first image in the at least one group of first 

sample binocular images ; and 

obtaining a first difference between the second image output via the first neural network and 

the second image in the at least one group of first sample binocular images, and training the first 

neural network based on the first difference until a first training completion condition is satisfied. 

In an optional example, the obtaining a first difference between the second image output via 

the first neural network and the second image in the at least one group of first sample binocular 

images, and training the first neural network based on the first difference until a first training 

completion condition is satisfied may include: 

obtaining the first difference in pixels between the second image output via the first neural 

network and the second image in the at least one group of first sample binocular images, for 

example, the sum of the absolute values of differences in pixels; and 

adjusting the parameter value of a network parameter in the first neural network based on 

the first difference until the first training completion condition is satisfied. 

The first training completion condition may for example include, but not limited to, that: the 

first difference is less than a first preset threshold, and/or the number of times of training of the 

first neural network reaches a first preset number of times. 

In another implementation, the training the second neural network by using sample 

binocular images in a second sample set and a disparity map label may include: 

obtaining and outputting a disparity map of the at least one group of second sample 

binocular images via the second neural network; and 

obtaining a second difference between the disparity map output via the second neural 

network and the disparity map label of the at least one group of second sample binocular images, 

and training the second neural network based on the second difference until a second training 

completion condition is satisfied. 

In an optional example, the obtaining a second difference between the disparity map output 

via the second neural network and the disparity map label of the at least one group of second 

sample binocular images, and training the second neural network based on the second difference 
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until a second training completion condition is satisfied may include: 

obtaining the second difference in pixels between the disparity map output via the second 

neural network and the disparity map label of the at least one group of second sample binocular 

images, for example, the sum of the absolute values of differences in pixels; and 

adjusting the parameter value of a network parameter in the second neural network based on 

the second difference until the second training completion condition is satisfied. 

The second training completion condition may for example include, but not limited to, that: 

the second difference is less than a second preset threshold, and/or the number of times of 

training of the second neural network reaches a second preset number of times. 

Since an actually acquired depth map label is not easy to obtain, the second neural network 

may be trained using computer-synthesized left image, right image, and depth map label as 

second sample binocular images in the second sample set and a depth map label corresponding to 

a second sample image in practical applications based on the embodiments of the present 

disclosure. 

In addition, after the phased training of the first neural network and the second neural 

network is completed in the foregoing embodiment of the present disclosure, the method may 

further include: 

training the first neural network and the second neural network by using sample binocular 

images in a third sample set and a depth map label corresponding to third sample images. 

The third sample set includes at least one group of third sample binocular images and the 

depth map label corresponding to the third sample images. 

In one implementation, the training the first neural network and the second neural network 

by using sample binocular images in a third sample set and a depth map label corresponding to 

third sample images may include: 

obtaining a second image in the at least one group of third sample binocular images 

according to a first image in the at least one group of third sample binocular images via the first 

neural network; 

obtaining a disparity map of the at least one group of third sample binocular images via the 

second neural network; 

obtaining at least one group of depth information based on the disparity map of the at least 

one group of third sample binocular images; 
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obtaining a third difference between the at least one group of depth information and the 

depth map label of the at least one group of third sample binocular images, where the third 

difference may be, for example, the sum of the absolute values of differences in pixels; and 

adjusting the parameter values of network parameters in the first neural network and the 

second neural network based on the third difference until a third training completion condition is 

satisfied. 

The third training completion condition may for example include, but not limited to, that: 

the third difference is less than a third preset threshold, and/or the number of times of training of 

the first neural network and the second neural network reaches a third preset number of times. 

Any depth estimation method provided by the embodiments of the present disclosure may 

be executed by any appropriate device having data processing capability, including, but not 

limited to, a terminal device and a server. Alternatively, any depth estimation method provided in 

the embodiments of the present disclosure may be executed by a processor, for example, any 

depth estimation method mentioned in the embodiments of the present disclosure is executed by 

the processor by invoking a corresponding instruction stored in a memory. Details are not 

described below again. 

A person of ordinary skill in the art may understand that all or some operations for 

implementing the foregoing method embodiments may be achieved by a program by instructing 

related hardware; the foregoing program can be stored in a computer-readable storage medium; 

when the program is executed, operations including the foregoing method embodiments are 

executed. Moreover, the foregoing storage medium includes various media capable of storing a 

program code such as an ROM, an RAM, a magnetic disk, or an optical disk. 

FIG. 5 is a schematic structural diagram of an embodiment of a depth estimation apparatus 

according to the present disclosure. The depth estimation apparatus of this embodiment may be 

used for implementing at least one of the foregoing embodiments of the depth estimation method 

according to the present disclosure. As shown in FIG. 5, the depth estimation apparatus of this 

embodiment includes: an image obtaining module and a stereo matching module. 

The image obtaining module is configured to take a single image as a first image in 

binocular images, and obtain a second image in the binocular images based on the first image via 

a first neural network. 

The stereo matching module is configured to obtain depth information corresponding to the 
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first image via a second neural network by performing binocular stereo matching on the first 

image and the second image. 

Based on the depth estimation apparatus provided by the above embodiment of the present 

disclosure, a single image is taken as a first image in binocular images, and a second image in 

the binocular images is obtained based on the first image via a first neural network; and depth 

information corresponding to the first image is obtained via a second neural network by 

performing binocular stereo matching on the first image and the second image. Thus, depth 

estimation of the scene in a single image is implemented based on the single image without 

needing binocular cameras, thereby avoiding additional hardware overhead generated by 

binocular cameras and reducing the costs. Moreover, an error in obtained depth information 

caused by the inaccuracy of settings of binocular cameras can be avoided, and the accuracy of 

depth estimation is improved. 

FIG. 6 is a schematic structural diagram of another embodiment of a depth estimation 

apparatus according to the present disclosure. As shown in FIG. 6, in one implementation of at 

least one embodiment of the present disclosure, the image obtaining module includes: a first 

sub-neural network unit, a shift unit, a dot multiplication unit, and an addition unit. 

The first sub-neural network unit is configured to process the first image to output disparity 

probability maps of N channels, where the disparity probability map of each channel represents a 

probability of a pixel on the first image being shifted by i disparities in a first horizontal direction, 

where i=0, 1, ..., N-1, and N is an integer greater than 1. 

The shift unit is configured to shift the first image by i pixels in the first horizontal direction 

respectively according to the disparity probability maps of the N channels to obtain N shifted 

images. 

The dot multiplication unit is configured to dot-multiply each of the N shifted images by the 

disparity probability map of the corresponding channel to obtain N dot multiplication results. 

The addition unit is configured to superimpose the N dot multiplication results based on 

pixels to obtain the second image. 

In one optional example, the first sub-neural network unit includes network layers of two or 

more network depths, and is configured to: perform feature extraction on the first image via the 

network layers of the two or more network depths respectively to obtain feature maps of two or 

more scales; obtain preliminary disparity probability maps of two or more resolutions of the N 
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channels based on the feature maps of the two or more scales, respectively; and for each channel, 

enlarge the preliminary disparity probability maps of the two or more resolutions to the 

resolution of the first image and superimpose the enlarged preliminary disparity probability maps, 

to obtain the disparity probability maps of the N channels. 

According to some embodiments, for a corresponding pixel position, in the disparity 

probability maps of the N channels, of a pixel corresponding to a foreground object in the first 

image, the pixel has a larger probability value in the disparity probability map of a channel 

corresponding to a large disparity than in the disparity probability map of a channel 

corresponding to a small disparity; and for a corresponding pixel position, in the disparity 

probability maps of the N channels, of a pixel corresponding to a background object in the first 

image, the pixel has a larger probability value in the disparity probability map of a channel 

corresponding to a small disparity than in the disparity probability map of a channel 

corresponding to a large disparity. 

In addition, referring to FIG. 6 again, in another implementation of at least one embodiment 

of the present disclosure, the stereo matching module includes: a first obtaining unit, a 

generation unit, and a third obtaining unit. 

The first obtaining unit is configured to obtain a correlation coefficient for indicating a 

positional relationship between pixels in one image of the binocular images and the other image 

of the binocular images, where the one image of the binocular images is the first image or the 

second image, and the other image is correspondingly the second image or the first image. 

The generation unit is configured to generate a disparity map of the first image and the 

second image based on the other image and the correlation coefficient. 

The third obtaining unit is configured to obtain the depth information corresponding to the 

first image based on the disparity map. 

In one optional example, the first obtaining unit includes: a second sub-neural network unit, 

configured to perform feature extraction on the one image and the other image respectively; and 

an obtaining subunit, configured to obtain the positional relationship between the pixels in the 

one image and the other image based on extracted features of the one image and of the other 

image, and output the correlation coefficient for indicating the positional relationship between 

the pixels in the one image of the binocular images and the other image of the binocular images. 

Correspondingly, in another optional example, the generation unit is configured to 
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superimpose the feature of the other image and the correlation coefficient to generate the 

disparity map of the first image and the second image. 

In another optional example, the generation unit includes: a superimposition subunit, 

configured to superimpose the feature of the other image and the correlation coefficient to obtain 

a superimposition result; and a merging subunit, configured to extract a feature of the 

superimposition result, and merge the extracted feature of the superimposition result with the 

superimposition result to obtain the disparity map of the first image and the second image. 

In still another optional example, the third obtaining unit is configured to obtain the depth 

information corresponding to the first image based on the disparity map, the focal length of a 

camera that captures the first image, and the distance between binocular cameras corresponding 

to the binocular images. 

In addition, the depth estimation apparatus according to at least one of the foregoing 

embodiments of the present disclosure may further include: an obtaining module, configured to 

obtain a 3D spatial scene of the scene in the first image based on the depth information 

corresponding to the first image and the second image. 

FIG. 7 is a schematic structural diagram of still another embodiment of a depth estimation 

apparatus according to the present disclosure. In FIG. 7, the image obtaining module and the 

stereo matching module may be selectively implemented by the structure in any embodiment 

shown in FIG. 6, or may be implemented by other structures. 

In addition, in the depth estimation apparatus according to at least one of the foregoing 

embodiments of the present disclosure, the first neural network may be pre-trained by using 

sample binocular images in a first sample set, the first sample set including at least one group of 

first sample binocular images; and/or the second neural network may be pre-trained by using 

sample binocular images in a second sample set, the second sample set including at least one 

group of second sample binocular images and a disparity map label. 

Referring to FIG. 7 again, in yet another embodiment of the depth estimation apparatus 

according to the present disclosure, a first training module is further included. In this 

embodiment, the first neural network is configured to obtain and output a second image in the at 

least one group of first sample binocular images according to a first image in the at least one 

group of first sample binocular images. The first training module is configured to obtain a first 

difference between the second image output via the first neural network and the second image in 
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the at least one group of first sample binocular images, and train the first neural network based 

on the first difference until a first training completion condition is satisfied. 

In one implementation, the first training module is configured to: obtain the first difference 

in pixels between the second image output via the first neural network and the second image in 

the at least one group of first sample binocular images; and 

adjust the parameter value of a network parameter in the first neural network based on the 

first difference until the first training completion condition is satisfied, where the first training 

completion condition may for example include, but not limited to, that: the first difference is less 

than a first preset threshold, and/or the number of times of training of the first neural network 

reaches a first preset number of times. 

Referring to FIG. 7 again, in yet another embodiment of the depth estimation apparatus 

according to the present disclosure, a second training module is further included. In this 

embodiment, the second neural network is configured to obtain and output a disparity map of the 

at least one group of second sample binocular images. The second training module is configured 

to obtain a second difference between the disparity map output via the second neural network 

and the disparity map label of the at least one group of second sample binocular images, and 

train the second neural network based on the second difference until a second training 

completion condition is satisfied. 

In one implementation, the second training module is specifically configured to: obtain the 

first difference in pixels between the second image output via the first neural network and the 

second image in the at least one group of first sample binocular images; and 

adjust the parameter value of a network parameter in the second neural network based on 

the second difference until the second training completion condition is satisfied, where the 

second training completion condition may for example include, but not limited to, that: the 

second difference is less than a second preset threshold, and/or the number of times of training of 

the second neural network reaches a second preset number of times. 

Further referring to FIG. 7 again, in yet another embodiment of the depth estimation 

apparatus according to the present disclosure, a third training module is further included, and 

configured to train the first neural network and the second neural network by using sample 

binocular images in a third sample set and a depth map label corresponding to third sample 

images. The third sample set includes at least one group of third sample binocular images and the 
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depth map label corresponding to the third sample images. 

In one implementation, the first neural network is configured to obtain a second image in 

the at least one group of third sample binocular images according to a first image in the at least 

one group of third sample binocular images; and the second neural network is configured to 

obtain a disparity map of the at least one group of third sample binocular images. 

The third training module is configured to: obtain at least one group of depth information 

based on the disparity map of the at least one group of third sample binocular images; obtain a 

third difference between the at least one group of depth information and the depth map label of 

the at least one group of third sample binocular images; and adjust the parameter values of 

network parameters in the first neural network and the second neural network based on the third 

difference until a third training completion condition is satisfied. The third training completion 

condition may for example include, but not limited to, that: the third difference is less than a 

third preset threshold, and/or the number of times of training of the first neural network and the 

second neural network reaches a third preset number of times. For the technical effects of at least 

one solution in the embodiments of the depth estimation apparatus according to the present 

disclosure, reference may be made to corresponding description in the corresponding method 

embodiments, and details are not described herein again. 

In addition, an electronic device provided in the embodiments of the present disclosure 

includes: 

a memory, configured to store executable instructions; and 

a processor, configured to communicate with the memory to execute the executable 

instructions so as to perform the operations of the depth estimation method according to any one 

of the forgoing embodiments of the present disclosure. 

FIG. 8 is a schematic structural diagram of an application embodiment of an electronic 

device according to the present disclosure. Referring to FIG. 8 below, a schematic structural 

diagram of an electronic device, which may be a terminal device or a server, suitable for 

implementing the embodiments of the present disclosure is shown. As shown in FIG. 8, the 

electronic device includes one or more processors, a communication part, and the like. The one 

or more processors are, for example, one or more Central Processing Units (CPUs) 801, and/or 

one or more acceleration units (GPUs) 813, or the like. The acceleration unit 813 includes, but is 

not limited to, a GPU, an FPGA, and other types of special-purpose processors. The processor 
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performs various appropriate actions and processing according to executable instructions stored 

in a Read-Only Memory (ROM) 802 or executable instructions loaded from a storage section 

808 to a Random Access Memory (RAM) 803.The communication part 812 may include, but is 

not limited to, a network card. The network card may include, but is not limited to, an Infiniband 

(IB) network card. The processor may communicate with the ROM 802 and/or the RAM 803, to 

execute executable instructions. The processor is connected to the communication part 812 via a 

bus 804, and communicates with other target devices via the communication part 812, thereby 

implementing corresponding operations of any method provided in the embodiments of the 

present disclosure, for example, taking a single image as a first image in binocular images, and 

obtaining a second image in the binocular images based on the first image via a first neural 

network; and obtaining depth information corresponding to the first image via a second neural 

network by performing binocular stereo matching on the first image and the second image. 

For the technical effects of solutions of the electronic device according to the present 

disclosure, reference may be made to corresponding description in the corresponding method 

embodiments, and details are not described herein again. 

In addition, the RAM 803 further stores programs and data required for operations of an 

apparatus. The CPU 801, the ROM 802, and the RAM 803 are connected to each other by means 

of the bus 804.In the presence of the RAM 803, the ROM 802 is an optional module. The RAM 

803 stores executable instructions, or writes the executable instructions into the ROM 802 during 

running, where the executable instructions cause the processor to execute corresponding 

operations of any method of the present disclosure. An Input/Output (I/O) interface 805 is also 

connected to the bus 804.The communication part 812 is integrated, or is configured to have 

multiple sub-modules (for example, multiple IB network cards) connected to the bus. 

The following components are connected to the I/O interface 805: an input section 806 

including a keyboard, a mouse and the like; an output section 807 including a Cathode-Ray Tube 

(CRT), a Liquid Crystal Display (LCD), a speaker and the like; the storage section 808 including 

a hard disk drive and the like; and a communication section 809 of a network interface card 

including an LAN card, a modem and the like. The communication section 809 performs 

communication processing via a network such as the Internet. A drive 810 is also connected to 

the I/O interface 805 according to requirements. A removable medium 811 such as a magnetic 

disk, an optical disk, a magneto-optical disk, a semiconductor memory or the like is mounted on 
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the drive 810 according to requirements, so that a computer program read from the removable 

medium is installed on the storage section 808 according to requirements. 

It should be noted that, the architecture shown in FIG. 8 is merely an optional 

implementation. During specific practice, the number and types of the components in FIG. 8 may 

be selected, decreased, increased, or replaced according to actual requirements. Different 

functional components may be separated or integrated or the like. For example, the acceleration 

unit 813 and the CPU 801 may be separated, or the acceleration unit 813 may be integrated on 

the CPU 801, and the communication part 812 may be separated from or integrated on the CPU 

801 or the acceleration unit 813 or the like. These alternative implementations all fall within the 

scope of protection of the present disclosure. 

Particularly, a process described above with reference to a flowchart according to the 

embodiments of the present disclosure may be implemented as a computer software program. 

For example, the embodiments of this disclosure include a computer program product. The 

computer program product includes a computer program tangibly included in a machine-readable 

medium. The computer program includes a program code for performing a method shown in the 

flowcharts. The program code may include instructions for performing operations of the depth 

estimation method provided in the embodiments of the present disclosure. In such an 

embodiment, the computer program is downloaded and installed from the network through the 

communication section, and/or is installed from the removable medium. When the computer 

program is executed by the CPU, the functions defined in the method according to the present 

disclosure are executed. 

In addition, the embodiments of the present disclosure further provide a computer program, 

including a computer-readable code, where when the computer-readable code runs in a device, a 

processor in the device executes instructions for implementing the operations of the depth 

estimation method according to any one of the embodiments of the present disclosure. 

In addition, the embodiments of the present disclosure further provide a computer-readable 

storage medium configured to store computer-readable instructions, where when the instructions 

are executed, the operations of the depth estimation method according to any one of the 

embodiments of the present disclosure are executed. 

A person of ordinary skill in the art may understand that all or some operations for 

implementing the foregoing method embodiments are achieved by a program by instructing 
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related hardware; the foregoing program can be stored in a computer-readable storage medium; 

when the program is executed, operations including the foregoing method embodiments are 

executed. Moreover, the foregoing storage medium includes various media capable of storing a 

program code such as an ROM, an RAM, a magnetic disk, or an optical disk. 

The embodiments in the specification are all described in a progressive manner, for same or 

similar parts in the embodiments, refer to these embodiments, and each embodiment focuses on a 

difference from other embodiments. The system embodiments correspond to the method 

embodiments substantially and therefore are only described briefly, and for the associated part, 

refer to the descriptions of the method embodiments. 

The methods and apparatuses of the present disclosure may be implemented in many 

manners. For example, the methods and apparatuses of the present disclosure are implemented 

with software, hardware, firmware, or any combination of software, hardware, and firmware. 

The foregoing sequence of the operations of the method is merely for description, and unless 

otherwise stated particularly, the operations of the method in the present disclosure are not 

limited to the specifically described sequence. In addition, in some embodiments, the present 

disclosure may also be implemented as programs recorded in a recording medium. The programs 

include machine-readable instructions for implementing the methods according to the present 

disclosure. Therefore, the present disclosure further covers the recording medium storing the 

programs for executing the methods according to the present disclosure. 

The descriptions of the present disclosure are provided for the purpose of examples and 

description, and are not intended to be exhaustive or limit the present disclosure to the disclosed 

form. Many modifications and changes are obvious to a person of ordinary skill in the art. The 

embodiments are selected and described to better describe a principle and an actual application 

of the present disclosure, and to make a person of ordinary skill in the art understand the present 

disclosure, so as to design various embodiments with various modifications applicable to 

particular use. 
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CLAIMS 

1. A depth estimation method, comprising: 

taking a single image as a first image in binocular images, and obtaining a second image in 

the binocular images based on the first image via a first neural network; and 

obtaining depth information corresponding to the first image via a second neural network by 

performing binocular stereo matching on the first image and the second image. 

 

2. The method according to claim 1, wherein the obtaining a second image in the binocular 

images based on the first image via a first neural network comprises: 

processing the first image via the first neural network to output disparity probability maps 

of N channels, wherein the disparity probability map of each channel represents a probability of 

a pixel on the first image being shifted by i disparities in a first horizontal direction, wherein i=0, 

1, ..., N-1, and N is an integer greater than 1; 

shifting the first image by i pixels in the first horizontal direction respectively according to 

the disparity probability maps of the N channels to obtain N shifted images; 

dot-multiplying each of the N shifted images by the disparity probability map of the 

corresponding channel to obtain N dot multiplication results; and 

superimposing the N dot multiplication results based on pixels to obtain the second image. 

 

3. The method according to claim 2, wherein the processing the first image via the first neural 

network to output disparity probability maps of N channels comprises: 

performing feature extraction on the first image via network layers of at least two network 

depths in the first neural network respectively to obtain feature maps of at least two scales; 

obtaining preliminary disparity probability maps of at least two resolutions of the N 

channels based on the feature maps of the at least two scales, respectively; and 

for each channel, enlarging the preliminary disparity probability maps of the at least two 

resolutions to the resolution of the first image and superimposing the enlarged preliminary 

disparity probability maps, to obtain the disparity probability maps of the N channels. 

 

4. The method according to claim 2 or 3, wherein for a corresponding pixel position, in the 
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disparity probability maps of the N channels, of a pixel corresponding to a foreground object in 

the first image, the pixel has a larger probability value in the disparity probability map of a 

channel corresponding to a large disparity than in the disparity probability map of a channel 

corresponding to a small disparity; and for a corresponding pixel position, in the disparity 

probability maps of the N channels, of a pixel corresponding to a background object in the first 

image, the pixel has a larger probability value in the disparity probability map of a channel 

corresponding to a small disparity than in the disparity probability map of a channel 

corresponding to a large disparity. 

 

5. The method according to any one of claims 1 to 4, wherein the obtaining depth information 

corresponding to the first image by performing binocular stereo matching on the first image and 

the second image comprises: 

obtaining a correlation coefficient for indicating a positional relationship between pixels in 

one image of the binocular images and the other image of the binocular images, wherein the one 

image of the binocular images is the first image or the second image, and the other image is 

correspondingly the second image or the first image; 

generating a disparity map of the first image and the second image based on the other image 

and the correlation coefficient; and 

obtaining the depth information corresponding to the first image based on the disparity map. 

 

6. The method according to claim 5, wherein the obtaining a correlation coefficient for indicating 

a positional relationship between pixels in one image of the binocular images and the other 

image of the binocular images comprises: 

performing feature extraction on the one image and the other image respectively; and 

obtaining the positional relationship between the pixels in the one image and the other 

image based on extracted features of the one image and of the other image, and outputting the 

correlation coefficient for indicating the positional relationship between the pixels in the one 

image of the binocular images and the other image of the binocular images. 

 

7. The method according to claim 6, wherein the generating a disparity map of the first image 

and the second image based on the other image and the correlation coefficient comprises: 



29                                          P1840263 

superimposing the feature of the other image and the correlation coefficient to generate the 

disparity map of the first image and the second image. 

 

8. The method according to claim 7, wherein the superimposing the feature of the other image 

and the correlation coefficient to generate the disparity map of the first image and the second 

image comprises: 

superimposing the feature of the other image and the correlation coefficient to obtain a 

superimposition result; and 

extracting a feature of the superimposition result, and merging the extracted feature of the 

superimposition result with the superimposition result to obtain the disparity map of the first 

image and the second image. 

 

9. The method according to any one of claims 6 to 8, wherein the obtaining the depth 

information corresponding to the first image based on the disparity map comprises: 

obtaining the depth information corresponding to the first image based on the disparity map, 

the focal length of a camera that captures the first image, and the distance between binocular 

cameras corresponding to the binocular images. 

 

10. The method according to any one of claims 1 to 9, further comprising: 

obtaining a 3D spatial scene of the scene in the first image based on the depth information 

corresponding to the first image and the second image. 

 

11. The method according to any one of claims 5 to 10, wherein the first neural network is 

pre-trained by using sample binocular images in a first sample set, the first sample set 

comprising at least one group of first sample binocular images; and/or, 

the second neural network is pre-trained by using sample binocular images in a second 

sample set, the second sample set comprising at least one group of second sample binocular 

images and a disparity map label. 

 

12. The method according to claim 11, wherein the training of the first neural network 

comprises: 
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obtaining and outputting, via the first neural network, a second image in the at least one 

group of first sample binocular images according to a first image in the at least one group of first 

sample binocular images ; and 

obtaining a first difference between the second image output via the first neural network and 

the second image in the at least one group of first sample binocular images, and training the first 

neural network based on the first difference until a first training completion condition is satisfied. 

 

13. The method according to claim 12, wherein the obtaining a first difference between the 

second image output via the first neural network and the second image in the at least one group 

of first sample binocular images, and training the first neural network based on the first 

difference until a first training completion condition is satisfied comprises: 

obtaining the first difference in pixels between the second image output via the first neural 

network and the second image in the at least one group of first sample binocular images; and 

adjusting the parameter value of a network parameter in the first neural network based on 

the first difference until the first training completion condition is satisfied, 

wherein the first training completion condition comprises that: the first difference is less 

than a first preset threshold, and/or the number of times of training of the first neural network 

reaches a first preset number of times. 

 

14. The method according to any one of claims 11 to 13, wherein the training of the second 

neural network comprises: 

obtaining and outputting a disparity map of the at least one group of second sample 

binocular images via the second neural network; and 

obtaining a second difference between the disparity map output via the second neural 

network and the disparity map label of the at least one group of second sample binocular images, 

and training the second neural network based on the second difference until a second training 

completion condition is satisfied. 

 

15. The method according to claim 14, wherein the obtaining a second difference between the 

disparity map output via the second neural network and the disparity map label of the at least one 

group of second sample binocular images, and training the second neural network based on the 
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second difference until a second training completion condition is satisfied comprises: 

obtaining the second difference in pixels between the disparity map output via the second 

neural network and the disparity map label of the at least one group of second sample binocular 

images; and 

adjusting the parameter value of a network parameter in the second neural network based on 

the second difference until the second training completion condition is satisfied, 

wherein the second training completion condition comprises that: the second difference is 

less than a second preset threshold, and/or the number of times of training of the second neural 

network reaches a second preset number of times. 

 

16. The method according to any one of claims 11 to 15, wherein the training of the first neural 

network and the second neural network further comprises: 

training the first neural network and the second neural network by using sample binocular 

images in a third sample set and a depth map label corresponding to third sample images, 

wherein the third sample set comprises at least one group of third sample binocular images 

and the depth map label corresponding to the third sample images. 

 

17. The method according to claim 16, wherein the training the first neural network and the 

second neural network by using sample binocular images in a third sample set and a depth map 

label corresponding to third sample images comprises: 

obtaining a second image in the at least one group of third sample binocular images 

according to a first image in the at least one group of third sample binocular images via the first 

neural network; 

obtaining a disparity map of the at least one group of third sample binocular images via the 

second neural network; 

obtaining at least one group of depth information based on the disparity map of the at least 

one group of third sample binocular images; 

obtaining a third difference between the at least one group of depth information and the 

depth map label of the at least one group of third sample binocular images; and 

adjusting the parameter values of network parameters in the first neural network and the 

second neural network based on the third difference until a third training completion condition is 
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satisfied, 

wherein the third training completion condition comprises that: the third difference is less 

than a third preset threshold, and/or the number of times of training of the first neural network 

and the second neural network reaches a third preset number of times. 

 

18. A depth estimation apparatus, comprising: 

an image obtaining module, configured to take a single image as a first image in binocular 

images, and obtain a second image in the binocular images based on the first image via a first 

neural network; and 

a stereo matching module, configured to obtain depth information corresponding to the first 

image via a second neural network by performing binocular stereo matching on the first image 

and the second image. 

 

19. The apparatus according to claim 18, wherein the image obtaining module comprises: 

a first sub-neural network unit, configured to process the first image to output disparity 

probability maps of N channels, wherein the disparity probability map of each channel represents 

a probability of a pixel on the first image being shifted by i disparities in a first horizontal 

direction, wherein i=0, 1, ..., N-1, and N is an integer greater than 1; 

a shift unit, configured to shift the first image by i pixels in the first horizontal direction 

respectively according to the disparity probability maps of the N channels to obtain N shifted 

images; 

a dot multiplication unit, configured to dot-multiply each of the N shifted images by the 

disparity probability map of the corresponding channel to obtain N dot multiplication results; and 

an addition unit, configured to superimpose the N dot multiplication results based on pixels 

to obtain the second image. 

 

20. The apparatus according to claim 19, wherein the first sub-neural network unit comprises 

network layers of at least two network depths, and is configured to: 

perform feature extraction on the first image via the network layers of the at least two 

network depths respectively to obtain feature maps of at least two scales; 

obtain preliminary disparity probability maps of at least two resolutions of the N channels 
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based on the feature maps of the at least two scales, respectively; and 

for each channel, enlarge the preliminary disparity probability maps of the at least two 

resolutions to the resolution of the first image and superimpose the enlarged preliminary 

disparity probability maps, to obtain the disparity probability maps of the N channels. 

 

21. The apparatus according to claim 19 or 20, wherein for a corresponding pixel position, in the 

disparity probability maps of the N channels, of a pixel corresponding to a foreground object in 

the first image, the pixel has a larger probability value in the disparity probability map of a 

channel corresponding to a large disparity than in the disparity probability map of a channel 

corresponding to a small disparity; and for a corresponding pixel position, in the disparity 

probability maps of the N channels, of a pixel corresponding to a background object in the first 

image, the pixel has a larger probability value in the disparity probability map of a channel 

corresponding to a small disparity than in the disparity probability map of a channel 

corresponding to a large disparity. 

 

22. The apparatus according to any one of claims 18 to 21, wherein the stereo matching module 

comprises: 

a first obtaining unit, configured to obtain a correlation coefficient for indicating a 

positional relationship between pixels in one image of the binocular images and the other image 

of the binocular images, wherein the one image of the binocular images is the first image or the 

second image, and the other image is correspondingly the second image or the first image; 

a generation unit, configured to generate a disparity map of the first image and the second 

image based on the other image and the correlation coefficient; and 

a third obtaining unit, configured to obtain the depth information corresponding to the first 

image based on the disparity map. 

 

23. The apparatus according to claim 22, wherein the first obtaining unit comprises: 

a second sub-neural network unit, configured to perform feature extraction on the one 

image and the other image respectively; and 

an obtaining subunit, configured to obtain the positional relationship between the pixels in 

the one image and the other image based on extracted features of the one image and of the other 
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image, and output the correlation coefficient for indicating the positional relationship between 

the pixels in the one image of the binocular images and the other image of the binocular images. 

 

24. The apparatus according to claim 23, wherein the generation unit is configured to 

superimpose the feature of the other image and the correlation coefficient to generate the 

disparity map of the first image and the second image. 

 

25. The apparatus according to claim 24, wherein the generation unit comprises: 

a superimposition subunit, configured to superimpose the feature of the other image and the 

correlation coefficient to obtain a superimposition result; and 

a merging subunit, configured to extract a feature of the superimposition result, and merge 

the extracted feature of the superimposition result with the superimposition result to obtain the 

disparity map of the first image and the second image. 

 

26. The apparatus according to any one of claims 23 to 25, wherein the third obtaining unit is 

configured to obtain the depth information corresponding to the first image based on the 

disparity map, the focal length of a camera that captures the first image, and the distance 

between binocular cameras corresponding to the binocular images. 

 

27. The apparatus according to any one of claims 18 to 26, further comprising: 

an obtaining module, configured to obtain a 3D spatial scene of the scene in the first image 

based on the depth information corresponding to the first image and the second image. 

 

28. The apparatus according to any one of claims 22 to 27, wherein the first neural network is 

pre-trained by using sample binocular images in a first sample set, the first sample set 

comprising at least one group of first sample binocular images; and/or, 

the second neural network is pre-trained by using sample binocular images in a second 

sample set, the second sample set comprising at least one group of second sample binocular 

images and a disparity map label. 

 

29. The apparatus according to claim 28, wherein the first neural network is configured to obtain 
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and output a second image in the at least one group of first sample binocular images according to 

a first image in the at least one group of first sample binocular images; and 

the apparatus further comprises: 

a first training module, configured to obtain a first difference between the second image 

output via the first neural network and the second image in the at least one group of first sample 

binocular images, and train the first neural network based on the first difference until a first 

training completion condition is satisfied. 

 

30. The apparatus according to claim 29, wherein the first training module is configured to: 

obtain the first difference in pixels between the second image output via the first neural 

network and the second image in the at least one group of first sample binocular images; and 

adjust the parameter value of a network parameter in the first neural network based on the 

first difference until the first training completion condition is satisfied, 

wherein the first training completion condition comprises that: the first difference is less 

than a first preset threshold, and/or the number of times of training of the first neural network 

reaches a first preset number of times. 

 

31. The apparatus according to any one of claims 28 to 30, wherein the second neural network is 

configured to obtain and output a disparity map of the at least one group of second sample 

binocular images; and 

the apparatus further comprises: 

a second training module, configured to obtain a second difference between the disparity 

map output via the second neural network and the disparity map label of the at least one group of 

second sample binocular images, and train the second neural network based on the second 

difference until a second training completion condition is satisfied. 

 

32. The apparatus according to claim 31, wherein the second training module is configured to: 

obtain the second difference in pixels between the disparity map output via the second 

neural network and the disparity map label of the at least one group of second sample binocular 

images; and 

adjust the parameter value of a network parameter in the second neural network based on 
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the second difference until the second training completion condition is satisfied, 

wherein the second training completion condition comprises that: the second difference is 

less than a second preset threshold, and/or the number of times of training of the second neural 

network reaches a second preset number of times. 

 

33. The apparatus according to any one of claims 28 to 33, further comprising: 

a third training module, configured to train the first neural network and the second neural 

network by using sample binocular images in a third sample set and a depth map label 

corresponding to third sample images, 

wherein the third sample set comprises at least one group of third sample binocular images 

and the depth map label corresponding to the third sample images. 

 

34. The apparatus according to claim 33, wherein the first neural network is configured to obtain 

a second image in the at least one group of third sample binocular images according to a first 

image in the at least one group of third sample binocular images; and 

the second neural network is configured to obtain a disparity map of the at least one group 

of third sample binocular images; 

and the third training module is configured to: 

obtain at least one group of depth information based on the disparity map of the at least one 

group of third sample binocular images; 

obtain a third difference between the at least one group of depth information and the depth 

map label of the at least one group of third sample binocular images; and 

adjust the parameter values of network parameters in the first neural network and the 

second neural network based on the third difference until a third training completion condition is 

satisfied, 

wherein the third training completion condition comprises that: the third difference is less 

than a third preset threshold, and/or the number of times of training of the first neural network 

and the second neural network reaches a third preset number of times. 

 

35. An electronic device, comprising: 

a memory, configured to store executable instructions; and 



37                                          P1840263 

a processor, configured to communicate with the memory to execute the executable 

instructions so as to perform the operations of the method according to any one of claims 1 to 17. 

 

36. A computer program, comprising a computer-readable code, wherein when the 

computer-readable code runs in a device, a processor in the device executes instructions for 

implementing operations of the method according to any one of claims 1 to 17. 

 

37. A computer-readable storage medium, configured to store computer-readable instructions, 

wherein when the instructions are executed, the operations of the method according to any one of 

claims 1 to 17 are implemented. 


