METHOD AND APPARATUS FOR ESTIMATING DEPTH OF

BINOCULAR IMAGE, DEVICE, PROGRAM, AND MEDIUM

CROSS-REFERENCE TO RELATED APPLICATION
The present disclosure is submitted on the basis of Chinese Patent Application No.
201810847268.7 filed on July 27, 2018, and claims priority to the Chinese patent application,

which is incorporated herein by reference in its entirety.

BACKGROUND

With the development of machine learning technologies, deep learning networks have
been applied to many real-world scenarios, such as autonomous driving. In these disclosures,
prediction results are very important, especially in deep learning-based regression tasks, such
as binocular stereo matching, and the prediction results are usually assumed to be accurate.
However, such assumption is not reasonable enough. Wrongly predicted pixels in very
important areas, such as relatively small obstacles, may cause a deep learning-based
avoidance system to fail. In addition, the deployment of these deep learning networks in other

scenarios may also cause poor or even unreasonable results.

SUMMARY

Embodiments of the present disclosure provide solutions for estimating the depth of a
binocular image.

According to one aspect of the embodiments of the present disclosure, provided is a
method for estimating the depth of a binocular image, including:

inputting a to-be-processed binocular image into a predetermined neural network to
obtain a parallax image and a confidence score image of the parallax image, where a discrete
parameter of each pixel in a preset distribution in the parallax image has a negative
correlation with a confidence score of the pixel; and

obtaining a depth image of the to-be-processed binocular image according to the



parallax image.

Optionally, in the foregoing method embodiments of the present disclosure, the
inputting a to-be-processed binocular image into a predetermined neural network to obtain a
confidence score image includes:

processing the to-be-processed binocular image by a binocular stereo matching neural
network, and then by two convolution layers and one normalization layer sequentially to
obtain the confidence score image.

Optionally, in one or more embodiments of the present disclosure, the method further
includes:

training the predetermined neural network by using a loss function, where the loss
function is calculated from the confidence score of each pixel in the parallax image and a
discrete parameter of the pixel in the preset distribution.

Optionally, in one or more embodiments of the present disclosure, the loss function
includes: regularization terms and a focus loss term that adjusts a weight of each pixel in the
parallax image in the loss function.

Optionally, in one or more embodiments of the present disclosure, the regularization
terms include: a regularization term related to the confidence score and a regularization term
related to a predetermined neural network parameter.

Optionally, in one or more embodiments of the present disclosure, the calculating the
loss function from the confidence score of each pixel in the parallax image and a discrete
parameter of the pixel in the preset distribution includes:

obtaining a likelihood function related to the predetermined neural network parameter
based on the parallax image and the confidence score image of the parallax image as well as
the predetermined neural network parameter and a real parallax image;

obtaining the negative correlation between the discrete parameter of each pixel in the
preset distribution in the parallax image and the confidence score of the pixel based on the
preset distribution to which each pixel in the parallax image conforms; and

in response to the predetermined neural network parameter conforming to the preset
distribution and the confidence score of each pixel in the parallax image conforming to a

non-decreasing distribution, take, based on the negative correlation between the discrete



parameter of each pixel in the preset distribution in the parallax image and the confidence
score of the pixel, a negative logarithm of the likelihood function to obtain the loss function.

Optionally, in one or more embodiments of the present disclosure, the preset
distribution includes a Laplacian distribution or a Gaussian distribution.

Optionally, in one or more embodiments of the present disclosure, in response to the
preset distribution being Laplacian distribution, the loss function includes: a focus loss term
obtained from an average value of ratios, each being a ratio of an absolute value of a
difference between a parallax value of each of pixels in the parallax image and a parallax
value of a respective one of pixels in the real parallax image to the confidence score of the
pixel, a regularization term obtained from an average value of confidence scores of the pixels
in the parallax image, and a regularization term obtained from the predetermined neural
network parameter.

Optionally, in one or more embodiments of the present disclosure, in response to the
preset distribution being Gaussian distribution, the loss function includes: a focus loss term
obtained from an average value of ratios each being a ratio of a square of a difference
between a parallax value of each of pixels in the parallax image and a parallax value of a
respective one of pixels in the real parallax image to the confidence score of the pixels, a
regularization term obtained from an average value of confidence scores of the pixels in the
parallax image, and a regularization term obtained from the predetermined neural network
parameter.

According to another aspect of the embodiments of the present disclosure, provided is
an apparatus for estimating the depth of a binocular image, including:

a parallax image acquiring unit, configured to input a to-be-processed binocular image
into a predetermined neural network to obtain a parallax image and a confidence score image
of the parallax image, where a discrete parameter of each pixel in a preset distribution in the
parallax image has a negative correlation with a confidence score of the pixel; and

a depth image acquiring unit, configured to obtain a depth image of the
to-be-processed binocular image according to the parallax image.

Optionally, in one or more embodiments of the present disclosure, the parallax image

acquiring unit is configured to process the to-be-processed binocular image by a binocular



stereo matching neural network, and then by two convolution layers and one normalization
layer sequentially to obtain the confidence score image.

Optionally, in one or more embodiments of the present disclosure, the apparatus
further includes:

a neural network training unit, configured to train the predetermined neural network
by using a loss function, where the loss function is calculated from the confidence score of
each pixel in the parallax image and the discrete parameter of the pixel in the preset
distribution.

Optionally, in one or more embodiments of the present disclosure, the loss function
includes: regularization terms and a focus loss term that adjusts a weight of each pixel in the
parallax image in the loss function.

Optionally, in one or more embodiments of the present disclosure, the regularization
terms include: a regularization term related to the confidence score and a regularization term
related to a predetermined neural network parameter.

Optionally, in one or more embodiments of the present disclosure, the neural network
training unit includes a loss function acquiring module.

The loss function acquiring module is configured to: obtain a likelihood function
related to a predetermined neural network parameter based on the parallax image and the
confidence score image of the parallax image as well as the predetermined neural network
parameter and a real parallax image; obtain the negative correlation between the discrete
parameter of each pixel in the preset distribution in the parallax image and the confidence
score of the pixel based on the preset distribution to which each pixel in the parallax image
conforms; and in response to the predetermined neural network parameter conforming to the
preset distribution and the confidence score of each pixel in the parallax image conforming to
a non-decreasing distribution, take, based on the negative correlation between the discrete
parameter of each pixel in the preset distribution in the parallax image and the confidence
score of the pixel, a negative logarithm of the likelihood function to obtain the loss function.

Optionally, in one or more embodiments of the present disclosure, the preset
distribution includes a Laplacian distribution or a Gaussian distribution.

Optionally, in one or more embodiments of the present disclosure, in response to the



preset distribution being Laplacian distribution, the loss function includes: a focus loss term
obtained from an average value of ratios, each being a ratio of an absolute value of a
difference between a parallax value of each of pixels in the parallax image and a parallax
value of a respective one of pixels in the real parallax image to the confidence score of the
pixels, a regularization term obtained from an average value of confidence scores of the
pixels in the parallax image, and a regularization term obtained from the predetermined
neural network parameter.

Optionally, in one or more embodiments of the present disclosure, in response to the
preset distribution being the Gaussian distribution, the loss function includes: a focus loss
term obtained from an average value of ratios, each being a ratio of a square of a difference
between a parallax value of each of pixels in the parallax image and a parallax value of a
respective one of pixels in the real parallax image to the confidence scores of the pixels, a
regularization term obtained from an average value of confidence score of the pixels in the
parallax image, and a regularization term obtained from the predetermined neural network
parameter.

According to still another aspect of the embodiments of the present disclosure,
provided is an electronic device, including the apparatus according to one or more
embodiments.

According to yet another aspect of the embodiments of the present disclosure,
provided is an electronic device, including:

a memory, configured to store executable instructions; and

a processor configured to execute the executable instructions so as to complete the
method according to one or more embodiments.

According to yet another aspect of the embodiments of the present disclosure,
provided is a computer program, including computer readable codes, where when the
computer readable codes run on a device, a processor in the device executes instructions for
implementing the method according to one or more embodiments.

According to yet another aspect of the embodiments of the present disclosure,
provided is a computer storage medium, which configured to store computer-readable

instructions, where the instructions are executed for implementing the method according to



one or more embodiments.

Based on the method and apparatus for estimating the depth of a binocular image, the
electronic device, the computer program, and the storage medium provided in the foregoing
embodiments of the present disclosure, a left view and a right view of a to-be-processed
binocular image are input into a predetermined neural network to obtain a parallax image and
a confidence score image thereof, where a discrete parameter of each pixel in a preset
distribution in the parallax image has a negative correlation with a confidence score of the
pixel; and then, a depth image of the to-be-processed binocular image is obtained according
to the parallax image, and a corresponding confidence score image is obtained while
obtaining the parallax image by using the predetermined neural network. The confidence
score image corresponding to the parallax image may be obtained by means of unsupervised
learning, without the need for confidence labeling as supervision. The confidence score has a
physical meaning, i.e., the discrete parameter of each pixel in a preset distribution in the
parallax image has a negative correlation with a confidence score of the pixel, and therefore,
the confidence score image may be used for detecting possible error areas in the parallax
image and assisting in the analysis of the parallax image, so as to obtain a more accurate
depth image.

Technical solutions of the present disclosure are further described in detail with

reference to the accompanying drawings and embodiments as follows.

BRIEF DESCRIPTION OF THE ACCOMPANYING 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 can be
understood more clearly with reference to the accompanying drawings.

FIG. 1 is a flowchart of a method for estimating the depth of a binocular image
according to some embodiments of the present disclosure;

FIG. 2 is a flowchart of obtaining a loss function including a confidence score



according to some embodiments of the present disclosure;

FIG. 3 is a schematic structural diagram of an apparatus for estimating the depth of a
binocular image according to some embodiments of the present disclosure; and

FIG. 4 is a schematic structural diagram of an electronic device provided by some

embodiments of 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
specifically, relative arrangement of the components and operations, numerical expressions,
and 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 disclosures 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 a computer
system/server, which may operate with numerous other general-purpose or special-purpose
computing system environments or configurations. Examples of well-known computing
systems, environments, and/or configurations suitable for use together with the computer

system/server 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 one or more systems, and the like.

The computer system/server may be described in the general context of computer
system executable instructions (for example, program modules) executed by the computer
system. 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 network. In the distributed
computing environments, the program modules may be located in local or remote computing
system storage mediums including storage devices.

FIG. 1 is a flowchart of a method for estimating the depth of a binocular image
according to some embodiments of the present disclosure.

As shown in FIG. 1, the method includes the following operations.

At operation 102, a to-be-processed binocular image is input into a predetermined
neural network to obtain a parallax image and a confidence score image thereof.

In some embodiments, the to-be-processed binocular image may be an image directly
obtained from an image acquiring device, for example, the image acquiring device is a
camera, etc., and may also be a pre-stored image obtained from a storage device, for example,
the storage device is a USB flash drive, etc., and may further be an image obtained from a
website server by means of a network. No limitation is made to the mode for obtaining the
to-be-processed binocular image in the embodiments. A left view and a right view of the
to-be-processed binocular image or a top view and a bottom view of the to-be-processed
binocular image are input into the predetermined neural network to obtain the parallax image
and the confidence score image thereof. The left and right views as well as the top and
bottom views are two sets of opposite views, which may also be specifically referred to by
other names. In the embodiments, no specific limitation is made, and the left view and the

right view are used for description in the following embodiments. The parallax image may be



a parallax image corresponding to the left view obtained based on the left view, or a parallax
image corresponding to the right view obtained based on the right view, and no limitation is
made thereto in the embodiments. The confidence score image may be an image obtained
based on the parallax image for reflecting the confidence score of each pixel in the parallax
image, where a discrete parameter of each pixel in a preset distribution in the parallax image
has a negative correlation with the confidence score of the pixel, and the discrete parameter
includes, but is not limited to, a standard deviation parameter.

In some embodiments, the predetermined neural network may be a neural network
that is pre-determined before processing the left and right views of the to-be-processed
binocular image; in this case, a required parallax image may be obtained by means of the
predetermined neural network. The predetermined neural network may also be a neural
network that is pre-trained before processing the left and right views of the to-be-processed
binocular image; in this case, the left and right views of the to-be-processed binocular image
may be images obtained from a training data set, and the predetermined neural network may
be trained by the left and right views of the to-be-processed binocular image.

In an optional example, the predetermined neural network may include: a binocular
stereo matching neural network, two convolution layers, and one normalization (Sigmoid)
layer; the left and right views of the to-be-processed binocular image may be processed by
the binocular stereo matching neural network, and then by the two convolution layers and the
normalization layer sequentially to obtain the confidence score image. No limitation is made
to network structures for obtaining the confidence score image in the embodiments.

At operation 104, a depth image of the to-be-processed binocular image is obtained
according to the parallax image.

Optionally, after obtaining the parallax image of the to-be-processed binocular image,
the depth image of the to-be-processed binocular image may be obtained by means of a
geometric operation relationship between depth information and parallax information
according to a projection model for camera imaging. No limitation is made to the method for
obtaining the depth image according to the parallax image in the embodiments.

According to the method for estimating the depth of a binocular image provided in the

embodiments, a left view and a right view of a to-be-processed binocular image are input into



a predetermined neural network to obtain a parallax image and a confidence score image
thereof, where a discrete parameter of each pixel in a preset distribution in the parallax image
has a negative correlation with a confidence score of the pixel; and then, a depth image of the
to-be-processed binocular image is obtained according to the parallax image, and a
corresponding confidence score image is obtained while obtaining the parallax image by
using the predetermined neural network. The confidence score image corresponding to the
parallax image can be obtained by means of unsupervised learning, without the need for
confidence labeling as supervision. The confidence score has a physical meaning, i.e., the
discrete parameter of each pixel in a preset distribution in a parallax image has a negative
correlation with a confidence score of the pixel, and therefore, a confidence score image may
be used for detecting possible error areas in the parallax image and assisting in the analysis of
the parallax image, so as to obtain a more accurate depth image.

In some embodiments, the predetermined neural network may be trained by using a
loss function, where the loss function may be calculated from the confidence score of each
pixel in the parallax image and the discrete parameter of the pixel in the preset distribution,
i.e., according to the physical meaning of the confidence score, the discrete parameter of each
pixel in a preset distribution in a parallax image has a negative correlation with a confidence
score of the pixel; therefore, a loss function including the confidence score may be obtained,
and the confidence score of the loss function may be used to optimize the loss function, so
that the predetermined neural network trained with the loss function has better robustness.

Optionally, the loss function may include: a focus loss term and regularization terms,
where the focus loss term may automatically adjust the weight of each pixel in the parallax
image in the loss function by means of the confidence score, so that the pixels with higher
confidence scores in the parallax image have greater weights, and the pixels with lower
confidence scores in the parallax image have smaller weights, thus the learned confidence
scores may be synchronously applied to the training process of the predetermined neural
network to reduce the impact of noise in input data, for example, the noise in the input data is
a blocked area in the to-be-processed binocular image, etc., such that the predetermined
neural network may converge to a better stage and has better robustness.

Optionally, the regularization terms in the loss function may include: a regularization

10



term related to the confidence score and a regularization term related to a predetermined
neural network parameter, where the regularization term related to the confidence score can
prevent the loss weights of the pixels with lower confidence scores in the parallax image
from being too small, so as to ensure the training efficiency, and the regularization term
related to the predetermined neural network parameter also becomes a weight regularization
term, so as to prevent the predetermined neural network from overfitting during the training
process.

FIG. 2 is a flowchart of obtaining a loss function including a confidence score
according to some embodiments of the present disclosure.

As shown in FIG. 2, the method includes the following operations.

At operation 202, a likelihood function related to a predetermined neural network
parameter is obtained based on a parallax image and a confidence score image of a
to-be-processed binocular image as well as the predetermined neural network parameter and a
real parallax image.

Optionally, according to the Bayesian probability theory, the likelihood function
related to the predetermined neural network parameter may be obtained based on the parallax
image of the to-be-processed binocular image and the confidence score image thereof as well
as the predetermined neural network parameter and the real parallax image.

At operation 204, a negative correlation between a confidence score of each pixel in
the parallax image and a discrete parameter of the pixel in a preset distribution is obtained
based on the preset distribution to which each pixel in the parallax image conforms.

Optionally, the negative correlation between the confidence score of each pixel in the
parallax image and the discrete parameter of the pixel in the preset distribution may be
obtained by enabling the pixels in the parallax image to conform to preset distributions with
different standard deviations.

At operation 206, in response to the predetermined neural network parameter
conforming to the preset distribution and the confidence score of each pixel in the parallax
image conforming to a non-decreasing distribution, a negative logarithm of the likelihood
function is taken based on the negative correlation between the confidence score of each pixel

in the parallax image and the discrete parameter of the pixel in the preset distribution to
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obtain the loss function.

Optionally, the predetermined neural network parameter may conform to a preset
distribution with a mean value of 0 and a standard deviation of 1.

Optionally, the preset distribution may be a Laplacian distribution or a Gaussian
distribution.

In some embodiments, in response to a case where the preset distribution is the
Laplacian distribution, the loss function includes: a focus loss term obtained from an average
value of ratios of absolute values of differences between parallax values of the pixels in the
parallax image and in a real parallax image to the confidence scores of the pixels, a
regularization term obtained from an average value of the confidence scores of the pixels in
the parallax image, and a regularization term obtained from the predetermined neural network
parameter.

According to the Bayesian probability theory, the likelihood function related to the
predetermined neural network parameter, which is obtained based on the parallax image of
the to-be-processed binocular image and the confidence score image thereof as well as the

predetermined neural network parameter and the real parallax image, is:

w,x)P(¢;|w, x) P(w|x)

HP(yl,q,wbc NHP yile
(Formula I

where, x = {x1, X2, ..., X1} is the to-be-processed binocular image; y = {y1, y2, ..., YN}
is the real parallax image, where T and N are respectively the numbers of pixels in the
to-be-processed binocular image and in the real parallax image; w is the predetermined neural
network parameter; and ¢ = {ci, c, ..., cN} is the confidence score image.

On the basis that the pixels in the parallax image conform to the Laplacian

distribution with different standard deviations:

1 ui— ¥ x|

P(y;|w, x) o Ebr'_ b
(Formula II)

it is obtained that the negative correlation between the confidence score of each pixel

in the parallax image and the discrete parameter of the pixel in the Laplacian distribution is:
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bi = f(ci) = —kei +a (Formula I1T)

where b = {bi1, bz, ..., bn} is the Laplacian distribution with different standard
deviations, and b; is the standard deviation parameter of the Laplace distribution, i.e., the
discrete parameter; as a random variable, ¢i€[0,1] represents a negative correlation with a
linear decreasing function of b; and ci; and k and a are two normal numbers satisfying a>k+1,
so that bi>1 is always satisfied.

On the basis that the predetermined neural network parameter conforms to the

Laplacian distribution with a mean value of 0 and a standard deviation of 1:

P(w]|x) x e~ 1™l

(Formula IV)
On the basis that the confidence score of each pixel in the parallax image conforms to
a non-decreasing distribution, where y>0:

P(e;|w, x) ocef
(Formula V)

formulas I1, III, IV, and V are substituted into formula I, and a negative logarithm of

the likelihood function is taken to obtain the loss function:

N
% 1 yi — %
L(w) = N Z Iy = F* ()] +10g 2(—kc; + a) — ylog Ci +A|w|

—ke;+-a i
Focus Confidence Weight
loss score regularization
term regularization term
term
(Formula VI)

In some other embodiments, in response to a case where the preset distribution is
Gaussian distribution, the loss function includes: a focus loss term obtained from an average
value of ratios of squares of differences between parallax values of pixels in the parallax
image and in the real parallax image to the confidence scores of the pixels, a regularization
term obtained from an average value of the confidence scores of the pixels in the parallax
image, and a regularization term obtained from the predetermined neural network parameter.

According to the Bayesian probability theory, the likelihood function related to the

predetermined neural network parameter, which is obtained based on the parallax image of
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the to-be-processed binocular image and the confidence score image thereof as well as the

predetermined neural network parameter and the real parallax image, is:

HP(yi,q,w\X HP (yile

w, X)P(¢;|w,x) P(w|x)

(Formula I
where, x = {x1, X2, ..., X7} 1s the to-be-processed binocular image; y = {y1, y2, ..., YN}
is the real parallax image, where T and N are respectively the numbers of pixels in the
to-be-processed binocular image and in the real parallax image; w is the predetermined neural
network parameter; and ¢ = {ci, c, ..., cn} 1S the confidence score image.
On the basis that the pixels in the parallax image conform to Gaussian distribution
with different standard deviations:

ly;— ¥ (30) |2

P(}-’JW, X) x %E_ 4 (Formula VII)

it can be obtained that the negative correlation between the confidence score of each
pixel in the parallax image and the discrete parameter of the pixel in the Gaussian distribution
is:

b = f((z) =~ +8 (Formula III)

where, b= {bi, b, ..., bn} is the Gaussian distribution with different standard
deviations, and b; is the standard deviation parameter of the Gaussian distribution, i.e., the
discrete parameter; as a random variable, ¢i€[0,1] represents a negative correlation with a
linear decreasing function of b; and c;; and k and a are two normal numbers satisfying a>k+1,
so that bi>1 is always satisfied.

On the basis that the predetermined neural network parameter conforms to the
Gaussian distribution with a mean value of 0 and a standard deviation of 1:

P(w

s={wi?

x) o e (Formula VIII)

On the basis that the confidence score of each pixel in the parallax image conforms to
a non-decreasing distribution, where y>0:
P(c;|w,x) oc ¢]

(Formula V)
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formulas VII, III, VIII, and V are substituted into formula I, and a negative logarithm
of the likelihood function is taken to obtain the loss function:

N
= 1 o = w 2
L(w) = — Z (y: — /7 (x)) —|—9.510g(—“k’(3,; +a) —vlog ¢ +A|w|

N —ke; + a —
Focus Confidence Weight
loss score regularization
term regularization term

term (Formula IX)

The method according to the foregoing embodiments of the present disclosure is
applicable to image processing of a mobile terminal or an automatic driving device or the
like, where the mobile terminal is, for example, a mobile phone, a tablet computer, etc.

FIG. 3 is a schematic structural diagram of an apparatus for estimating the depth of a
binocular image according to some embodiments of the present disclosure.

As shown in FIG. 3, the apparatus includes: a parallax image acquiring unit 310 and a
depth image acquiring unit 320.

The parallax image acquiring unit 310 is configured to input a to-be-processed
binocular image into a predetermined neural network to obtain a parallax image and a
confidence score image thereof.

In some embodiments, the to-be-processed binocular image may be an image directly
obtained from an image acquiring device, for example, the image acquiring device is a
camera, etc., and may also be a pre-stored image obtained from a storage device, for example,
the storage device is a USB flash drive, etc., and may further be an image obtained from a
website server by means of a network. No limitation is made to the mode for obtaining the
to-be-processed binocular image in the embodiments. A left view and a right view of the
to-be-processed binocular image or a top view and a bottom view of the to-be-processed
binocular image are input into the predetermined neural network to obtain the parallax image
and the confidence score image thereof. The left and right views as well as the top and
bottom views are two sets of opposite views, which may also be specifically referred to by
other names. In the embodiments, no specific limitation is made, and the left view and the

right view are used for description in the following embodiments. The parallax image may be
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a parallax image corresponding to the left view obtained based on the left view, or a parallax
image corresponding to the right view obtained based on the right view, and no limitation is
made thereto in the embodiments. The confidence score image may be an image obtained
based on the parallax image for reflecting the confidence score of each pixel in the parallax
image, where a discrete parameter of each pixel in a preset distribution in the parallax image
has a negative correlation with the confidence score of the pixel, and the discrete parameter
includes, but is not limited to, a standard deviation parameter.

In some embodiments, the predetermined neural network may be a neural network
that is pre-determined before processing the left and right views of the to-be-processed
binocular image; in this case, a required parallax image may be obtained by means of the
predetermined neural network. The predetermined neural network may also be a neural
network that is pre-trained before processing the left and right views of the to-be-processed
binocular image; in this case, the left and right views of the to-be-processed binocular image
may be images obtained from a training data set, and the predetermined neural network may
be trained by the left and right views of the to-be-processed binocular image.

In an optional example, the predetermined neural network may include: a binocular
stereo matching neural network, two convolution layers, and one normalization (Sigmoid)
layer. The parallax image acquiring unit 310 can process the left and right views of the
to-be-processed binocular image by the binocular stereo matching neural network, and then
by the two convolution layers and the normalization layer sequentially to obtain the
confidence score image. No limitation is made to network structures for obtaining the
confidence score image in the embodiments.

The depth image acquiring unit 320 is configured to obtain a depth image of the
to-be-processed binocular image according to the parallax image.

Optionally, after obtaining the parallax image of the to-be-processed binocular image,
the depth image of the to-be-processed binocular image may be obtained by means of a
geometric operation relationship between depth information and parallax information
according to a projection model for camera imaging. No limitation is made to the method for
obtaining the depth image according to the parallax image in the embodiments.

According to the apparatus for estimating the depth of a binocular image provided in
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the embodiments, a left view and a right view of a to-be-processed binocular image are input
into a predetermined neural network to obtain a parallax image and a confidence score image
thereof, where a discrete parameter of each pixel in a preset distribution in the parallax image
has a negative correlation with a confidence score of the pixel; and then, a depth image of the
to-be-processed binocular image is obtained according to the parallax image, and a
corresponding confidence score image is obtained while obtaining the parallax image by
using the predetermined neural network. The confidence score image corresponding to the
parallax image can be obtained by means of unsupervised learning, without the need for
confidence labeling as supervision. The confidence score has a physical meaning, i.e., the
discrete parameter of each pixel in a preset distribution in a parallax image has a negative
correlation with a confidence score of the pixel, and therefore, a confidence score image may
be used for detecting possible error areas in the parallax image and assisting in the analysis of
the parallax image, so as to obtain a more accurate depth image.

In some embodiments, the apparatus for estimating the depth of a binocular image
may further include: a neural network training unit, configured to train a predetermined
neural network by using a loss function, where the loss function may be calculated from the
confidence score of each pixel in the parallax image and the discrete parameter of the pixel in
the preset distribution, i.e., according to the physical meaning of the confidence score, the
discrete parameter of each pixel in a preset distribution in a parallax image has a negative
correlation with a confidence score of the pixel; therefore, a loss function including the
confidence score may be obtained, and the confidence score of the loss function may be used
to optimize the loss function, so that the predetermined neural network trained with the loss
function has better robustness.

Optionally, the loss function may include: a focus loss term and regularization terms,
where the focus loss term may automatically adjust the weight of each pixel in the parallax
image in the loss function by means of the confidence score, so that the pixels with higher
confidence scores in the parallax image have greater weights, and the pixels with lower
confidence scores in the parallax image have smaller weights, thus the learned confidence
scores may be synchronously applied to the training process of the predetermined neural

network to reduce the impact of noise in input data, for example, the noise in the input data is

17



a blocked area in the to-be-processed binocular image, etc., such that the predetermined
neural network may converge to a better stage and has better robustness.

Optionally, the regularization terms in the loss function may include: a regularization
term related to the confidence score and a regularization term related to a predetermined
neural network parameter, where the regularization term related to the confidence score can
prevent the loss weights of the pixels with lower confidence scores in the parallax image
from being too small, so as to ensure the training efficiency, and the regularization term
related to the predetermined neural network parameter also becomes a weight regularization
term, so as to prevent the predetermined neural network from overfitting during the training
process.

Optionally, the neural network training unit may further include: a loss function
acquiring module, configured to obtain a loss function including a confidence score.

In an optional example, the loss function acquiring module may obtain a likelihood
function related to the predetermined neural network parameter based on the parallax image
of the to-be-processed binocular image and the confidence score image thereof as well as the
predetermined neural network parameter and a real parallax image; obtain a negative
correlation between the confidence score of each pixel in the parallax image and the discrete
parameter of the pixel in the preset distribution based on the preset distribution to which each
pixel in the parallax image conforms; and in response to the predetermined neural network
parameter conforming to the preset distribution and the confidence score of each pixel in the
parallax image conforming to a non-decreasing distribution, take, based on the negative
correlation between the confidence score of each pixel in the parallax image and the discrete
parameter of the pixel in the preset distribution, a negative logarithm of the likelihood
function to obtain the loss function.

Optionally, based on the parallax image of the to-be-processed binocular image and
the confidence score image thereof as well as the predetermined neural network parameter
and the real parallax image, the loss function acquiring module may obtain the likelihood
function related to the predetermined neural network parameter according to the Bayesian
probability theory.

Optionally, the loss function acquiring module may obtain the negative correlation
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between the confidence score of each pixel in the parallax image and the discrete parameter
of the pixel in the preset distribution by enabling the pixels in the parallax image to conform
to the preset distribution with different standard deviations.

Optionally, the predetermined neural network parameter may conform to a preset
distribution with a mean value of 0 and a standard deviation of 1.

Optionally, the preset distribution may be a Laplacian distribution or a Gaussian
distribution.

In some embodiments, in response to a case where the preset distribution is the
Laplacian distribution, the loss function includes: a focus loss term obtained from an average
value of ratios of absolute values of differences between parallax values of the pixels in the
parallax image and in a real parallax image to the confidence scores of the pixels, a
regularization term obtained from an average value of the confidence scores of the pixels in
the parallax image, and a regularization term obtained from the predetermined neural network
parameter.

In some other embodiments, in response to a case where the preset distribution is
Gaussian distribution, the loss function includes: a focus loss term obtained from an average
value of ratios of squares of differences between parallax values of pixels in the parallax
image and in the real parallax image to the confidence scores of the pixels, a regularization
term obtained from an average value of the confidence scores of the pixels in the parallax
image, and a regularization term obtained from the predetermined neural network parameter.

The embodiments of the present disclosure further provide an electronic device
which, for example, may be a mobile terminal, a Personal Computer (PC), a tablet computer,
a server, etc. Referring to FIG. 4 below, a schematic structural diagram of an electronic
device 400, which may be a terminal device or a server, suitable for implementing the
embodiments of the present disclosure is shown. As shown in FIG. 4, the electronic device
400 includes one or more processors, a communication unit, etc. The one or more processors
are, for example, one or more Central Processing Units (CPUs) 401 and/or one or more
Graphic Processing Units (GPUs) 413, and may execute appropriate actions and processing
according to executable instructions stored in a Read-Only Memory (ROM) 402 or

executable instructions loaded from a storage section 408 to a Random Access Memory
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(RAM) 403. A communication unit 412 may include, but is not limited to, a network card.
The network card may include, but is not limited to, an IB (Infiniband) network card. The
processor may communicate with the ROM 402 and/or the random RAM 403 to execute the
executable instructions, be connected to the communication unit 412 by means of a bus 404,
and communicate with other target devices by means of the communication unit 412, so as to
implement operations corresponding to any one of the methods provided in the embodiments
of the present disclosure, for example, inputting a left view and a right view of a
to-be-processed binocular image into a predetermined neural network to obtain a parallax
image and a confidence score image thereof, where a discrete parameter of each pixel in a
preset distribution in the parallax image has a negative correlation with a confidence score of
the pixel; and obtaining a depth image of the to-be-processed binocular image according to
the parallax image.

In addition, the RAM 403 can further store various programs and data required for
operations of an apparatus. The CPU 401, the ROM 402, and the RAM 403 are connected to
each other by means of the bus 404. In the presence of the RAM 403, the ROM 402 is an
optional module. The RAM 403 stores executable instructions, or writes the executable
instructions into the ROM 402 during running, where the executable instructions cause the
CPU 401 to execute corresponding operations of the foregoing communication method. An
Input/Output (I/O) interface 405 is also connected to the bus 404. The communication unit
412 may be integrated, or may be 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 405: an input section
406 including a keyboard, a mouse and the like; an output section 407 including a
Cathode-Ray Tube (CRT), a Liquid Crystal Display (LCD), a speaker and the like; a storage
section 408 including a hard disk and the like; and a communication section 409 of a network
interface card, including an LAN card, a modem and the like. The communication section
409 performs communication processing via a network such as the Internet. A drive 410 is
also connected to the I/O interface 405 according to requirements. A removable medium 411,
such as a magnetic disk, an optical disk, a magneto-optical disk, and a semiconductor

memory, is installed on the drive 410 according to requirements, so as to facilitate the
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installation of a computer program read from the removable medium onto the storage section
408 according to requirements.

It should be noted that the architecture illustrated in FIG. 4 is merely an optional
implementation mode. During specific practice, the number and types of the components in
FIG. 4 may be selected, decreased, increased, or replaced according to actual requirements.
Different functional components may be separated or integrated or arranged in other mode.
For example, the GPU 413 and the CPU 401 may be separated, or the GPU 413 may be
integrated on the CPU 401, and the communication unit may be separated from or integrated
on the CPU 401 or the GPU 413, etc. These alternative implementation modes all fall within
the scope of protection of the present disclosure.

Particularly, the process described above with reference to the flowchart according to
the embodiments of the present disclosure may be implemented as a computer software
program. For example, the embodiments of the present disclosure include a computer
program product, including a computer program tangibly included on a machine readable
medium. The computer program includes program codes for executing the method shown in
the flowchart. The program codes may include corresponding instructions for
correspondingly executing the operations of the method provided in the embodiments of the
present disclosure, for example, inputting a left view and a right view of a to-be-processed
binocular image into a predetermined neural network to obtain a parallax image and a
confidence score image thereof, where a discrete parameter of each pixel in a preset
distribution in the parallax image has a negative correlation with a confidence score of the
pixel; and obtaining a depth image of the to-be-processed binocular image according to the
parallax image. In such embodiments, the computer program may be downloaded and
installed from the network via the communication section 409, and/or is installed from the
removable medium 411. The computer program, when being executed by the CPU 401,
executes the foregoing functions defined in the method of the present disclosure.

In one or more optional implementation modes, the embodiments of the present
disclosure further provide a computer program product, configured to store
computer-readable instructions, where when the instructions are executed, a computer

executes the method for estimating the depth of the binocular image in any of the foregoing
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possible embodiments.

The computer program product can be specifically implemented by means of
hardware, software, or a combination thereof. In an optional example, the computer program
product is specifically embodied as a computer storage medium. In another optional example,
the computer program product is embodied as a software product, such as a Software
Development Kit (SDK).

In one or more optional implementation modes, the embodiments of the present
disclosure further provide a method for estimating the depth of a binocular image and an
apparatus corresponding thereto, an electronic device, a computer storage medium, a
computer program, and a computer program product, where the method includes: sending, by
a first apparatus, a binocular image-based depth estimation instruction to a second apparatus,
where the instruction instructs the second apparatus to execute the method for estimating the
depth of a binocular image according to one or more possible embodiments; and receiving,
by the first apparatus, a binocular image depth estimation result sent by the second apparatus.

In some embodiments, the binocular image-based depth estimation instruction is
specifically an invoking instruction. The first apparatus instructs, by means of invoking, the
second apparatus to execute binocular image depth estimation. Accordingly, in response to
the reception of the invoking instruction, the second apparatus executes the operations
and/process in one or more embodiments of the method for estimating the depth of a
binocular image.

It should be understood that the terms such as "first" and "second" in the
embodiments of the present disclosure are only used for distinguishing, and shall not be
understood as limitations to the embodiments of the present disclosure.

It should also be understood that, in the present disclosure, "multiple" may refer to
two or more, and "at least one" may refer to one, two or more.

It should also be understood that, for any component, data or structure mentioned in
the present disclosure, if there is no explicit limitation or no opposite motivation given in
context, it is generally understood that the number of the component, data or structure is one
or more.

It should also be understood that, the descriptions of the embodiments in the present
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disclosure focus on differences between embodiments, and the same or similar parts
therebetween may be used as reference and are omitted for clarity.

The method and apparatus according to the present disclosure may be implemented in
many manners. For example, the method and apparatus in the present disclosure may be
implemented with software, hardware, firmware, or any combination of software, hardware,
and firmware. The foregoing sequence of operations of the method is merely for description,
and unless otherwise stated particularly, is not intended to limit the operations of the method
according to the present disclosure. In addition, in some embodiments, the present disclosure
is also implemented as programs recorded in a recording medium. The programs include
machine-readable instructions for implementing the method according to the present
disclosure. Therefore, the present disclosure further covers the recording medium storing the
programs for executing the method 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 disclosure of the present disclosure, and to enable a person of ordinary skill in the art
to understand the present disclosure, so as to design various embodiments with various

modifications applicable to particular use.
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WHAT IS CLAIMED IS:

1. A method for estimating the depth of a binocular image, comprising:

inputting a to-be-processed binocular image into a predetermined neural network to
obtain a parallax image and a confidence score image of the parallax image, wherein a
discrete parameter of each pixel in a preset distribution in the parallax image has a negative
correlation with a confidence score of the pixel; and

obtaining a depth image of the to-be-processed binocular image according to the

parallax image.

2. The method according to claim 1, wherein the inputting a left view and a right view of a
to-be-processed binocular image into a predetermined neural network to obtain a confidence
score image comprises:

processing the to-be-processed binocular image by a binocular stereo matching neural
network, and then by two convolution layers and one normalization layer sequentially to

obtain the confidence score image.

3. The method according to claim 1 or 2, further comprising;:
training the predetermined neural network by using a loss function, wherein the loss
function is calculated from the confidence score of each pixel in the parallax image and the

discrete parameter of the pixel in the preset distribution.

4. The method according to claim 3, wherein the loss function comprises: regularization
terms and a focus loss term that adjusts a weight of each pixel in the parallax image in the

loss function.

5. The method according to claim 4, wherein the regularization terms comprise: a
regularization term related to the confidence score and a regularization term related to a

predetermined neural network parameter.
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6. The method according to any one of claims 3 to 5, wherein calculating the loss function
from the confidence score of each pixel in the parallax image and the discrete parameter of
the pixel in the preset distribution comprises:

obtaining, based on the parallax image and the confidence score image of the parallax
image as well as a predetermined neural network parameter and a real parallax image, a
likelihood function related to the predetermined neural network parameter;

obtaining the negative correlation between the discrete parameter of each pixel in the
preset distribution in the parallax image and the confidence score of the pixel based on the
preset distribution to which each pixel in the parallax image conforms; and

in response to the predetermined neural network parameter conforming to the preset
distribution and the confidence score of each pixel in the parallax image conforming to a
non-decreasing distribution, taking, based on the negative correlation between the discrete
parameter of each pixel in the preset distribution in the parallax image and the confidence

score of the pixel, a negative logarithm of the likelihood function to obtain the loss function.

7. The method according to any one of claims 3 to 6, wherein the preset distribution

comprises a Laplacian distribution or a Gaussian distribution.

8. The method according to claim 7, wherein in response to the preset distribution being the
Laplacian distribution, the loss function comprises: a focus loss term obtained from an
average value of ratios, each being a ratio of an absolute value of a difference between a
parallax value of each of pixels in the parallax image and a parallax value of a respective one
of pixels in the real parallax image to the confidence score of the pixel, a regularization term
obtained from an average value of confidence scores of the pixels in the parallax image, and a

regularization term obtained from the predetermined neural network parameter.

9. The method according to claim 7, wherein in response to the preset distribution being the
Gaussian distribution, the loss function comprises: a focus loss term obtained from an

average value of ratios, each being a ratio of a square of a difference between a parallax value
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of each of pixels in the parallax image and a parallax value of a respective one of pixels in the
real parallax image to the confidence score of the pixels, a regularization term obtained from
an average value of confidence scores of the pixels in the parallax image, and a regularization

term obtained from the predetermined neural network parameter.

10. An apparatus for estimating the depth of a binocular image, comprising:

a parallax image acquiring unit, configured to input a to-be-processed binocular image
into a predetermined neural network to obtain a parallax image and a confidence score image
of the parallax image, wherein a discrete parameter of each pixel in a preset distribution in
the parallax image has a negative correlation with a confidence score of the pixel; and

a depth image acquiring unit, configured to obtain a depth image of the

to-be-processed binocular image according to the parallax image.

11. The apparatus according to claim 10, wherein the parallax image acquiring unit is
configured to process the to-be-processed binocular image by a binocular stereo matching
neural network, and then by two convolution layers and one normalization layer sequentially

to obtain the confidence score image.

12. The apparatus according to claim 10 or 11, further comprising:

a neural network training unit, configured to train the predetermined neural network
by using a loss function, wherein the loss function is calculated from the confidence score of
each pixel in the parallax image and the discrete parameter of the pixel in the preset

distribution.

13. The apparatus according to claim 12, wherein the loss function comprises: regularization
terms and a focus loss term that adjusts a weight of each pixel in the parallax image in the

loss function.

14. The apparatus according to claim 13, wherein the regularization terms comprise: a

regularization term related to the confidence score and a regularization term related to a
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predetermined neural network parameter.

15. The apparatus according to any one of claims 12 to 14, wherein the neural network
training unit comprises a loss function acquiring module; and

the loss function acquiring module is configured to: obtain, based on the parallax
image and the confidence score image of the parallax image as well as a predetermined
neural network parameter and a real parallax image, a likelihood function related to the
predetermined neural network parameter; obtain the negative correlation between the discrete
parameter of each pixel in the preset distribution in the parallax image and the confidence
score of the pixel based on the preset distribution to which each pixel in the parallax image
conforms; and in response to the predetermined neural network parameter conforming to the
preset distribution and the confidence score of each pixel in the parallax image conforming to
a non-decreasing distribution, take, based on the negative correlation between the discrete
parameter of each pixel in the preset distribution in the parallax image and the confidence

score of the pixel, a negative logarithm of the likelihood function to obtain the loss function.

16. The apparatus according to any one of claims 12 to 15, wherein the preset distribution

comprises a Laplacian distribution or a Gaussian distribution.

17. The apparatus according to claim 16, wherein in response to the preset distribution being
the Laplacian distribution, the loss function comprises: a focus loss term obtained from an
average value of ratios, each being a ratio of an absolute value of a difference between a
parallax value of each of pixels in the parallax image and a parallax value of a respective one
of pixels in the real parallax image to the confidence score of the pixels, a regularization term
obtained from an average value of confidence scores of the pixels in the parallax image, and a

regularization term obtained from the predetermined neural network parameter.

18. The apparatus according to claim 16, wherein in response to the preset distribution being
the Gaussian distribution, the loss function comprises: a focus loss term obtained from an

average value of ratios, each being a ratio of a square of a difference between a parallax
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values of each of pixels in the parallax image and a parallax value of a respective one of
pixels in the real parallax image to the confidence score of the pixels, a regularization term
obtained from an average value of the confidence scores of the pixels in the parallax image,

and a regularization term obtained from the predetermined neural network parameter.

19. An electronic device, comprising the apparatus according to any one of claims 1 to 18.

20. An electronic device, comprising:
a memory, configured to store executable instructions; and
a processor, configured to execute the executable instructions so as to complete the

method according to any one of claims 1 to 9.

21. A computer program, comprising a computer-readable code, wherein when the
computer-readable code runs on a device, a processor in the device executes instructions for

implementing the method according to any one of claims 1 to 9.

22. A computer storage medium configured to store computer readable instructions, wherein

when the instructions are executed, the method according to any one of claims 1 to 9 is

implemented.
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