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METHOD AND APPARATUS FOR PROCESSING LASER RADAR 

BASED SPARSE DEPTH MAP, DEVICE AND MEDIUM 

 

CROSS-REFERENCE TO RELATED APPLICATION 

[ 0001] This application claims priority to Chinese patent application No. 

CN201810829623.8, filed to the National Intellectual Property Administration, PRC on 

July 25, 2018 and entitled "method and apparatus for processing laser radar based sparse 

depth map, Device and Medium", the disclosure of which is hereby incorporated by 

reference in its entirety. 

 

TECHNICAL FIELD 

[ 0002] The disclosure relates to computer vision technologies, and particularly to a 

method and apparatus for processing a laser radar based sparse depth map, a method and 

apparatus for intelligently controlling a vehicle, a method and apparatus for obstacle-

avoiding navigation, a method and apparatus for training a neural network, an electronic 

device, a computer-readable storage medium and a computer program. 

 

BACKGROUND 

[ 0003] A laser radar may acquire depth information of objects in a surrounding scene 

by scanning, and the depth information may form a laser radar projection map. The value 

of a point in the laser radar projection map generally denotes a depth value of the point. 

The laser radar projection map may also be referred to as a laser radar depth map. 

[ 0004] The laser radar projection map may assist in tasks such as semantic segmentation 

and target detection, and may also be used in intelligent driving to analyze a scene around 

a vehicle and help to complete tasks such as making a vehicle control decision. 
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[ 0005] However, due to factors such as restriction in hardware conditions of the laser 

radar, the laser radar projection map often includes some invalid points, i.e., points having 

invalid depth values. Therefore, how to fill the depth values of the invalid points in the 

laser radar projection map to obtain an accurate laser radar depth map is a technical 

problem of concern. 

 

SUMMARY 

[ 0006] Provided in embodiments of the disclosure are technical solutions for processing 

a laser radar based sparse depth map, for intelligently controlling a vehicle, for performing 

obstacle-avoiding navigation and for training a neural network. 

[ 0007] According to one aspect of embodiments of the disclosure, provided is a method 

for processing a laser radar based sparse depth map, including: inputting, into a neural 

network, the laser radar based sparse depth map; and acquiring, by the neural network, at 

least two feature maps, each of a respective different scale, for the laser radar based sparse 

depth map, performing valid point feature fusion for each of the at least two feature maps 

of the different scales, and processing the at least two feature maps having subjected to the 

valid point feature fusion, to obtain a processed depth map, wherein a number of valid 

points in the processed depth map is greater than a number of valid points in the laser radar 

based sparse depth map. 

[ 0008] According to another aspect of embodiments of the disclosure, provided is a 

method for intelligently controlling a vehicle, including: obtaining a processed depth map 

by using the method for processing a laser radar based sparse depth map of any above 

embodiment; and generating, according to the processed depth map, an instruction or early 

warning prompt information for controlling a vehicle where the laser radar is located. 

[ 0009] According to another aspect of embodiments of the disclosure, provided is a 

method for obstacle-avoiding navigation, including: obtaining a processed depth map by 

using the method for processing a laser radar based sparse depth map of any above 

embodiment; and generating, according to the processed depth map, an instruction or early 

warning prompt information for performing obstacle-avoiding navigation control for a 



 
 
3 

 

robot where the laser radar is located. 

[ 0010] According to another aspect of embodiments of the disclosure, provided is a 

method for training a neural network, including: inputting a laser radar based sparse depth 

map sample into a neural network to be trained; acquiring, by the neural network to be 

trained, at least two feature maps, each of a respective different scale, for the laser radar 

based sparse depth map sample, performing valid point feature fusion for each of the at 

least two feature maps of the different scales, and processing the at least two feature maps 

having subjected to the valid point feature fusion, to form a processed depth map, wherein 

a number of valid points in the processed depth map is greater than a number of valid points 

in the laser radar based sparse depth map sample; and with the processed depth map and 

labelled depth values of a filled depth map sample for the laser radar based sparse depth 

map sample as guide information, performing supervised learning of the neural network to 

be trained. 

[ 0011] According to another aspect of embodiments of the disclosure, provided is an 

apparatus for processing a laser radar based sparse depth map, including: a depth map input 

module, configured to input, into a neural network, the laser radar based sparse depth map; 

and a neural network, configured to acquire at least two feature maps, each of a respective 

different scale, for the laser radar based sparse depth map, perform valid point feature 

fusion for each of the at least two feature maps of the different scales, and process the at 

least two feature maps having subjected to the valid point feature fusion, to obtain a 

processed depth map, wherein a number of valid points in the processed depth map is 

greater than a number of valid points in the laser radar based sparse depth map. 

[ 0012] According to another aspect of embodiments of the disclosure, provided is an 

apparatus for intelligently controlling a vehicle, including: a depth map input module, 

configured to input, into a neural network, a laser radar based sparse depth map; the neural 

network, configured to acquire at least two feature maps, each of a respective different 

scale, for the laser radar based sparse depth map, perform valid point feature fusion for 

each of the at least two feature maps of the different scales, and process the at least two 

feature maps having subjected to the valid point feature fusion, to obtain a processed depth 

map, wherein a number of valid points in the processed depth map is greater than a number 
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of valid points in the laser radar based sparse depth map; and a control module, configured 

to generate, according to the processed depth map, an instruction or early warning prompt 

information for controlling a vehicle where the laser radar is located. 

[ 0013] According to another aspect of embodiments of the disclosure, provided is an 

apparatus for obstacle-avoiding navigation, including: a depth map input module, 

configured to input, into a neural network, a laser radar based sparse depth map; the neural 

network, configured to acquire at least two feature maps, each of a respective different 

scale, for the laser radar based sparse depth map, perform valid point feature fusion for 

each of the at least two feature maps of the different scales, and process the at least two 

feature maps having subjected to the valid point feature fusion, to obtain a processed depth 

map, wherein a number of valid points in the processed depth map is greater than a number 

of valid points in the laser radar based sparse depth map; and an obstacle-avoiding 

navigation module, configured to generate, according to the processed depth map, an 

instruction or early warning prompt information for performing obstacle-avoiding 

navigation control for a robot where the laser radar is located. 

[ 0014] According to another aspect of embodiments of the disclosure, provided is an 

apparatus for training a neural network, including: an depth map sample input module, 

configured to input a laser radar based sparse depth map sample into a neural network to 

be trained; the neural network to be trained, configured to: acquire at least two feature 

maps, each of a respective different scale, for the laser radar based sparse depth map sample, 

perform valid point feature fusion for each of the at least two feature maps of the different 

scales, and process the at least two feature maps having subjected to the valid point feature 

fusion, to form a processed depth map, wherein a number of valid points in the processed 

depth map is greater than a number of valid points in the laser radar based sparse depth 

map sample; and a supervision module, configured to: with the processed depth map and 

labelled depth values of a filled depth map sample for the laser radar based sparse depth 

map sample as guide information, perform supervised learning of the neural network to be 

trained. 

[ 0015] According to another aspect of embodiments of the disclosure, provided is an 

electronic device, including: a memory, configured to store a computer program; and a 
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processor, configured to execute the computer program stored in the memory, wherein the 

computer program, when being executed, implements any method embodiment of the 

disclosure. 

[ 0016] According to another aspect of embodiments of the disclosure, provided is a 

computer-readable storage medium with a computer program stored thereon, wherein the 

computer program, when being executed by a processor, implements any method 

embodiment of the disclosure. 

[ 0017] According to another aspect of embodiments of the disclosure, provided is a 

computer program including computer instructions which, when running in a processor of 

a device, cause the processor to implement any method embodiment of the disclosure. 

[ 0018] Based on the method and apparatus for processing a laser radar based sparse 

depth map, the method and apparatus for training a neural network training, the method 

and apparatus for intelligently controlling a vehicle, the method and apparatus for obstacle-

avoiding navigation, the electronic device, the computer-readable storage medium and the 

computer program provided in the embodiments of the disclosure, in embodiments of the 

disclosure, a neural network is used to perform valid point feature fusion for each of the at 

least two feature maps of the different scales for the laser radar based sparse depth map, 

such that the neural network may implement feature fusion for multiple branches. Feature 

maps may be formed in the different branches during the sparse depth map processing on 

the basis of considering the feature maps with different reception fields. Since global 

feature information may be obtained easier based on feature maps of different reception 

fields, more accurate information of edges of objects may be obtained through the valid 

point feature fusion in the embodiments of the disclosure. Thus, the accuracy of feature 

maps having subjected to fusion can be improved, and the phenomenon of depth breakage 

of an object in an image can be avoided. Moreover, by means of the valid point feature 

fusion, influence on feature fusion by invalid points in the feature map may be avoided, so 

that the accuracy of the feature map having subjected to fusion may be improved. Since 

more accurate feature maps are used to form a processed depth map in the embodiments 

of the disclosure, the processed laser radar depth map may be more precise. 

[ 0019] It may be seen from the above description that the technical solutions provided 
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in the embodiments of the disclosure enable a processed laser radar depth map to be more 

precise. Thus, the accuracy of decision making or early warning for intelligent driving and 

obstacle-avoiding guidance for robots can be improved when the technique for processing 

laser radar based sparse depth map according to the embodiments of the disclosure are 

applied to real-time environments for intelligent driving, such as automatic driving or aided 

driving, and obstacle-avoiding guidance for robots. 

[ 0020] The technical solutions in the embodiments of the disclosure will be described 

in detail below through the drawings and the implementations. 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[ 0021] The drawings forming a part of the specification depict the embodiments of the 

disclosure and, together with the description, serve to explain the principle of the 

embodiments of the disclosure. 

[ 0022] Referring to the drawings, the embodiments of the disclosure may be understood 

more clearly according to the following detailed description. In the drawings: 

[ 0023] FIG. 1 illustrates a flowchart of an implementation of a method for processing a 

laser radar based sparse depth map according to an embodiment of the disclosure. 

[ 0024] FIG. 2 illustrates a schematic diagram of an implementation process of sparse 

upsampling according to an embodiment of the disclosure. 

[ 0025] FIG. 3 illustrates a schematic diagram of an implementation process of sparse 

addition according to an embodiment of the disclosure. 

[ 0026] FIG. 4 illustrates a schematic diagram of an implementation process of sparse 

merging and convolution according to an embodiment of the disclosure. 

[ 0027] FIG. 5 illustrates a schematic diagram of an implementation of a bi-scale fusion 

module according to an embodiment of the disclosure. 

[ 0028] FIG. 6 illustrates a schematic diagram of another implementation of a bi-scale 
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fusion module according to an embodiment of the disclosure. 

[ 0029] FIG. 7 illustrates a schematic diagram of an implementation of a tri-scale fusion 

module according to an embodiment of the disclosure. 

[ 0030] FIG. 8 illustrates a schematic diagram of another implementation of a tri-scale 

fusion module according to an embodiment of the disclosure. 

[ 0031] FIG. 9 illustrates a schematic diagram of an implementation of a neural network 

according to an embodiment of the disclosure. 

[ 0032] FIG. 10 illustrates a schematic diagram of another implementation of a neural 

network according to an embodiment of the disclosure. 

[ 0033] FIG. 11 illustrates a flowchart of an implementation of a method for training a 

neural network according to an embodiment of the disclosure. 

[ 0034] FIG. 12 illustrates a flowchart of an implementation of a method for intelligently 

controlling a vehicle according to an embodiment of the disclosure. 

[ 0035] FIG. 13 illustrates a flowchart of an implementation of a method for obstacle-

avoiding navigation according to an embodiment of the disclosure. 

[ 0036] FIG. 14 illustrates a schematic structural diagram of an implementation of an 

apparatus for processing a laser radar based sparse depth map according to an embodiment 

of the disclosure. 

[ 0037] FIG. 15 illustrates a schematic structural diagram of an implementation of an 

apparatus for training a neural network according to an embodiment of the disclosure. 

[ 0038] FIG. 16 illustrates a schematic structural diagram of an implementation of an 

apparatus for intelligently controlling a vehicle according to an embodiment of the 

disclosure. 

[ 0039] FIG. 17 illustrates a schematic structural diagram of an implementation of an 

apparatus for obstacle-avoiding navigation according to an embodiment of the disclosure. 
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[ 0040] FIG. 18 illustrates a block diagram of an exemplary device for implementing an 

embodiment of the disclosure. 

 

DETAILED DESCRIPTION 

[ 0041] Exemplary embodiments of the disclosure will now be described with reference 

to the drawings in detail. It is to be noted that relative arrangement of components and 

steps, numeric expressions and numeric values described in these embodiments do not 

limit the scope of the embodiments of the disclosure, unless otherwise indicated. 

[ 0042] It is also to be understood that, in the embodiments of the disclosure, "multiple/a 

plurality of" may refer to two or more than two, and "at least one" may refer to one, two, 

or more than two. 

[ 0043] Those skilled in the art may understand that the terms "first", "second” and the 

like in the embodiments of the disclosure are merely for distinguishing different steps, 

devices or modules, etc., represent neither a special technical meaning nor a necessary 

logic sequence of items, and should not be construed as limits to the embodiments of the 

disclosure. It is also to be understood that, in the embodiments of the disclosure, 

"multiple/a plurality of" may refer to two or more than two, and "at least one" may refer to 

one, two, or more than two. 

[ 0044] It is also to be understood that, for any component, data or structure mentioned 

in the embodiments of the disclosure, the number thereof can be understood to be one or 

more if there is no specific limits or opposite revelations are presented in the context. It is 

also to be understood that, in the embodiments of the disclosure, the descriptions about 

various embodiments are made with emphasis on differences between the embodiments 

and the same or similar parts may refer to each other and will not be elaborated for 

simplicity. 

[ 0045] It is also to be understood that, for any component, data or structure mentioned 

in the embodiments of the disclosure, the number thereof can be understood to be one or 

multiple if there is no specific limits or opposite revelations are presented in the context. 
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[ 0046] In addition, it is to be understood that, for convenience of description, the size 

of each part shown in the drawings is not drawn according to a practical proportions. 

[ 0047] The following description of at least one exemplary embodiment is merely 

illustrative in fact and in no way form any limit to the embodiments of the disclosure and 

application or use thereof. 

[ 0048] Technologies, methods and devices known to those of ordinary skill in the art 

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

be considered as a part of the specification as appropriate. 

[ 0049] It is to be noted that similar reference signs and letters represent similar terms in 

the following drawings and thus a certain term, once defined in a drawing, does not have 

to be further discussed in subsequent drawings. 

[ 0050] Besides, in the embodiments of the disclosure, the term "and/or” is merely an 

association relationship for describing associated objects, and represents that three 

relationships may exist, for example, A and/or B may represent: A exists alone, A and B 

exist at the same time, and B exists alone. In addition, the character "/" in the embodiments 

of the disclosure generally indicates that the related objects are in an "or” relationship. 

[ 0051] The embodiments of the disclosure may be applied to a terminal device, a 

computer system, a server and other electronic devices, which may operate together with 

numerous other universal or dedicated computing system environments or configurations. 

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

configurations suitable for use together with the terminal device, computer system, server 

and other electronic devices include, but not limited to, a Personal Computer (PC) system, 

a server computer system, a thin client, a thick client, a handheld or laptop device, a 

microprocessor-based system, a set-top box, a programmable consumer electronic product, 

a network PC, a microcomputer system, a large-scale computer system, a distributed cloud 

computing technical environment including any abovementioned system, and the like. 

[ 0052] The terminal device, computer system, server and other electronic devices may 

be described in a general context of computer system executable instructions (for example, 

program modules) executed by the computer system. Generally, the program module may 
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include a routine, a program, a target program, a component, a logic, a data structure and 

the like that execute specific tasks or implement specific abstract data types. The computer 

system/server may be implemented in a distributed cloud computing environment, and in 

the distributed cloud computing environment, tasks are executed by a remote processing 

device connected through a communication network. In the distributed cloud computing 

environment, the program module may be in a storage medium of a local or remote 

computer system including a storage device. 

[ 0053] FIG. 1 illustrates a flowchart of a method for processing a laser radar based 

sparse depth map according to an embodiment of the disclosure. As illustrated in FIG. 1, 

the method of the embodiment includes the following operations. 

[ 0054] In S100, a laser radar based sparse depth map is input into a neural network. 

[ 0055] In embodiments of the disclosure, a depth map obtained based on a hardware 

device of a laser radar is referred to as a laser radar depth map. As some points in the depth 

map obtained based on the hardware device of the laser radar generally requires depth 

value filling, the depth map obtained based on the hardware device of the laser radar may 

be referred to as a laser radar based sparse depth map. A neural network in embodiment of 

the disclosure is a pre-trained neural network. In an optional example, the neural network 

may be obtained by training based on laser radar based sparse depth map samples and 

labelled depth values of filled depth map samples of the laser radar based sparse depth map 

samples. 

[ 0056] In an optional example, the operation S100 may be executed by a processor by 

calling corresponding instructions stored in a memory, and may also be executed by a depth 

map input module 1400 operated by the processor. 

[ 0057] In S110, the neural network acquires at least two feature maps, each of a 

respective different scale, for the laser radar based sparse depth map, performs valid point 

feature fusion for each of the at least two feature maps of the different scales, and processes 

the at least two feature maps having subjected to the valid point feature fusion, to obtain a 

processed depth map. 

[ 0058] In an optional example, the operation S110 may be executed by the processor by 
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calling corresponding instructions stored in a memory, and may also be executed by a 

neural network 1410 operated by the processor. 

[ 0059] In embodiments of the disclosure, a depth map obtained by filling depth values 

of some points in a depth map obtained based on a laser radar hardware device is also a 

laser radar depth map, and may be referred to as a laser radar based dense depth map, a 

laser radar based complemented depth map, a filled laser radar depth map. In embodiments 

of the disclosure, a number of points having depth values in the processed laser radar depth 

map is greater than a number of points having depth values in the laser radar based sparse 

depth map. That is, "dense” is relative to the "sparse" in the embodiments of the disclosure. 

[ 0060] In embodiments of the disclosure, a neural network is used to perform valid point 

feature fusion for each of the at least two feature maps of the different scales for the laser 

radar based sparse depth map, such that the neural network may implement feature fusion 

for multiple branches. Feature maps may be formed in the different branches during the 

sparse depth map processing on the basis of considering feature maps with different 

reception fields. Since global feature information (for example, feature information for 

characterizing a relation between objects) may be obtained easier based on feature maps 

of different reception fields, more accurate information of edges of objects may be obtained 

through the valid point feature fusion in the embodiments of the disclosure. Thus, the 

accuracy of feature maps having subjected to fusion can be improved, and the phenomenon 

of depth breakage of an object in an image can be avoided. Moreover, by means of the 

valid point feature fusion, influence on feature fusion by invalid points in the feature map 

may be avoided, so that the accuracy of the feature map having subjected to fusion may be 

improved. Since more accurate feature maps are used to form a processed depth map in the 

embodiments of the disclosure, the processed laser radar depth map may be more precise. 

[ 0061] In the embodiments of the disclosure, the feature maps of the different scales 

often refer to feature maps of different sizes. One branch of the neural network corresponds 

to one respective scale. In the embodiments of the disclosure, the feature maps of the 

different scales may express different reception fields. 

[ 0062] In an optional example, the laser radar depth map in the embodiments of the 

disclosure may be a depth map formed, through scanning and projecting, by a laser radar 
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installed in devices such as a vehicle or a monitoring apparatus. For example, the laser 

radar generates depth point cloud data by scanning, and when the depth point cloud data is 

projected to a two-dimensional plane of an image (such as a Red Green Blue (RGB) image 

and an Infrared Radiation (IR) image) photographed by a photographic device, a laser radar 

projection map (which may also be referred to as a two-dimensional laser radar projection 

map) is formed. The laser radar projection may provide depth values for points in the image 

photographed by the photographic device. The laser radar projection map may have the 

same or basically same (close) angle of view and size as the image photographed by the 

photographic device. In the following description, an RGB image is sometimes taken as an 

example of the image photographed by the photographic device, to describe the 

embodiments of the disclosure. However, it should be known that it is also feasible to 

replace the RGB image in the following description with other types of images such as an 

IR image.  

[ 0063] In an optional example, due to factors such as restriction in hardware conditions 

of the laser radar, the laser radar projection often can only provide depth values for a part 

of points in the image photographed by the photographic device. Therefore, the laser radar 

projection map is also referred to as a laser radar based sparse depth map. Points having 

depth values in the laser radar based sparse depth map may be referred to as valid points, 

and point having no depth value may be referred to as invalid points. 

[ 0064] In an optional example, as the feature fusion operation executed by the neural 

network in the embodiments of the disclosure is feature fusion for valid points, it is 

necessary for the neural network to distinguish whether each point in the feature map is a 

valid point during feature fusion. In the embodiments of the disclosure, the neural network 

may use a mask for the feature map to distinguish valid points from invalid points. The 

neural network may also distinguish valid points from invalid points in the feature map in 

other means. The implementation of distinguishing valid points from invalid points in a 

feature map is not limited in the embodiments of the disclosure. 

[ 0065] In some implementations, in operation S100, a laser radar based sparse depth 

map and a mask for the laser radar based sparse depth map may be input to a neural network. 

The mask for the laser radar based sparse depth map is configured to indicate valid points 
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in the laser radar based sparse depth map. Correspondingly, the implementation may 

further include that: a mask is determined for each of at least two feature maps of the 

different scales according to the mask for the laser radar based sparse depth map. In the 

operation S110, when valid point feature fusion is performed for each of the at least two 

feature maps of the different scales, the valid point feature fusion may be performed for 

each of the at least two feature maps of the different scales according to the masks for the 

at least two feature maps of the different scales. 

[ 0066] In an optional example, while the laser radar based sparse depth map is provided 

to the neural network in the embodiments of the disclosure, the mask for the laser radar 

based sparse depth map may also be provided to the neural network. The mask for the laser 

radar based sparse depth map may indicate valid points in the laser radar based sparse 

depth map. For example, if a point in the mask has a value of 0, it is indicated that the point 

in the laser radar based sparse depth map is an invalid point. If a point in the mask has a 

value of 1, it is indicated that the point in the laser radar based sparse depth map is a valid 

point. In the embodiments of the disclosure, valid points may be distinguished from invalid 

points in the laser radar based sparse depth map conveniently by use of the mask for the 

laser radar based sparse depth map. 

[ 0067] In an optional example, the neural network in the embodiments of the disclosure 

executes an operation of processing an input, a fusion operation and an operation of 

processing for output. In the following description, for convenience of description, the part 

executing the operation of processing an input in the neural network is referred to as an 

input processing unit, the part executing the fusion operation in the neural network is 

referred to as a fusion module, and the part executing the operation of processing for output 

in the neural network is referred to as an output processing unit. The neural network in the 

embodiments of the disclosure may include: an input processing unit, at least one fusion 

module having multiple paths of inputs and outputs, and an output processing unit. In the 

case where the neural network includes multiple fusion modules, the fusion modules are 

sequentially and serially connected between the input processing unit and the output 

processing unit, i.e., an output of a level of fusion module serves as an input for another 

level of fusion module immediately following the level of fusion module. 
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[ 0068] In some implementations, the operation S110 that the neural network acquires 

the at least two feature maps of the different scales for the laser radar based sparse depth 

map may include that: the neural network performs sparse convolution on the laser radar 

based sparse depth map to obtain a feature map for the laser radar based sparse depth map; 

and performs scale conversion on the feature map of the depth map to obtain the at least 

two feature maps of the different scales. The at least two feature maps of the different 

scales includes: the feature map having not subjected to the scale conversion and at least 

one feature map having subjected to the scale conversion. 

[ 0069] In addition, in other some implementations, when the masks for the at least two 

feature maps of the different scales are determined according to the mask for the laser radar 

based sparse depth map, the neural network may perform sparse convolution on the mask 

for the laser radar based sparse depth map to obtain a mask for the feature map of the laser 

radar based sparse depth map, and performing scale conversion on the mask for the feature 

map, to obtain a mask for each of the at least two feature maps. 

[ 0070] In an optional example, the input processing unit is mainly configured to 

perform sparse convolution on the laser radar based sparse depth map, to obtain the feature 

map for the laser radar based sparse depth map, and perform scale conversion on the feature 

map for the depth map, to obtain multiple (including two) feature maps each of a respective 

different scale, including the feature map of the depth map. For example, the input 

processing unit performs processing (such as downsampling) on the feature map for the 

depth map, such that the input processing unit may provide two, or three, or more feature 

maps, each of a respective different scale, for the first level of fusion module adjacent to 

the input processing unit. In the case where the mask for the laser radar based sparse depth 

map is also input to the neural network, the input processing unit in the embodiments of 

the disclosure may further be configured to perform sparse convolution on the mask for 

the laser radar based sparse depth map, to obtain a mask for the feature map for the laser 

radar based sparse depth map. The input processing unit may further perform 

corresponding scale conversion on the sparse convolution processed mask, to obtain a 

mask for each feature map to be provided to the first level of fusion module. For example, 

the input processing unit correspondingly downsamples the sparse convolution processed 

mask for the feature map for the depth map, such that the input processing unit may provide 
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masks for two or three or more feature maps, each of a respective different scale, for the 

first level of fusion module. The masks for the feature maps are configured to indicate the 

valid points in the corresponding feature maps. For example, if a point in a mask has the 

value of 0, it is indicated that the point in the corresponding feature map is an invalid point. 

If the point in the mask has the value of 1, it is indicated that the point in the corresponding 

feature map is a valid point. 

[ 0071] The sparse convolution in the embodiments of the disclosure generally refers to: 

for a map including valid points and invalid points (such as a laser radar based sparse depth 

map or a mask for the laser radar based sparse depth map), weighted convolution operation 

is performed at a position of a valid point and a position of an invalid point in the map 

(such as the laser radar based sparse depth map or the mask for the laser radar based sparse 

depth map). In the embodiments of the disclosure, with the sparse convolution, a feature 

map of the laser radar based sparse depth map and a mask for the feature map may be 

obtained conveniently. 

[ 0072] In an optional example, each fusion module included in the neural network in 

the embodiments of the disclosure includes multiple (at least two) inputs and multiple (at 

least two) outputs, and a fusion module generally has the same number of inputs and 

outputs. The fusion module is mainly configured to respectively perform valid point 

feature fusion on the feature maps of the different scales in the multiple inputs. During the 

feature fusion, with consideration of the masks for the feature maps, the fusion module 

may conveniently distinguish valid points from invalid point in the feature map, so as to 

conveniently implement the feature fusion of the valid points. 

[ 0073] In some implementations, the operation S110 that the valid point feature fusion 

is performed for the at least two feature maps of the different scales may include that: the 

neural network executes at least one level of valid point feature fusion; and during the at 

least one level of valid point feature fusion, the neural network performs valid point feature 

fusion on feature maps of different scales in multiple paths; and in the case where the neural 

network executes multiple levels of valid point feature fusion, an output from a level of 

fusion is provided as an input for another level of fusion immediately following the level 

of fusion. 
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[ 0074] In an optional example, in the case where the neural network in the embodiments 

of the disclosure includes multiple fusion modules, the neural network may perform scale 

conversion for a feature map in at least one path of output from a level of fusion module, 

such that a feature map of a respective scale is provided for each path of input of another 

level of fusion module immediately following the level of fusion module. 

[ 0075] The neural network performs scale conversion for the feature map output by a 

level of fusion, and the feature map having subjected to the scale conversion is provided 

to another level of fusion immediately following the level of fusion. For example, a feature 

map formed by performing scale conversion on the feature map in a path of output for a 

level of fusion module serves as a feature map in a path of input for another level of fusion 

module immediately after the level of fusion module. 

[ 0076] In the case where the number of paths of outputs from a level of fusion is smaller 

than the number of paths of inputs for another level of fusion immediately following the 

level of fusion, a path of output from the level of fusion and a feature map in the path of 

output having subjected to the scale conversion both serve as inputs for the another level 

of fusion. For example, in the case where the number of paths of outputs from a level of 

fusion module is smaller than the number of paths inputs for another level of fusion module 

immediately following the level of fusion module, while a path of output from the level of 

fusion module serves as a path of input for the another level of fusion module, a feature 

map formed by performing scale conversion on a feature map in the path of output serves 

as a feature map of another path of input for the another level of fusion module. 

[ 0077] It is to be particularly noted that while performing scale conversion on a feature 

map in the embodiments of the disclosure, scale conversion may also be performed on a 

mask for the feature map correspondingly, such that the feature map having subjected to 

the scale conversion corresponds to a mask. 

[ 0078] In an optional example, for convenience of description, the part for performing 

the scale conversion operation on the feature map output by the fusion module in the neural 

network may be referred to as a first conversion module in the embodiments of the 

disclosure. In the embodiments of the disclosure, the first conversion module may also be 

used to perform scale conversion on the mask for the feature map output by the fusion 
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module. The neural network in the embodiments of the disclosure may include at least one 

first conversion module; and the first conversion module may implement scale conversion 

on the feature map and the mask for the feature map by executing downsampling or sparse 

upsampling operation. The sparse upsampling in the embodiments of the disclosure 

generally refers to: for a map including valid points and invalid points (such as a feature 

map or a mask for the feature map), weighted upsampling operation is performed according 

a position of a valid point and a position of an invalid point in the map (such as the feature 

map or the mask for the feature map). In the embodiments of the disclosure, with the sparse 

upsampling, the scale conversion for the feature map and the mask for the feature map may 

be implemented conveniently. 

[ 0079] In an optional example, the sparse upsampling may include that: element-wise 

multiplication is performed on a feature map and a mask for the feature map, and a 

multiplication result is upsampled; the mask for the feature map is upsampled, and a weight 

matrix is formed based on the upsampled mask; element-wise multiplication is performed 

on the upsampled feature map and a reciprocal of the weight matrix to form a feature map 

having subjected to sparse addition; and the weight matrix is binarized to form a mask for 

the feature map having subjected to the sparse addition. 

[ 0080] The downsampling operation in the embodiments of the disclosure may be 

implemented by max pooling. Of course, the downsampling operation may also be realized 

in other means in the embodiments of the disclosure, and the implementation process of 

the downsampling operation is not limited in the embodiments of the disclosure. In the 

embodiments of the disclosure, when sparse upsampling operation is executed on the 

feature map, reference may be made to the mask for the feature map, such that the positions 

of the valid points in the feature map having subjected to sparse upsampling may be 

decided by the positions of the valid points in the feature map before the sparse upsampling. 

The implementation process of sparse upsampling may refer to the following description 

about FIG. 2. 

[ 0081] In some other implementations, the operation S110 that valid point feature 

fusion is performed for each of the at least two feature maps of the different scales may 

further include that: valid point feature fusion is performed for at least two feature maps 
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having subjected to valid point feature fusion, to form one feature map. The formed feature 

map serves as an input for an immediately following level of valid point fusion, or, the 

neural network processes the formed feature map, for output. 

[ 0082] Additionally, in another embodiment, the method for processing a laser radar 

based sparse depth map provided in the embodiments of the disclosure may further include 

that: an image having a same angle of view and a same size as the laser radar based sparse 

depth map is provided to the neural network, the image including an image photographed 

by a photographic device; and the neural network acquires at least one feature map of a 

respective scale for the image. The at least one feature map of the respective scale for the 

image serves as an input for corresponding valid point feature fusion. The at least one 

feature map for the image is to be fused with a feature map for the laser radar based sparse 

depth map. 

[ 0083] In an optional example, in the case where the neural network in the embodiments 

of the disclosure includes multiple fusion modules, the neural network may perform valid 

point feature fusion on feature maps in at least two paths of outputs from a level of fusion 

module, to form one feature map. The formed feature map may serve as an input for another 

level of fusion module immediately following the level of fusion module. For example, in 

the case where the number of paths of outputs from a level of fusion module is greater than 

the number of paths of inputs for another level of fusion module immediately following 

the level of fusion module, a feature map formed by valid point feature fusion performed 

on two paths of outputs from the level of fusion module serves as a feature map of a path 

of input for the another level of fusion module. 

[ 0084] It is to be particularly noted that while valid point feature fusion is performed on 

the feature map output by the level of fusion module in the embodiments of the disclosure, 

corresponding fusion may further be performed on the mask for the feature map, such that 

the feature map having subjected to fusion is provided with a mask. 

[ 0085] In some implementations, the operation that the neural network processes the 

formed feature map, for output may include that: sparse addition is performed on multiple 

feature maps and masks having subjected to valid point feature fusion output by a final 

level of fusion, and convolution is performed on a result of the sparse addition to form a 
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processed depth map. 

[ 0086] In an optional example, the sparse addition may include that: element-wise 

multiplication is performed on a first feature map and a mask for the first feature map, 

element-wise multiplication is performed on a second feature map and a mask for the 

second feature map, two multiplication results are added, and element-wise multiplication 

is performed on an addition result and a reciprocal of a weight matrix to form a feature 

map having subjected to sparse addition; and OR operation is performed on the mask for 

the first feature map and the mask for the second feature map to form a mask for the feature 

map having subjected to sparse addition. 

[ 0087] In an optional example, for convenience of description, the part, in the neural 

network, for performing valid point feature fusion for feature maps in at least two paths of 

outputs from a level of fusion module may be referred to as a second conversion module 

in the embodiments of the disclosure. In the embodiments of the disclosure, the second 

conversion module may also be used to perform fusion on the masks for the feature maps 

in the at least two paths of outputs from the level of fusion module. The neural network in 

the embodiments of the disclosure may include at least one second conversion module; 

and the second conversion module may implement the valid point feature fusion for the 

feature maps and the fusion of the masks mentioned above by operations such as sparse 

upsampling and sparse addition. The sparse addition in the embodiments of the disclosure 

generally refers to: for a map including valid points and invalid points (such as a feature 

map or a mask for the feature map), weighted addition operation is performed at a position 

of a valid point and a position of an invalid point in the map (such as the feature map or 

the mask for the feature map). In the embodiments of the disclosure, with sparse 

upsampling and sparse addition, valid point feature fusion for feature maps and fusion of 

masks for the feature maps may be implemented conveniently. 

[ 0088] In the embodiments of the disclosure, when sparse upsampling and sparse 

addition are performed on feature maps, reference may be made to masks for the feature 

maps, so as to implement the sparse upsampling and the sparse addition based on valid 

points. Thus, positions of valid points in the feature map having subjected to sparse 

upsampling and sparse addition are decided by positions of valid points in the feature map 
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having not subjected to the sparse upsampling. One example of the implementation process 

of sparse addition may refer to the following description about FIG. 3. 

[ 0089] It is to be particularly noted that in an application scene, a first conversion 

module may be provided between a former fusion module and a latter fusion module 

adjacent to each other. In another application scene, a second conversion module may be 

provided between the former fusion module and the latter fusion module adjacent to each 

other. In still another application scene, a first conversion module and a second conversion 

module may be provided between the former fusion module and the latter fusion module 

adjacent to each other. 

[ 0090] In an optional example, the valid point feature fusion operation executed for 

each path of input of the fusion module in the neural network is not completely the same. 

For example, in the case where the fusion module includes two inputs, the fusion module 

performs different valid point feature fusion operations for the two inputs. For another 

example, in the case where the fusion module includes three inputs, the fusion module may 

perform the same valid point feature fusion operation for two of the inputs, which is 

different from the valid point feature fusion operation executed for the rest one of the inputs. 

Of course, the possibility that the fusion module performs three different valid point feature 

fusion operations for the three inputs respectively is not excluded from the embodiments 

of the disclosure. 

[ 0091] In some implementations, in the case where the fusion includes N paths of inputs 

and outputs, the valid point feature fusion operation executed on an Mth path of input by 

the neural network may include that: a feature map and mask in an Nth path of input are 

downsampled; sparse merging and convolution is performed on the downsampled feature 

map and mask, and a feature map and mask in an Mth path of input; sparse convolution is 

performed on the feature map and mask having subjected to sparse merging and 

convolution, to form a feature map and mask having subjected to valid point feature fusion 

for an Mth path of output. A scale of the feature map in the Nth path of input is greater than 

a scale of the feature map in the Mth path of input. M is an integer greater than 0. N is an 

integer greater than N. 

[ 0092] In an optional example, in the case where the fusion module includes N (N>1, 
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and N is an integer) paths of inputs and outputs, the valid point feature fusion process 

executed for an Mth path of input (M>0, and M is an integer smaller than the N) by the 

fusion module may be as follows. 

[ 0093] First of all, the fusion module performs processing (such as downsampling) on 

a feature map and mask in an Nth path of input. For example, downsampling of the feature 

map in the Nth path of input is realized by max pooling. Moreover, the fusion module may 

implement the downsampling of the mask for the feature map in the Nth path of input by 

max pooling. In the example, the scale of the feature map in the Nth path of input is greater 

than that of the feature map in the Mth path of input. 

[ 0094] Then, the fusion module performs sparse merging and convolution on the 

downsampled feature map and mask, and the feature map and mask in the Mth path of input, 

so as to obtain a feature map and mask having subjected to sparse merging and convolution. 

The sparse merging and convolution in the embodiments of the disclosure generally refers 

to: merging two paths of maps (such as the feature maps or the masks) including valid 

points and invalid points, and performing weighted convolution operation according to 

positions of the valid points and positions of the invalid points in a merged map (such as 

the merged feature map or merged mask). In the embodiments of the disclosure, with the 

sparse merging and convolution, the feature map and mask having subjected to valid point 

feature fusion may be formed conveniently for the Mth path. One example of the 

implementation process of sparse merging and convolution may refer to the following 

description about FIG. 4. 

[ 0095] At last, the fusion module performs sparse convolution on the feature map and 

mask having subjected to sparse merging and convolution, to form a feature map and mask 

having subjected to valid point feature fusion for the Mth path of output. An existing sparse 

convolution mode may be used in the embodiments of the disclosure. The implementation 

process of sparse convolution is not limited in the embodiments of the disclosure. 

[ 0096] In some other implementations, valid point feature fusion executed on the Nth 

path of input by the neural network may include that: sparse convolution is performed on 

a feature map and mask in the Nth path of input; convolution is performed on a feature map 

and mask having subjected to valid point feature fusion in at least an Mth path of output, 
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and sparse upsampling is performed on the feature map and mask having subjected to the 

convolution; and sparse addition is performed on the feature map and mask having 

subjected to the sparse convolution in the Nth path, and the feature map and mask having 

subjected to upsampling in at least the Mth path, to form a feature map and mask having 

subjected to valid point feature fusion for the Nth path of output. 

[ 0097] In some other implementations, in the case where the fusion includes N paths of 

inputs and outputs, valid point feature fusion executed on an Nth path of input by the neural 

network may include that: sparse merging and convolution is performed on a feature map 

and mask in an Nth path of input, and a feature map of an image; convolution is performed 

on the feature map and mask having subjected to valid point feature fusion in at least the 

Mth path of output, and sparse upsampling is performed on the feature map and mask 

having subjected to convolution; and sparse addition is performed on the feature map and 

mask having subjected to sparse merging and convolution in the Nth path, and the sparse 

upsampled feature map and mask at least in the Mth path, to form a feature map and mask 

having subjected to valid point feature fusion for an Nth path of output. M is an integer 

greater than 0, and N is an integer greater than M. 

[ 0098] Correspondingly, in some implementations, the operation that the neural 

network processes the formed feature map, for output may include that: sparse addition is 

performed on feature maps and masks having subjected to valid point feature fusion output 

by a final level of fusion, sparse merging and convolution is performed on a sparse addition 

result and the feature map of the image, and convolution is performed on a result of the 

sparse merging and convolution to form a processed depth map. 

[ 0099] In an optional example, in the case where the fusion module includes N (N>1, 

and the N is an integer) paths of inputs and outputs, a valid point feature fusion process 

executed on an Nth path of input by the fusion module may be as follows. 

[ 00100] First of all, the fusion module performs sparse convolution on a feature map and 

mask in the Nth path of input. Likewise, an existing sparse convolution mode may be used 

in the embodiments of the disclosure. The implementation process of sparse convolution 

is not limited in the embodiments of the disclosure. 
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[ 00101] Then, the fusion module performs convolution on a feature map and mask 

having subjected to valid point feature fusion in at least an Mth path of output (M>0, and 

M being an integer smaller than the N), and performs sparse upsampling on the feature 

map and mask having subjected to the convolution. For example, in the case where the 

fusion module includes three paths of inputs and outputs, the fusion module may only 

perform convolution and sparse upsampling on the feature map and mask in a first path of 

output. For another example, in the case where the fusion module includes three paths of 

inputs and outputs, the fusion module may only perform convolution and sparse 

upsampling on the feature map and mask in a second path of output. For another example, 

in the case where the fusion module includes three paths of inputs and outputs, the fusion 

module may perform convolution and sparse upsampling on the feature map and mask in 

a first path of output, and perform convolution and sparse upsampling on the feature map 

and mask in a second path of output. 

[ 00102] At last, the fusion module performs sparse addition on the feature map and mask 

having subjected to sparse convolution in the Nth path, and the feature map and mask 

having subjected sparse upsampling in at least the Mth path, thereby forming a feature map 

and mask having subjected to valid point feature fusion for an Nth path of output. For 

example, in the case where the fusion module includes three paths of inputs and outputs, 

the fusion module may perform sparse addition on a feature map and mask having 

subjected to sparse convolution in the third path, and a feature map and mask having 

subjected to sparse upsampling in the first path. The feature map and mask having 

subjected to the sparse addition serve as a third path of output for the fusion module. For 

another example, in the case where the fusion module includes three paths of inputs and 

outputs, the fusion module may perform sparse addition on the feature map and mask 

having subjected to sparse convolution in the third path, and the feature map and mask 

having subjected to sparse upsampling in the second path. The feature map and mask 

having subjected to the sparse addition serve as a third path of output for the fusion module. 

For another example, in the case where the fusion module includes three paths of inputs 

and outputs, the fusion module may perform sparse addition on a feature map and mask 

having subjected to sparse convolution in the third path, and a feature map and mask having 

subjected to sparse upsampling in the first path, and further perform sparse addition on the 
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feature map and mask having subjected to the sparse addition, and a feature map and mask 

having subjected to sparse upsampling in the second path. The final obtained feature map 

and mask having subjected to the sparse addition serve as the third path of output. 

[ 00103] In an optional example, while the laser radar based sparse depth map and mask 

are provided to the neural network in the embodiments of the disclosure, an RGB image 

corresponding to the sparse depth map may also be provided to the neural network. The 

RGB image generally has the same or basically same angle of view and a same size as the 

laser radar based sparse depth map. For example, the laser radar generates depth point 

cloud data by scanning, and the depth point cloud data is projected to the RGB image 

photographed by the photographic device, thereby forming a laser radar based sparse 

projection map. 

[ 00104] In an optional example, the input processing unit of the neural network may 

further be configured to acquire at least one feature map of a respective scale for the RGB 

image. The number of feature maps for the RGB image that are acquired by the input 

processing unit is generally smaller than the number of fusion modules included in the 

neural network. In the embodiments of the disclosure, by providing a feature map of a 

respective scale for an RGB image to a corresponding fusion module in the neural network, 

the fusion module may perform valid point feature fusion operation by referring to the 

received feature map for the RGB image. 

[ 00105] As the feature map of the RGB image may provide global feature information 

(such as feature information for characterizing a relationship between objects) for the 

fusion module, the fusion module may obtain more accurate object edge information in the 

embodiments of the disclosure. The phenomenon of depth breakage of an object in an 

image can be avoided, and the processed laser radar depth map is more precise. 

[ 00106] In an optional example, in the case where the fusion module includes N (N > 0, 

and N is an integer) paths of inputs and outputs, and the feature map of the RGB image is 

provided to the fusion module, a valid point feature fusion process executed by the fusion 

module for an Mth path of input (M > 0, and M is an integer smaller than N) may refer to 

the description in the above implementation. Description will not be made herein again. 
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[ 00107] In an optional example, in the case where the fusion module includes N (N > 0, 

and N is an integer) paths of inputs and outputs, and the feature map of the RGB image is 

provided to the fusion module, a valid point feature fusion process executed on an Nth path 

of input by the fusion module may be as follows. 

[ 00108] First of all, the fusion module performs sparse merging and convolution on a 

feature map and map in the Nth path of input. 

[ 00109] Then, the fusion module performs convolution on a feature map and mask 

having subjected to valid point feature fusion in at least an Mth path of output, and performs 

sparse upsampling on the feature map and mask having subjected to the convolution. For 

example, in the case where the fusion module includes three paths of inputs and outputs, 

the fusion module may only perform convolution and sparse upsampling on the feature 

map and mask in a first path of output. For another example, in the case where the fusion 

module includes three paths of inputs and outputs, the fusion module may only perform 

convolution and sparse upsampling on the feature map and mask in a second path of output. 

For another example, in the case where the fusion module includes three paths of inputs 

and outputs, the fusion module may perform convolution and sparse upsampling on the 

feature map and mask in a first path of output, and perform convolution and sparse 

upsampling on the feature map and mask in a second path of output. 

[ 00110] At last, the fusion module performs sparse addition on the feature map and mask 

having subjected to sparse merging and convolution in the Nth path, and the feature map 

and mask having subjected to sparse upsampling in at least the Mth path, thereby forming 

a feature map and mask having subjected to valid point feature fusion for an Nth path of 

output. For example, in the case where the fusion module includes three paths of inputs 

and outputs, the fusion module may perform sparse addition on a feature map and mask 

having subjected to sparse merging and convolution in the third path, and a feature map 

and mask having subjected to sparse upsampling in the first path. The feature map and 

mask having subjected to the sparse addition serve as the third path of output for the fusion 

module. For another example, in the case where the fusion module includes three paths of 

inputs and outputs, the fusion module may perform sparse addition on the feature map and 

mask having subjected to sparse merging and convolution in the third path, and a feature 
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map and mask having subjected to sparse upsampling in the second path. The feature map 

and mask having subjected to the sparse addition serve as the third path of output for the 

fusion module. For another example, in the case where the fusion module includes three 

paths of inputs and outputs, the fusion module may perform sparse addition on the feature 

map and mask having subjected to sparse merging and convolution in the third path, and a 

feature map and mask having subjected to sparse upsampling in the first path, and further 

perform sparse addition on the present feature map and mask having subjected to the sparse 

addition, and a feature map and mask having subjected to sparse upsampling in the second 

path. The final obtained feature map and mask having subjected to the sparse addition serve 

as the third path of output for the fusion module. 

[ 00111] In an optional example, the output processing unit in the embodiments of the 

disclosure is mainly configured to form a processed (i.e., filled) depth map according to an 

output of a final level of fusion module. 

[ 00112] In the case where the RGB image is not provided to the neural network as an 

input, the output processing unit may be a first output processing unit. The first output 

processing unit is mainly configured to perform sparse addition on multiple paths of feature 

maps and masks having subjected to valid point feature fusion output by the final level of 

fusion module, and perform convolution on a result of the sparse addition, to form a 

processed depth map. 

[ 00113] In the case where the RGB image is provided to the neural network as an input, 

the output processing unit may be a second output processing unit. The second output 

processing unit is mainly configured to perform sparse addition on multiple paths of feature 

maps and masks having subjected to valid point feature fusion output by the final level of 

fusion module, perform sparse merging and convolution on a result of the sparse addition 

and the feature map of the RGB image, and perform convolution on a result of the sparse 

merging and convolution, to form a processed depth map. 

[ 00114] In an optional example of the embodiments of the disclosure, the 

implementation process of sparse upsampling is as illustrated in FIG. 2. 

[ 00115] In FIG. 2, the 2×2 matrix located at the upper left corner denotes a feature map 
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x. The 2×2 matrix located at the lower left corner denotes a mask xm
 for the feature map 

x. The character ⊙ denotes element-wise multiplication. The character ⊕ denotes 

element-wise addition. The character “/” denotes element-wise division. F denotes 

upsampling. 

[ 00116] First of all, element-wise multiplication is performed on the feature map x and 

the mask xm
, obtaining a multiplication result as the second 2×2 matrix in the first row 

counting from the upper left corner in FIG. 2, i.e., the 2×2 matrix located above . 

The multiplication result  is upsampled to form the first 4×4 matrix in the first row 

counting from the upper left corner, i.e., the 4×4 matrix located above 
( , )xF m x

. 

[ 00117] Then, the mask xm
 for the feature map x is upsampled to form the first 4×4 

matrix in the second row counting from the lower left corner, i.e., the 4×4 matrix located 

above 
( )xF m

. A weight matrix is formed based on the upsampled mask 
( )xF m

. One 

example of a reciprocal of the weight matrix may be: 
1/ ( ( ) )xF m 

, where the   is 

a constant far smaller than 1. For example, the value of   may range within 0.00005-

0.0001. The   is mainly used to prevent the denominator from being 0. 

[ 00118] Next, element-wise multiplication is performed on the upsampled feature map 

( , )xF m x
 and the reciprocal 

1/ ( ( ) )xF m 
 of the weight matrix to form the feature 

map z having subjected to sparse addition (as illustrated at the upper right corner of FIG. 

2). 

[ 00119] At the meantime, the weight matrix 
( )xF m

 may be binarized to form a mask 

zm
 (as illustrated at the lower right corner of FIG. 2) for the feature map having subjected 

to sparse addition. One example of binarization for the weight matrix in the embodiments 

of the disclosure may be represented as:
( ) / ( ( ) )x xF m F m 

. 
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[ 00120] In the embodiments of the disclosure, the following formula (1) may be used to 

represent the sparse upsampling for the feature map, and the following formula (2) may be 

used to represent the sparse upsampling for the mask of the feature map: 

[ 00121]   Formula (1) 

[ 00122]   Formula (2) 

[ 00123] In an optional example of the embodiments of the disclosure, the 

implementation process of sparse addition is as illustrated in FIG. 3. 

[ 00124] In FIG. 3, the 3×3 matrix located at the upper left corner denotes a feature map 

x, the 3×3 matrix located below the feature map x denotes a feature map y, the 3×3 matrix 

located below the feature map y denotes a mask xm
 for the feature map x, the 3×3 matrix 

located below the mask xm
 for the feature map x denotes a mask ym

 for the feature map 

y. The character ⊙ denotes element-wise multiplication. The character ⊕ denotes 

element-wise addition. The character “/” denotes element-wise division. The character ∪ 

denotes OR operation. 

[ 00125] First of all, element-wise multiplication is performed on the feature map x (i.e., 

the first feature map) and the mask xm
, obtaining a multiplication result being the second 

3×3 matrix in the first row counting from the upper left corner in FIG. 3, i.e., the 3×3 

matrix located above . 

[ 00126] At the meantime, element-wise multiplication is performed on the feature map 

y (i.e., the second feature map) and the mask ym
, obtaining a multiplication result being 

second 3×3 matrix in the second row counting from the left in FIG. 3, i.e., the 3×3 matrix 

located above . 

[ 00127] Then, the two multiplication results are added, obtaining an addition result being 

the third 3×3 matrix in FIG. 3 in the first row counting from the upper left corner, i.e., the 
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3×3 matrix located above . 

[ 00128] Next, element-wise multiplication is performed on the addition result 

 and a reciprocal of a weight matrix, to form a feature map z having 

subjected to sparse addition, i.e., the 3×3 matrix located at the upper right corner. One 

example of the reciprocal of the weight matrix may be: 
1/ ( )x ym m  

, where the   

is a constant far smaller than 1. For example, the value of   may range within 0.00005-

0.0001. The   is mainly used to prevent the denominator from being 0. The result of 

x ym m
 is as illustrated by the 3×3 matrix at the right side of a third row in FIG. 3. 

[ 00129] While sparse addition is performed on the feature map x and the feature map y, 

sparse addition may also be performed on the mask xm
 for the feature map x and the mask

ym
 for the feature map y. For example, OR operation is performed on the mask xm

 for 

the feature map x and the mask ym
 for the feature map y, to form a mask zm

for the feature 

map z having subjected to sparse addition, i.e., the 3×3 matrix located at the lower right 

corner. 

[ 00130] In the embodiments of the disclosure, the following formula (3) may be used to 

represent sparse addition on the feature maps, and the following formula (4) may be used 

to represent the sparse addition on the masks for the feature maps: 

[ 00131]   Formula (3) 

[ 00132]       Formula (4) 

[ 00133] In an optional example of the embodiments of the disclosure, the 

implementation process of sparse merging and convolution is as illustrated in FIG. 4. 

[ 00134] In FIG. 4, the cuboid at the upper left corner denotes a feature map x. The cuboid 
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located below the feature map x denotes a feature map y. The 3×3 matrix located below 

the feature map y denotes a mask xm
 for the feature map x. The 3×3 matrix located below 

the mask xm
  for the feature map x denotes a mask ym

  for the feature map y. The 

character ⊙ denotes element-wise multiplication. The character ⊕ denotes element-wise 

addition,. The character   denotes multiplication. The character / denotes element-wise 

division. xc   denotes the number of channels of the feature map x, and yc   denotes the 

number of channels of the feature map y. The character * denotes convolution. 

[ 00135] First of all, the feature map x (i.e., the first feature map) and the feature map y 

(i.e., the second feature map) are merged in a dimension of the number of channels, with a 

merged result as illustrated by the cuboid located above  xy
 in FIG. 4. The merged result 

may be denoted as  xy
, and the number of channels of  xy

 is . 

[ 00136] Then, convolution operation is performed on the merged result  xy
, where xk  

denotes a size of a convolution kernel of the present convolution operation. 

[ 00137] Next, element-wise multiplication is performed on the feature map having 

subjected to the convolution operation and a reciprocal of a weight matrix to form a feature 

map z having subjected to sparse merging and convolution. 

[ 00138] While the sparse merging and convolution is performed on the feature map x 

and the feature map y, sparse merging and convolution may also be performed on the mask 

xm
 for the feature map x and the mask ym

 for the feature map y. For example, the mask 

xm
for the feature map x is multiplied by the number of channels xc of the feature map x, 

and the mask ym
for the feature map y is multiplied by the number of channels yc of the 

feature map y. The two multiplication results are added, with an addition result as 

illustrated by the rightmost 3×3 matrix in the lower part of FIG. 4, i.e., the 3×3 matrix 
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located above x x y yu c m c m 
 in FIG. 4. Convolution operation is performed on the 

addition processed result x x y yu c m c m 
 , where mk   denotes the size of the 

convolution kernel of the present convolution operation. A weight matrix is formed 

according to a result of the convolution operation. One example of a reciprocal of the 

weight matrix may be: 
1/ ( * )mu k 

, where   is a constant far smaller than 1. For 

example, the value of   may range within 0.00005-0.0001. The   is mainly used to 

prevent the denominator from being 0. The weight matrix is binarized to form a mask zm
 

for the feature map z having subjected to sparse merging and convolution. One example of 

the binarization for the weight matrix
* mu k

 in the embodiments of the disclosure may 

be represented as:
( * ) / ( * )m mu k u k 

. 

[ 00139] In the embodiments of the disclosure, the following formula (5) may be used to 

represent the sparse merging and convolution for the feature maps, and the following 

formula (6) may be used to represent the sparse merging and convolution for the masks for 

the feature maps: 

[ 00140] 
 ( * ) / (( )* )x x x y y mz xy k c m c m k   

  Formula (5) 

[ 00141] 
(( )* ) / (( )* )z x x y y m x x y y mm c m c m k c m c m k    

Formula (6) 

[ 00142] In an optional example of the embodiments of the disclosure, one example of 

the fusion module including two paths of inputs and outputs (i.e., a bi-scale fusion module) 

is illustrated in FIG. 5. 

[ 00143] In FIG. 5, illustrated at the leftmost side are two paths of inputs. The two paths 

of inputs may be referred to as an upper path of input and a lower path of input. Two feature 

maps of respective different scales are provided to the fusion module through the two paths 

of inputs respectively. Correspondingly, masks for the two feature maps of the different 

scales are also provided to the fusion module through the two paths of inputs respectively. 
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In FIG. 5, illustrated at the rightmost side are two paths of outputs, which may be referred 

to as an upper path of output and a lower path of output. The two feature maps of the 

different scales and the masks, formed after the fusion module performs valid point feature 

fusion for the two paths of inputs respectively, become the upper path of output and the 

lower path of output. 

[ 00144] The fusion module downsamples (a leftmost box filled with vertical lines in the 

middle region of FIG. 5, the middle region in the embodiments of the disclosure refers to 

a region between the uppermost side and the lowest side in the drawing, which is the same 

in the following, and description will not be made each time) the upper path of input, such 

that a result of the downsampling has the same scale as the lower path of input (i.e., the 

result of the downsampling has the same size as the lower input, and it is to be noted that 

the size of the box in FIG. 5 does not represent the size of the scale). The fusion module 

performs sparse merging and convolution (a box filled with dots at the lower left corner in 

FIG. 5) on a result of the downsampling and the lower path of input. The fusion module 

performs sparse convolution (a box filled with leftward inclined lines at the lower right 

corner in FIG. 5, in which a leftward inclined line refers to a line inclining from the upper 

right side to the lower left side in the box) on a result of the sparse merging and convolution . 

A result of the present sparse convolution is a lower path of output for the fusion module. 

The fusion module may perform the above operations on both an input feature map and 

mask respectively, and the obtained feature map and mask both serve as the lower path of 

output. 

[ 00145] The fusion module performs sparse convolution (a box filled with the left-

toward inclined lines in the middle part of the upper region in FIG. 5) on the upper path of 

input. The fusion module further performs convolution (a box filled with rightward 

inclined lines in the middle part of the right region in FIG. 5, in which the rightward 

inclined line refers to a line inclining from the upper left side to the lower right side in the 

box) on the lower path of output. The convolution may include: convolution having a 

convolution kernel of 1×1. The fusion module performs sparse upsampling (a box filled 

with horizontal lines in the middle part of the right region in FIG. 5) on a convolution 

processed result, such that a result of the sparse upsampling has a same scale as a result of 

the sparse convolution for the upper path of input. The fusion module performs sparse 
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addition (a box filled with diamonds at the upper right corner in FIG. 5) on a result of the 

sparse convolution for the upper path of input and a result of the sparse upsampling, and a 

result of the present sparse addition serves as an upper path of output for the fusion module. 

The fusion module may perform the above operations on both an input feature map and 

mask respectively, and the obtained feature map and mask both serve as the upper path of 

output. 

[ 00146] In an optional example of the embodiments of the disclosure, another example 

of the fusion module including two paths of inputs and outputs (i.e., a bi-scale fusion 

module) is illustrated in FIG. 6. 

[ 00147] In FIG. 6, illustrated at the leftmost side are two paths of inputs. The two paths 

of inputs may be referred to as an upper path of input and a lower path of input. Two feature 

maps of respective different scales are provided to the fusion module through the two paths 

of inputs respectively. Correspondingly, masks for the two feature maps of the different 

scales are also provided to the fusion module through the two paths of inputs respectively. 

In FIG. 6, illustrated at the rightmost side are two paths of outputs, which may be referred 

to as an upper path of output and a lower path of output. The two feature maps of different 

scales and masks, formed after the fusion module performs valid point feature fusion for 

the two paths of inputs respectively with consideration of a feature map of an RGB image, 

become the upper path of output and the lower path of output. 

[ 00148] The fusion module downsamples (a leftmost box filled with vertical lines in the 

middle region of FIG. 6) the upper path of input, such that a result of the downsampling 

has the same scale as the lower path of input. The fusion module performs sparse merging 

and convolution (a box filled with dots at the lower left corner in FIG. 6) on the result of 

the downsampling and the lower path of input. The fusion module performs sparse 

convolution (a box filled with leftward inclined lines at the lower right corner in FIG. 6, in 

which the leftward inclined line refers to a line inclining from the upper right side to the 

lower left side in the box) on a result of the sparse merging and convolution . A result of 

the present sparse convolution is the lower path of output for the fusion module. The fusion 

module may perform the above operations on both an input feature map and mask 

respectively, and the obtained feature map and mask both serve as the lower path of output. 
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[ 00149] The fusion module performs sparse merging and convolution (an uppermost box 

filled with dots in FIG. 6) on the upper path of input and the feature map of the RGB image. 

The fusion module further performs convolution (a box filled with rightward inclined lines 

in the middle part of the right region in FIG. 6, in which the rightward inclined line refers 

to a line inclining from the upper left side to the lower right side in the box) on the lower 

path of output. The convolution may include: convolution having a convolution kernel of 

1×1. The fusion module performs sparse upsampling (a box filled with horizontal lines in 

the middle part of the right region in FIG. 6) on the result of the convolution , such that the 

result of the sparse upsampling has the same scale as the result of the sparse convolution 

of the upper path of input. The fusion module performs sparse addition (a box filled with 

diamonds at the upper right corner in FIG. 6) on the result of the sparse convolution for 

the upper path of input and the result of the sparse upsampling, and the result of the present 

sparse addition is the upper path of output for the fusion module. The fusion module may 

perform the above operations on both an input feature map and mask respectively, and the 

obtained feature map and mask both serve as the upper path of output. 

[ 00150] In an optional example of the embodiments of the disclosure, one example of 

the fusion module including three paths of inputs and outputs (i.e., a three-scale fusion 

module) is illustrated in FIG. 7. 

[ 00151] In FIG. 7, illustrated at the leftmost side are three paths of inputs, and the three 

paths of inputs may be referred to as an upper path of input, a middle path of input and a 

lower path of input respectively. Three feature maps of respective different scales are 

provided to the fusion module through the three paths of inputs. Correspondingly, masks 

for the three feature maps of the different scales are also provided to the fusion module 

through the three paths of inputs respectively. In FIG. 7, illustrated at the rightmost side 

are three paths of outputs, which may be referred to as an upper path of output, a middle 

path of output and a lower path of output respectively. The three feature maps of different 

scales and masks, formed after the fusion module performs valid point feature fusion for 

the three paths of inputs respectively, become the upper path of output, the middle path of 

output and the lower path of output. 

[ 00152] The fusion module downsamples (an upper leftmost box filled with vertical lines 
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in the middle region in FIG. 7) the upper path of input, such that a result of the 

downsampling has the same scale as the middle path of input. The fusion module performs 

sparse merging and convolution (a leftmost box filled with dots in the middle region in 

FIG. 7) on the result of the downsampling and the middle path of input. The fusion module 

performs sparse convolution (a rightmost box filled with leftward inclined lines in the 

middle region in FIG. 7) on a result of the present sparse merging and convolution . A 

result of the present sparse convolution is the middle path of output for the fusion module. 

The fusion module may perform the above operations on both an input feature map and 

mask respectively, and the obtained feature map and mask both serve as the middle path 

of output. 

[ 00153] The fusion module performs downsampling (a lower leftmost box filled with 

vertical lines in the middle region in FIG. 7) on the upper path of input, such that a result 

of the downsampling has the same scale as the lower path of input. The fusion module 

performs sparse merging and convolution (a box filled with dots at the lower left corner in 

FIG. 7) on the result of the downsampling and the lower path of input. The fusion module 

performs sparse convolution (a box filled with leftward inclined lines at the lower right 

corner in FIG. 7) on a result of the present sparse merging and convolution . A result of the 

present sparse convolution is the lower path of output for the fusion module. The fusion 

module may perform the above operations on both an input feature map and mask 

respectively, and the obtained feature map and mask both serve as the lower path of output. 

[ 00154] The fusion module performs sparse convolution (a leftmost box filled with the 

leftward inclined lines at the upper side in FIG. 7) on the upper path of input. The fusion 

module further performs convolution (an uppermost box filled with rightward inclined 

lines in the middle part of the right region in FIG. 7, in which the rightward inclined line 

refers to a line inclining from the upper left side to the lower right side in the box) on the 

middle path of output. The convolution may include: convolution having a convolution 

kernel of 1×1. The fusion module performs sparse upsampling (an uppermost box filled 

with horizontal lines in the middle part of the right region in FIG. 7 on a result of the 

convolution), such that the result of the sparse upsampling has the same scale as the result 

of the sparse convolution of the upper path of input. The fusion module performs sparse 

addition (a left box filled with diamonds at the uppermost side in FIG. 7), to obtain a first 
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sparse addition result on the result of the sparse convolution on the upper path of input and 

the result of the present sparse upsampling . 

[ 00155] The fusion module performs convolution (a lowest box filled with rightward 

inclined lines at the middle part of the right region in FIG. 7, in which the rightward 

inclined line refers to a line inclining from the upper left side to the lower right side in the 

box) on the lower path of output. The convolution may include: convolution having a 

convolution kernel of 1×1. The fusion module performs sparse upsampling (a lowest box 

filled with horizontal lines at the middle part of the right region in FIG. 7) on the result of 

the convolution, such that the result of the sparse upsampling has the same scale as the first 

sparse addition result. The fusion module performs sparse addition (a box filled with 

diamonds at the upper right corner in FIG. 7) on the first sparse addition result and the 

result of the present sparse upsampling, to obtain a second sparse addition result. The 

second sparse addition result serves as the upper path of output for the fusion module. The 

fusion module may perform the above operations on both an input feature map and mask 

respectively, and the obtained feature map and mask both serve as the upper path of output. 

[ 00156] In an optional example of the embodiments of the disclosure, another example 

of the fusion module including three paths of inputs and outputs (i.e., a tri-scale fusion 

module) is illustrated in FIG. 8. 

[ 00157] In FIG. 8, illustrated at the leftmost side are three paths of inputs, and the three 

paths of inputs may be referred to as an upper path of input, a middle path of input and a 

lower path of input respectively. Three feature maps of respective different scales are 

provided to the fusion module through the three paths of inputs. Correspondingly, masks 

for the three feature maps of the different scales are also provided to the fusion module 

through the three paths of inputs respectively. In FIG. 8, illustrated at the rightmost side 

are three paths of outputs, which may be referred to as an upper path of output, a middle 

path of output and a lower path of output respectively. The three feature maps of different 

scales and masks, formed after the fusion module performs valid point feature fusion on 

the three path of inputs respectively, become the upper path of output, the middle path of 

output and the lower path of output. 

[ 00158] The fusion module downsamples (an upper leftmost box filled with vertical lines 
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in the middle region in FIG. 8) the upper path of input, such that a result of the 

downsampling has the same scale as the middle path of input. The fusion module performs 

sparse merging and convolution (a leftmost box filled with dots in the middle region in 

FIG. 8) on the result of the downsampling and the middle path of input. The fusion module 

performs sparse convolution (a rightmost box filled with leftward inclined lines in the 

middle region in FIG. 8) on a result of the present sparse merging and convolution. A result 

of the present sparse convolution is the middle path of output for the fusion module. The 

fusion module may perform the above operations on both an input feature map and mask 

respectively, and the obtained feature map and mask both serve as the middle path of output. 

[ 00159] The fusion module downsamples (a lower leftmost box filled with vertical lines 

in the middle region in FIG. 8) the upper path of input, such that a result of the 

downsampling has the same scale as the lower path of input. The fusion module performs 

sparse merging and convolution (a box filled with dots at the lower left corner in FIG. 8) 

on the result of the downsampling and the lower path of input. The fusion module performs 

sparse convolution (a box filled with leftward inclined lines at the lower right corner in 

FIG. 8) on a result of the present sparse merging and convolution. A result of the present 

sparse convolution is the lower path of output for the fusion module. The fusion module 

may perform the above operations on both an input feature map and mask respectively, and 

the obtained feature map and mask both serve as the lower path of output. 

[ 00160] The fusion module performs sparse merging and convolution (a leftmost box 

filled with dots at the upper side in FIG. 8) on the upper path of input. The fusion module 

further performs convolution (an uppermost box filled with rightward inclined lines in the 

middle part of the right region in FIG. 8, in which the rightward inclined line refers to a 

line inclining from the upper left side to the lower right side in the box) on the middle path 

of output. The convolution may include: convolution having a convolution kernel being 

1×1. The fusion module performs sparse upsampling (an uppermost box filled with 

horizontal lines in the middle part of the right region in FIG. 8) on a result of the 

convolution, such that the result of the sparse upsampling has the same scale as the result 

of the sparse merging and convolution for the upper path of input. The fusion module 

performs sparse addition (a left box filled with diamonds at the uppermost side in FIG. 8) 

on the result of the sparse merging and convolution for the upper path of input and the 
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result of the present sparse upsampling, to obtain a first sparse addition result. 

[ 00161] The fusion module performs convolution (a lowermost box filled with rightward 

inclined lines in the middle part of the right region in FIG. 8, in which the rightward 

inclined line refers to a line inclining from the upper left side to the lower right side in the 

box) on the lower path of output. The convolution may include: convolution having a 

convolution kernel of 1×1. The fusion module performs sparse upsampling (a lowermost 

box filled with horizontal lines in the middle part of the right region in FIG. 8 on the result 

of the convolution), such that a result of the sparse upsampling has the same scale as the 

first sparse addition result. The fusion module performs sparse addition (a box filled with 

diamonds at the upper right corner in FIG. 8) on the first sparse addition result and the 

result of the present sparse upsampling, to obtain a second sparse addition result. The 

second sparse addition result serves as the upper path of output for the fusion module. The 

fusion module may perform the above operations on both an input feature map and mask 

respectively, and the obtained feature map and mask both serve as the upper path of output. 

[ 00162] In an optional example of the embodiments of the disclosure, one example of a 

neural network including multiple fusion modules is illustrated in FIG. 9. 

[ 00163] In FIG. 9, the neural network includes: a first input processing unit, two bi-scale 

fusion modules (i.e., bi-scale fusion modules 900 and 940 in FIG. 9), three tri-scale fusion 

modules (i.e., tri-scale fusion modules 910, 920 and 930 in FIG. 9), five first conversion 

modules, two second conversion modules and a first output processing unit. 

[ 00164] The first input processing unit includes a box filled with leftward inclined lines 

at the leftmost side of FIG. 9 and a box filled with vertical lines at the leftmost side. 

[ 00165] The first one of the first conversion modules is provided between the bi-scale 

fusion module 900 and the tri-scale fusion module 910 in FIG. 9, and the first one of the 

first conversion modules includes: two boxes filled with vertical lines. The first one of the 

first conversion modules is mainly configured to perform scale conversion (such as 

downsampling) on feature maps output by an upper and lower paths of the bi-scale fusion 

module 900 respectively, and the feature maps having subjected to the scale conversion 

respectively serve as a middle path of input and a lower path of input for the tri-scale fusion 



 
 

39 
 

module 910. The upper path of output of the bi-scale fusion module 900 is directly 

provided as an upper path of input for the tri-scale fusion module 910. The first one of the 

first conversion modules may further perform scale conversion (such as downsampling) 

on masks output by the upper path of the bi-scale fusion module 900, and the scale 

conversion processed masks also serve as the middle path of input and the lower path of 

input for the tri-scale fusion module 910. 

[ 00166] The second one of the first conversion modules is provided between the tri-scale 

fusion module 910 and the tri-scale fusion module 920 in FIG. 9, and the second one of 

the first conversion modules includes: two boxes filled with vertical lines. The second one 

of the first conversion modules is mainly configured to perform scale conversion (such as 

downsampling) on feature maps output by the middle and lower paths of the tri-scale fusion 

module 910 respectively, and the feature maps having subjected to the scale conversion 

serve as a middle path of input and a lower path of input for the tri-scale fusion module 

920. The upper path of output for the tri-scale fusion module 910 is directly provided as an 

upper path of input for the tri-scale fusion module 920. The second one of the first 

conversion modules may further perform scale conversion (such as downsampling) on 

masks output by the middle and lower paths of the tri-scale fusion module 910, and the 

scale conversion processed masks also serve as the middle path of input and the lower path 

of input for the tri-scale fusion module 920. 

[ 00167] The third one of the first conversion modules is provided between the tri-scale 

fusion module 920 and the tri-scale fusion module 930 in FIG. 9, and the third one of the 

first conversion modules includes: two boxes filled with horizontal lines. The third one of 

the first conversion modules is mainly configured to perform scale conversion (such as 

sparse upsampling) on feature maps output by middle and lower paths of the tri-scale 

fusion module 920, and the feature maps having subjected to the scale conversion serve as 

a middle path of input and a lower path of input for the tri-scale fusion module 930. The 

upper path of output of the tri-scale fusion module 920 is directly provided as an upper 

path of input for the tri-scale fusion module 930. The third one of the first conversion 

modules may further perform scale conversion (such as sparse upsampling) on masks 

output by the middle and lower paths of the tri-scale fusion module 920, and the scale 

conversion processed masks also serve as the middle path of input and the lower path of 



 
 

40 
 

input for the tri-scale fusion module 930. 

[ 00168] The fourth one of the first conversion modules is provided between the tri-scale 

fusion module 930 and the bi-scale fusion module 940 in FIG. 9, and the fourth one of the 

first conversion modules includes: two boxes filled with horizontal lines. The fourth one 

of the first conversion modules is mainly configured to perform scale conversion (such as 

sparse upsampling) on feature maps output by middle and lower paths of the bi-scale fusion 

module 930, and the feature map having subjected to the scale conversion  serves as a 

lower path of input for the bi-scale fusion module 940. The fourth one of the first 

conversion modules may further perform scale conversion (such as sparse upsampling) on 

masks output by the middle and lower paths of the tri-scale fusion module 930, and the 

scale conversion processed mask in the lower path also serves as the lower path of input 

for the bi-scale fusion module 940. 

[ 00169] The fifth one of the first conversion modules is provided immediately after the 

bi-scale fusion module 940 in FIG. 9, and the fifth one of the first conversion modules 

includes: a boxes filled with horizontal lines. The fifth one of the first conversion modules 

is mainly configured to perform scale conversion (such as sparse upsampling) on a feature 

map output by a lower path of the bi-scale fusion module 940. 

[ 00170] The first one of the second conversion modules is provided between the tri-scale 

fusion module 930 and the bi-scale fusion module 940 in FIG. 9, and the first one of the 

second conversion modules includes: a box filled with diamonds. The first one of the 

second conversion module is mainly configured to perform sparse addition for an upper 

path of output of the tri-scale fusion module 930 and a result of the fourth one of the first 

conversion modules performs scale conversion for the middle path of output of the tri-scale 

fusion module 930. A result of the sparse addition serves as an upper path of input for the 

bi-scale fusion module 940. 

[ 00171] The second one of the second conversion module is provided immediately after 

the bi-scale fusion module 940 in FIG. 9, and the second one of the second conversion 

modules includes: a box filled with diamonds. The second one of the second conversion 

modules is mainly configured to perform sparse addition on the upper path of output of the 

bi-scale fusion module 940 and the output of the fifth one of the first conversion modules. 
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A result of the sparse addition is provided to the first output processing unit. 

[ 00172] The first output processing unit is provided at the rightmost side in FIG. 9, and 

includes: two boxes filled with rightward inclined lines. The first output processing unit is 

mainly configured to perform convolution on an input feature map and mask twice. A 

convolution kernel used in the first time of convolution may be 3×3, and a convolution 

kernel used in the second time of convolution may be 1×1. A processed depth map is output 

finally. 

[ 00173] In an optional example of the embodiments of the disclosure, another example 

of a neural network including multiple fusion modules is illustrated in FIG. 10. 

[ 00174] In FIG. 10, the neural network includes: a second input processing unit, two bi-

scale fusion modules (i.e., bi-scale fusion modules 900 and 940 in FIG. 10), three tri-scale 

fusion modules (i.e., tri-scale fusion modules 910, 920 and 930 in FIG. 10), five first 

conversion modules, two second conversion modules and a first output processing unit. 

[ 00175] Besides the box filled with left-toward inclined lines at the leftmost side and the 

box filled with vertical lines at the leftmost side in FIG. 10, the second input processing 

unit further includes five boxes filled with rightward inclined lines at the uppermost side 

in FIG. 10, for performing convolution on RGB images to form feature maps of 

corresponding scales. Reference can be made to the description of FIG. 9 with regard to 

the two bi-scale fusion modules, the three tri-scale fusion modules, the five first conversion 

modules and the two second conversion modules. Detailed description will not be made 

here. 

[ 00176] The second output processing unit is provided at the rightmost side in FIG. 10, 

and includes: a box filled with the dots and a box filled with the rightward inclined lines. 

The second output processing unit is mainly configured to first perform sparse merging 

and convolution on feature maps and masks on two paths of inputs respectively, then 

perform convolution and output a processed depth map finally. 

[ 00177] The neural network in the embodiments of the disclosure is obtained by training 

based on laser radar based sparse depth map samples and labelled values of filled depth 

map samples for the laser radar based sparse depth map samples. In an optional example 
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of the embodiments of the disclosure, a flowchart of an implementation of a method for 

training a neural network is illustrated in FIG. 11. As illustrated in FIG. 11, the method of 

the embodiments includes the following operations. 

[ 00178] In S1100, a laser radar based sparse depth map sample is input into a neural 

network to be trained. 

[ 00179] In an optional example, the laser radar based sparse depth map sample may be 

acquired from a training data set in the embodiments of the disclosure. In the embodiments 

of the disclosure, the training data set includes multiple laser radar based sparse depth map 

samples for training the neural network. Generally, each laser radar based sparse depth 

map sample is provided with labelled depth values for multiple points. In the embodiments 

of the disclosure, one or more laser radar based sparse depth map samples are read once 

from the training data set in a random reading manner or in a manner of sequentially 

reading according an arrangement order of image samples 

[ 00180] In an optional example, the operation S1100 may be executed by a processor by 

calling corresponding instructions stored in a memory, and may also be executed by a depth 

map sample input module 1700 operated by the processor. 

[ 00181] In S1110, the neural network to be trained acquires at least two feature maps, 

each of a respective different scale, from the laser radar based sparse depth map sample, 

performs valid point feature fusion on each of the at least two feature maps of the different 

scales, and forms a processed depth map according to a result of the valid point feature 

fusion. The number of valid points in the processed depth map is greater than the number 

of valid points in the laser radar based sparse depth map sample. The specific 

implementation process of the operation may refer to the relevant description of the above 

implementations, and will not be described here again. 

[ 00182] In an optional example, the operation S1110 may be executed by the processor 

by calling corresponding instructions stored in a memory, and may also be executed by the 

neural network 1710 to be trained operated by the processor. 

[ 00183] In S1120, with the processed depth map as well as labelled depth values of the 

filled depth map sample for the laser radar based sparse depth map sample as guide 
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information, supervised learning of the neural network to be trained is realized. 

[ 00184] In an optional example, the operation S1120 may be executed by the processor 

by calling corresponding instructions stored in a memory, and may also be executed by a 

supervision module 1720 operated by the processor. 

[ 00185] In an optional example, the guide information in the embodiments of the 

disclosure generally includes: a difference between a depth value of each point in the depth 

map output by the neural network to be trained, and the labelled depth value of the filled 

depth map sample for the laser radar based sparse depth map sample. In the embodiments 

of the disclosure, supervised learning of the neural network to be trained may be 

implemented using a corresponding function, for the purpose of reducing the difference. 

[ 00186] In an optional example of the embodiments of the disclosure, the loss function 

indicated in the following formula (7) may be used: 

[ 00187] 

2

( , )

1
( , ) ij ij

i j V

L x y x y
V 

 
  Formula (7) 

[ 00188] In the formula (7), V denotes a set of coordinates, in the depth map, of processed 

labelled depth values of valid points. It may also be considered that the character V is a set 

of coordinates of valid points in a ground truth depth map. The ground truth depth map 

may be considered as a laser radar based dense depth map sample, i.e., a filled depth map 

sample for the laser radar based sparse depth map sample. 
V

 denotes the number of valid 

points in the laser radar based dense depth map sample. The expression ijx   denotes a 

predicted depth value at a position (i, j) in the processed depth map output by the neural 

network to be trained; and the expression ijy  denotes a labelled depth value at a position 

(i, j) in the laser radar based dense depth map sample. 

[ 00189] In an optional example, when the training for the neural network to be trained 

reaches a predetermined iteration condition, the present training process is ended. The 

predetermined iteration condition in the embodiments of the disclosure may include: the 
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difference between the depth value in the depth map output by the neural network to be 

trained and the labelled depth value in the filled depth map sample for the laser radar based 

sparse depth map sample meets a predetermined difference requirement. In the case where 

the difference meets the predetermined difference requirement, the present training for the 

neural network is completed successfully. In the embodiments of the disclosure, the 

predetermined iteration condition may also include: the number of samples used in training 

the neural network to be trained reaches a predetermined number requirement, etc. In the 

case where the number of used samples reaches the predetermined number requirement 

but the difference does not meet the predetermined difference requirement, the present 

training for the neural network is not successfully. The successfully trained neural network 

may be used to process a depth map. 

[ 00190] FIG. 12 illustrates a flowchart of an implementation of a method for intelligently 

controlling a vehicle according to an embodiment of the disclosure. As illustrated in FIG. 

12, the method of the embodiments includes the following operations. 

[ 00191] In S1200, a laser radar based sparse depth map is input into a neural network. 

Optionally, RGB images photographed by a photographic device and having the same or 

basically same angle of view and a same size as the laser radar based sparse depth map 

may also be provided to the neural network. 

[ 00192] In an optional example, operation S1200 may be executed by a processor by 

calling corresponding instructions stored in a memory, and may also be executed by a depth 

map input module 1400 operated by the processor. 

[ 00193] In S1210, the neural network acquires at least two feature maps, each of a 

respective different scale, for the laser radar based sparse depth map, performs valid point 

feature fusion for each of the at least two feature maps of the different scales, and obtains 

a processed depth map according to a result of the valid point feature fusion. 

[ 00194] In an optional example, operation S1210 may be executed by the processor by 

calling corresponding instructions stored in a memory, and may also be executed by the 

neural network 1410 operated by the processor. 

[ 00195] The implementation processes of the operation S1200 and the operation S1210 
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may refer to the relevant descriptions on the above implementations, and will not be 

described here again. 

[ 00196] In S1220, an instruction or early warning prompt information for controlling a 

vehicle where a laser radar is located is generated according to the processed depth map. 

The generated instruction is for example an instruction for accelerating a speed, an 

instruction for lowering the speed or an emergency brake instruction, etc. The generated 

early warning prompt information is prompt information of paying attention to a pedestrian 

at some orientation, etc. The implementation of generating the instruction or the early 

warning prompt information according to the processed depth map is not limited in the 

embodiments of the disclosure. 

[ 00197] In an optional example, the operation S1220 may be executed by the processor 

by calling corresponding instructions stored in a memory, and may also be executed by a 

control module 1420 operated by the processor. 

[ 00198] FIG. 13 illustrates a flowchart of an implementation of a method for obstacle-

avoiding navigation according to an embodiment of the disclosure. As illustrated in FIG. 

13, the method of the embodiment includes the following operations. 

[ 00199] In S1300, a laser radar based sparse depth map is input into a neural network. 

Optionally, RGB images photographed by a photographic device and having the same or 

basically same angle of view and a same size as the laser radar based sparse depth map 

may also be provided to the neural network. 

[ 00200] In an optional example, the operation S1300 may be executed by a processor by 

calling a corresponding instruction stored in a memory, and may also be executed by a 

depth map input module 1400 operated by the processor. 

[ 00201] In S1310, the neural network acquires at least two feature maps, each of a 

respective different scale, for the laser radar based sparse depth map, performs valid point 

feature fusion for each of the at least two feature maps of the different scales, and obtains 

a processed depth map according to a result of the valid point feature fusion. The number 

of valid points in the processed depth map is greater than the number of valid points in the 

laser radar based sparse depth map sample. 
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[ 00202] In an optional example, operation S1310 may be executed by the processor by 

calling corresponding instructions stored in a memory, and may also be executed by the 

neural network 1410 operated by the processor. 

[ 00203] The implementation processes of the operation S1300 and the operation S1310 

may refer to the relevant description on the above implementations, and will not be 

described here again. 

[ 00204] In S1320, an instruction or early warning prompt information for performing 

obstacle avoidance control for a robot where a laser radar is located is generated according 

to the processed depth map. The generated instruction is for example an instruction for 

lowering an action speed, an instruction for suspending an action or a turning instruction, 

etc. The generated early warning prompt information is prompt information of paying 

attention to an obstacle at some orientation, etc. The implementation of generating the 

instruction or the early warning prompt information according to the processed depth map 

is not limited in the embodiments of the disclosure. 

[ 00205] In an optional example, operation S1320 may be executed by the processor by 

calling a corresponding instruction stored in a memory, and may also be executed by an 

obstacle avoidance navigation module 1430 operated by the processor. 

[ 00206] Any method provided in the embodiments of the disclosure may be executed by 

any suitable device having a data processing capability, including but not limited to: a 

terminal device, a server, etc. Alternatively, any method provided in the embodiments of 

the disclosure may be executed by a processor. For example, the processor executes any 

method mentioned in the embodiments of the disclosure by calling a instructions stored in 

the memory. Description will not be made hereinafter. 

[ 00207] Those of ordinary skill in the art should know that all or part of the operations 

of the method embodiment may be implemented by related hardware instructed through a 

program, the program may be stored in a computer-readable storage medium. The program, 

when executed, performs operations of the method embodiment. The storage medium 

includes various media capable of storing program codes such as a Read-Only Memory 

(ROM), a Random Access Memory (RAM), a magnetic disk or a compact disc. 
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[ 00208] FIG. 14 illustrates a schematic structural diagram of an implementation of an 

apparatus for processing a laser radar based sparse depth map according to an embodiment 

of the disclosure. As illustrated in FIG. 14, the apparatus of the embodiment mainly 

includes: a depth map input module 1400 and a neural network 1410. 

[ 00209] The depth map input module 1400 is configured to input a laser radar based 

sparse depth map to the neural network 1410. 

[ 00210] In an optional example, the depth map input module 1400 is configured to: input, 

into the neural network 1410, a laser radar based sparse depth map and a mask for the laser 

radar based sparse depth map. The mask for the laser radar based sparse depth map is 

configured to indicate valid points in the laser radar based sparse depth map. 

[ 00211] The neural network 1410 is configured to acquire at least two feature maps, each 

of a respective different scale, for the laser radar based sparse depth map, perform valid 

point feature fusion for each of the at least two feature maps of the different scales, and 

obtain a processed depth map according to a result of the valid point feature fusion. A 

number of valid points in the processed depth map is greater than a number of valid points 

in the laser radar based sparse depth map. 

[ 00212] In an optional example, the neural network 1410 is further configured to 

determine, according to the mask for the laser radar based sparse depth map, a mask for 

each of the at least two feature maps of the different scales. In such a case, the valid point 

feature fusion operation performed by the neural network 1410 for each of the at least two 

feature maps of the different scales may include that: valid point feature fusion is 

performed for each of the at least two feature maps of the different scales according to the 

masks for the at least two feature maps of the different scales. 

[ 00213] In an optional example, the neural network 1410 may include: an input 

processing unit. The input processing unit is configured to perform sparse convolution on 

the laser radar based sparse depth map to obtain a feature map for the laser radar based 

sparse depth map, and perform scale conversion on the feature map of the depth map to 

obtain the at least two feature maps of the different scales. The at least two feature maps 

of the different scales include the feature map having not subjected to the scale conversion, 
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and at least one feature map having subjected to the scale conversion. 

[ 00214] In an optional example, the input processing unit is further configured to perform 

sparse convolution on the mask for the laser radar based sparse depth map to obtain a mask 

for the feature map of the laser radar based sparse depth map, and perform scale conversion 

on the mask for the feature map, to obtain a mask of each of the at least two feature maps. 

[ 00215] In an optional example, the neural network 1410 may include: at least one fusion 

module. The at least one fusion module includes multiple paths of inputs and outputs. The 

fusion module is configured to perform valid point feature fusion for the feature maps of 

the different scales in the multiple paths of inputs. In the case where the neural network 

1410 includes multiple fusion modules, an output from a level of fusion module is provided 

as an input for another level of fusion module immediately following the level of fusion 

module. 

[ 00216] In an optional example, the neural network further includes: at least one first 

conversion module. The at least one first conversion module is provided immediately after 

a respective one of the at least one fusion module. That is to say, a path of output from a 

fusion module is provided to a respective first conversion module. The first conversion 

module is configured to perform scale conversion on a feature map in at least one path of 

output from a level of fusion module. The feature map having subjected to the scale 

conversion is provided to another level of fusion module immediately following the level 

of fusion module. That is, the output from the first conversion module is provided to the 

another level of fusion module. 

[ 00217] In an optional example, in the case where the number of paths of outputs from a 

level of fusion module is smaller than the number of paths of inputs for another level of 

fusion module immediately following the level of fusion module, one of the paths of 

outputs from the level of fusion module and a feature map in the path of output after 

subjecting to scale conversion both serve as inputs for the another level of fusion module. 

[ 00218] In an optional example, the neural network 1410 further includes: at least one 

second conversion module. Each of the at least one second conversion module is provided 

after a respective one of the at least one fusion module. The second conversion module is 
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configured to perform valid point feature fusion on feature maps in at least two paths of 

outputs from the fusion module, to form one feature map. The feature map formed by the 

second conversion module may serve as an input for the another level of fusion module, 

and the feature map formed by the second conversion module may also serve as an input 

for an output processing unit of the neural network. 

[ 00219] In an optional example, the depth map input module 1400 may be further 

configured to provide, to the neural network 1410, an image having the same angle of view 

and a same size as the laser radar based sparse depth map. The image includes: an image 

photographed by a photographic device. In such an application scenario, the input 

processing unit may further be configured to acquire at least one feature map of a respective 

scale for the image, and the feature image of the corresponding scale for the image serves 

as an input for the corresponding fusion. The feature map for the image is to be fused with 

the feature map of the laser radar based sparse depth map. 

[ 00220] In an optional example, in the case where the fusion module includes N paths of 

inputs and outputs, valid point feature fusion executed on an Mth path of input by the fusion 

module may include that: downsampling is performed on a feature map and a mask for the 

feature map in an Nth path of input; sparse merging and convolution is performed the 

downsampled feature map and mask, and a feature map and mask in an Mth path of input; 

and sparse convolution is performed on the feature map and mask having subjected to 

sparse merging and convolution, to obtain a feature map and mask having subjected to 

valid point feature fusion for an Mth path of output. The scale of the feature map in the Nth 

path of input is greater than that of the feature map in the Mth path of input. M an integer 

greater than 0, and N is an integer greater than M. 

[ 00221] In an optional example, in the case where a fusion module includes N paths of 

inputs and outputs, valid point feature fusion executed on an Nth path of input by the neural 

network may include that: sparse convolution is performed on a feature map and mask in 

an Nth path of input; convolution is performed on a feature map and mask having subjected 

to valid point feature fusion in at least an Mth path of output; after that, sparse upsampling 

is performed on the feature map and mask having subjected to the convolution; and then, 

sparse addition is performed on the feature map and mask having subjected to sparse 
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convolution in the Nth path, and the feature map and mask having subjected to sparse 

upsampling in at least the Mth path, to obtain a feature map and mask having subjected to 

valid point feature fusion for an Nth path of output. 

[ 00222] In an optional example, the output processing unit may include a first output 

processing unit. The first output processing unit is configured to perform sparse addition 

on feature maps and masks having subjected to valid point feature fusion output by a final 

level of valid point feature fusion, and perform convolution on a sparse addition result to 

form a processed depth map. 

[ 00223] In an optional example, in the case where the at least one fusion module includes 

N paths of inputs and outputs, valid point feature fusion executed on an Nth path of input 

by the fusion module may include that: sparse merging and convolution is performed on a 

feature map and mask in the Nth path of input and the feature map of the image; convolution 

is performed on a feature map and mask having subjected to valid point feature fusion in 

at least an Mth path of output; after that, sparse upsampling is performed on the feature map 

and mask having subjected to the convolution; and then, sparse addition is performed on 

the feature map and mask having subjected to the sparse merging and convolution in the 

Nth path, and the feature map and mask having subjected to sparse upsampling in at least 

the Mth path, to form a feature map and mask having subjected to valid point feature fusion 

for an Nth path of output. M is an integer greater than 0, and N is an integer greater than M. 

[ 00224] In an optional example, the output processing unit may include a second output 

processing unit. The second output processing unit is configured to perform sparse addition 

on feature maps and masks having subjected to valid point feature fusion output by a final 

level of valid point feature fusion; perform sparse merging and convolution on a result of 

the sparse addition and the feature map of the image; and perform convolution on a result 

of the sparse merging and convolution, to form a processed depth map. 

[ 00225] In an optional example, the sparse merging and convolution in the embodiments 

of the disclosure may include: merging a first feature map and a second feature map in a 

channel dimension, performing convolution on the merged feature map, and performing 

element-wise multiplication on the feature map having subjected to the convolution and a 

reciprocal of a weight matrix to form a feature map having subjected to sparse merging 
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and convolution; and acquiring a first product of a mask for the first feature map and a 

number of channels of the first feature map, acquiring a second product of a mask for the 

second feature map and a number of channels of the second feature map, performing 

convolution operation on a sum of the first and second products, forming the weight matrix 

according to a result of the convolution operation, and binarizing the weight matrix to form 

a mask for the feature map having subjected to the sparse merging and convolution. 

[ 00226] In an optional example, the sparse addition in the embodiments of the disclosure 

may include: performing element-wise multiplication on a first feature map and a mask for 

the first feature map, performing element-wise multiplication on a second feature map and 

a mask for the second feature map, adding two results of the multiplication, and performing 

element-wise multiplication on an addition result and a reciprocal of a weight matrix to 

form a feature map having subjected to sparse addition; and performing OR operation on 

the mask for the first feature map and the mask for the second feature map, to form a mask 

for the feature map having subjected to the sparse addition. 

[ 00227] In an optional example, the sparse upsampling in the embodiments of the 

disclosure may include: performing element-wise multiplication on a feature map and a 

mask for the feature map, and upsampling a multiplication result; upsampling the mask for 

the feature map, and forming a weight matrix based on the upsampled mask; performing 

element-wise multiplication on the upsampled feature map and a reciprocal of the weight 

matrix, to form a feature map having subjected to sparse addition; and binarizing the weight 

matrix to form a mask for the feature map having subjected to sparse addition. 

[ 00228] In an optional example, the neural network in the embodiments of the disclosure 

is obtained by training based on a laser radar based sparse depth map sample and labelled 

depth values of a filled depth map sample for the laser radar based sparse depth map sample. 

[ 00229] Operations executed by the depth map input module 1400 and the neural 

network 1410 in the embodiments of the disclosure may be referred to relevant description 

in the implementations of the above methods. Description will not be made here again. 

[ 00230] FIG. 15 illustrates a schematic structural diagram of an implementation of an 

apparatus for intelligently controlling a vehicle according to an embodiment of the 
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disclosure. As illustrated in FIG. 15, the apparatus of the embodiment mainly includes: a 

depth map input module 1400, a neural network 1410 and a control module 1420. 

[ 00231] The depth map input module 1400 is configured to input a laser radar based 

sparse depth map into the neural network. 

[ 00232] The neural network 1410 is configured to acquire at least two feature maps, each 

of a respective different scale, for the laser radar based sparse depth map, perform valid 

point feature fusion for each of the at least two feature maps of the different scales, and 

obtain a processed depth map according to a result of the valid point feature fusion. The 

number of valid points in the processed depth map is greater than the number of valid 

points in the laser radar based sparse depth map in the embodiments of the disclosure. 

[ 00233] The control module 1420 is configured to generate, according to the processed 

depth map output by the neural network 1410, an instruction or early warning prompt 

information for controlling a vehicle where a laser radar is located. 

[ 00234] Operations executed by the depth map input module 1400, the neural network 

1410 and the control module 1420 in the embodiments of the disclosure may be referred 

to relevant description in the implementations of the above methods. Description will not 

be made here again. 

[ 00235] FIG. 16 illustrates a schematic structural diagram of an implementation of an 

apparatus for obstacle-avoiding navigation according to an embodiment of the disclosure. 

As illustrated in FIG. 16, the apparatus of the embodiment mainly includes: a depth map 

input module 1400, a neural network 1410 and an obstacle-avoiding navigation module 

1430. 

[ 00236] The depth map input module 1400 is configured to input a laser radar based 

sparse depth map into the neural network. 

[ 00237] The neural network 1410 is configured to acquire at least two feature maps, each 

of a respective different scale, for the laser radar based sparse depth map, perform valid 

point feature fusion for each of the at least two feature maps of the different scales, and 

obtain a processed depth map according to a result of the valid point feature fusion. The 
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number of valid points in the processed depth map is greater than the number of valid 

points in the laser radar based sparse depth map in the embodiments of the disclosure. 

[ 00238] The obstacle-avoiding navigation module 1430 is configured to generate, 

according to the processed depth map output by the neural network 1410, an instruction or 

early warning prompt information for controlling obstacle-avoiding navigation for a robot 

where a laser radar is located. 

[ 00239] Operations executed by the depth map input module 1400, the neural network 

1410 and obstacle-avoiding navigation module 1430 in the embodiments of the disclosure 

may refer to relevant description in the implementations of the above methods. Description 

will not be made here again. 

[ 00240] FIG. 17 illustrates a schematic structural diagram of an implementation of an 

apparatus for training a neural network according to an embodiment of the disclosure. As 

illustrated in FIG. 17, the apparatus of the embodiment mainly includes: a depth map 

sample input module 1700, a neural network to be trained 1710 and a supervision module 

1720. 

[ 00241] The depth map sample input module 1700 is configured to input a laser radar 

based sparse depth map sample into the neural network to be trained1710. 

[ 00242] The neural network 1710 to be trained is configured to acquire at least two 

feature maps, each of a respective different scale, for the laser radar based sparse depth 

map sample, perform valid point feature fusion on the at least two feature maps of the 

different scales, and then obtain a processed depth map according to a result of the valid 

point feature fusion. In the embodiments of the disclosure, the number of valid points in 

the processed depth map is greater than the number of valid points in the laser radar based 

sparse depth map sample. 

[ 00243] The supervision module 1720 is configured to perform, with the processed depth 

map and labelled depth values of a filled depth map sample for the laser radar based sparse 

depth map sample as guide information, supervised learning of the neural network to be 

trained. 
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[ 00244] Operations executed by the depth map sample input module 1700, the neural 

network 1710 and the supervision module 1720 in the embodiments of the disclosure may 

refer to relevant description in the implementations of the above methods. Description will 

not be made here again. 

[ 00245] Exemplary device 

[ 00246] FIG. 18 illustrates an exemplary device 1800 suitable for implementing an 

embodiment of the disclosure. The device 1800 may be a control system/electronic system 

configured in a vehicle, a mobile terminal (for example, a smart mobile phone), a Personal 

Computer (PC) (for example, a desktop or a notebook), a tablet and a server, etc. 

[ 00247] In FIG. 18, the device 1800 includes one or more processors, a communication 

component and the like. The one or more processors may be one or more Central 

Processing Units (CPUs) 1801 and/or one or more Graphics Processing Units (GPUs) 1813 

configured to process a laser radar based sparse depth map by use of a neural network, etc. 

The processor may execute various proper actions and processing according to executable 

instructions stored in a ROM 1802 or executable instructions loaded from a storage 1808 

to a RAM 1803. The communication component 1812 may include, but not limited to, a 

network card, and the network card may include, but not limited to, an InfiniBand (IB) 

network card. The processor may communicate with the ROM 1802 and/or the RAM 1803 

to execute the executable instructions, is connected with the communication component 

1812 through a bus 1804 and communicates with another target device through the 

communication component 1812, thereby completing the corresponding operations 

provided in any embodiment of the disclosure. 

[ 00248] The operations executed by the above instructions may refer to the related 

description in the method embodiment and will not be described herein in detail. In 

addition, various programs and data required by the operations of the apparatus may further 

be stored in the RAM 1803. The CPU 1801, the ROM 1802 and the RAM 1803 are 

connected with one another through a bus 1804. 

[ 00249] With existence of the RAM 1803, the ROM 1802 is an optional module. The 

RAM 1803 stores executable instructions, or the executable instructions are written in the 
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ROM 1802 during operation. The executable instructions enable the CPU 1801 to execute 

the corresponding operations of the object segmentation method. An Input/Output (I/O) 

interface 1805 is also connected to the bus 1804. The communication unit 1812 may be 

arranged in an integrated manner, and may also be arranged to include multiple submodules 

(for example, multiple IB network cards) connected with the bus respectively. 

[ 00250] The following components are connected to the I/O interface 1805: an input part 

1806 including a keyboard, a mouse or the like; an output part 1807 including a Cathode-

Ray Tube (CRT), a Liquid Crystal Display (LCD), a speaker or the like; the storage 1808 

including a hard disk and the like; and a communication part 1809 including a Local Area 

Network (LAN) card, a network interface card of a modem or the like. The communication 

part 1809 executes communication processing through a network such as the Internet. A 

driver 1810 is also connected to the I/O interface 1805 as required. A removable medium 

1811, for example, a magnetic disk, an optical disk, a magneto-optical disk and a 

semiconductor memory, is installed on the driver 1810 as required such that a computer 

program read therefrom is installed in the storage 1808 as required. 

[ 00251] It is to be particularly noted that the architecture shown in FIG. 18 is only an 

optional implementation. The number and types of the components in FIG. 18 may be 

selected, deleted, added or replaced according to a practical requirement in practice. In 

terms of arrangement of different functional components, separate arrangement, integrated 

arrangement or the like may also be implemented. For example, the GPU and the CPU 

may be separately arranged. For another example, the GPU may be integrated to the CPU. 

The communication unit may be separately arranged and may also be integrated to the 

CPU or the GPU. All these alternative implementations shall fall within the scope of 

protection of the embodiments of the disclosure. 

[ 00252] Particularly, according to the implementations of the disclosure, the process 

described below with reference to a flowchart may be implemented as a computer software 

program. For example, a computer program product according to the embodiments of the 

disclosure includes a computer program physically included in a machine-readable 

medium. The computer program includes program codes configured to execute the 

operations shown in the flowchart, and the program codes may include instructions 
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corresponding to the operations the method provided in any embodiment of the disclosure. 

[ 00253] In thus implementation, the computer program may be downloaded and installed 

from the Internet through the communication part 1809 and/or installed from the 

removable medium 1811. The computer program, when executed by the CPU 1801, 

performs the instructions for implementing the corresponding operations in any 

embodiment of the disclosure. 

[ 00254] In one or more optional implementations, also provided in the embodiments of 

the disclosure is a computer program product configured to store computer-readable 

instructions which, when being executed, enable a computer to execute the method for 

processing a laser radar based sparse depth map, or the method for training a neural 

network, the method for intelligently controlling a vehicle, or a method for obstacle-

avoiding navigation in any abovementioned embodiment. 

[ 00255] The computer program product may specifically be implemented through 

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 specifically embodied as a software 

product, for example, a Software Development Kit (SDK). 

[ 00256] In one or more optional implementations, also provided in the embodiments of 

the disclosure is another method for processing a laser radar based sparse depth map, 

method for training a neural network, method for intelligently controlling a vehicle, 

method for obstacle-avoiding navigation as well as corresponding apparatuses, an 

electronic device, a computer storage medium, a computer program and a computer 

program product. The methods include that: a first device sends, to a second device, an 

instruction for processing a laser radar based sparse depth map, or a neural network training 

instruction, or an instruction for intelligent control of a vehicle, or an instruction for 

obstacle-avoiding navigation. The instruction enables the second device to execute the 

method for processing a laser radar based sparse depth map, or the method for training a 

neural network, or the method for intelligently controlling a vehicle, or the method for 

obstacle-avoiding navigation in any abovementioned possible embodiment;. The first 

device receives, from the second device, a processing result of the laser radar based sparse 
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depth map, or a neural network training result, or a vehicle intelligent control result, or an 

obstacle-avoiding navigation result. 

[ 00257] In some embodiments, the instruction of processing the laser radar based sparse 

depth map, or the instruction for training a neural network, or the instruction for 

intelligently controlling a vehicle, or the instruction for obstacle-avoiding navigation may 

include a calling instruction. The first device may instruct, by calling, the second device to 

execute an operation of processing a laser radar based sparse depth map, or a neural 

network training operation, or a vehicle intelligent control operation, or an obstacle-

avoiding navigation operation. The second device, responsive to receiving the calling 

instruction, may execute the operations and/or flows in any embodiment of the method for 

processing a laser radar based sparse depth map, or the method for training a neural 

network, or the method for intelligently controlling a vehicle, or a method for obstacle-

avoiding navigation. 

[ 00258] The embodiments in the specification are described progressively. Each 

embodiment attaches importance to describing differences with other embodiments. 

Various embodiments may refer to one another for same or similar portion. The description 

of system embodiments is relatively simple because they substantially correspond to the 

method embodiments, and the related parts may refer to the description of the method 

embodiments. 

[ 00259] The method, apparatus, electronic device and computer-readable storage 

medium in the embodiments of the disclosure may be implemented in various manners. 

For example, the method, apparatus, electronic device and computer-readable storage 

medium in the embodiments of the disclosure may be implemented through software, 

hardware, firmware or any combination thereof. The sequence of the operations of the 

method is only for description, and the operations of the method in the embodiments of the 

disclosure are not limited to the sequence described above, unless otherwise specified. In 

addition, In some implementations, the embodiments of the disclosure may also be 

implemented as a program recorded in a recording medium, and the program includes 

machine-readable instructions configured to implement the method according to the 

embodiments of the disclosure. Therefore, the embodiments of the disclosure further cover 
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the recording medium storing the program configured to execute the method according to 

the embodiments of the disclosure. 

[ 00260] The description of the embodiments of the disclosure are made for an exemplary 

and descriptive purpose, and are not exhaustive or intended to limit the embodiments of 

the disclosure to the disclosed form. Many modifications and variations are apparent to 

those of ordinary skill in the art. The implementations are selected and described to better 

describe the principle and practical application of the embodiments of the disclosure, and 

to enable those of ordinary skill in the art to understand the embodiments of the disclosure 

so as to further design various implementations suitable for specific purposes and with 

various modifications. 
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CLAIMS 

 

1. A method for processing a laser radar based sparse depth map, comprising: 

inputting, into a neural network, the laser radar based sparse depth map; and 

acquiring, by the neural network, at least two feature maps, each of a respective different 

scale, for the laser radar based sparse depth map, performing valid point feature fusion for each 

of the at least two feature maps of the different scales, and processing the at least two feature 

maps having subjected to the valid point feature fusion, to obtain a processed depth map, 

wherein a number of valid points in the processed depth map is greater than a number of valid 

points in the laser radar based sparse depth map. 

 

2. The method of claim 1, wherein:  

inputting, into the neural network, the laser radar based sparse depth map comprises: 

inputting, into the neural network, the laser radar based sparse depth map and a mask for the 

laser radar based sparse depth map, wherein the mask for the laser radar based sparse depth 

map is configured to indicate the valid points in the laser radar based sparse depth map; 

the method further comprises: determining, according to the mask for the laser radar 

based sparse depth map, a mask for each of the at least two feature maps of the different scales; 

and 

performing valid point feature fusion for each of the at least two feature maps of the 

different scales comprises: performing, according to the masks for the at least two feature maps 

of the different scales, valid point feature fusion for each of the at least two feature maps of the 

different scales. 

 

3. The method of claim 2, wherein acquiring, by the neural network, the at least two feature 

maps of the different scales for the laser radar based sparse depth map comprises: 
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performing, by the neural network, sparse convolution on the laser radar based sparse 

depth map, to obtain a feature map for the laser radar based sparse depth map; and 

performing scale conversion on the feature map for the laser radar based sparse depth 

map to obtain the at least two feature maps of the different scales, wherein the at least two 

feature maps of the different scales comprise: the feature map having not subjected to the scale 

conversion, and at least one feature map having subjected to the scale conversion. 

 

4. The method of claim 2 or 3, wherein determining, according to the mask for the laser radar 

based sparse depth map, the masks for the at least two feature maps of the different scales 

comprises: 

performing, by the neural network, sparse convolution on the mask for the laser radar 

based sparse depth map, to obtain a mask for a feature map for the laser radar based sparse 

depth map, and performing scale conversion on the mask for the feature map, to obtain a mask 

for each of the at least two feature maps. 

 

5. The method of any one of claims 1 to 4, wherein performing valid point feature fusion for 

each of the at least two feature maps of the different scales comprises: 

performing, by the neural network, at least one level of valid point feature fusion, 

wherein 

during the at least one level of valid point feature fusion, the neural network performs 

valid point feature fusion for each of a plurality of paths of feature maps of respective different 

scales; and 

when the neural network performs a plurality of levels of valid point feature fusion, an 

output from a level of valid point feature fusion serves as an input for another level of valid 

point feature fusion immediately following the level of valid point feature fusion. 
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6. The method of claim 5, wherein the neural network performs scale conversion on a feature 

map output by the level of feature fusion, and the feature map having subjected to the scale 

conversion is provided for the another level of valid point feature fusion. 

 

7. The method of claim 5 or 6, wherein when a number of paths of outputs from the level of 

valid point feature fusion is smaller than a number of paths of inputs for the another level of 

valid point feature fusion, one of the paths of outputs from the level of valid point feature fusion 

and a feature map in the path of output after subjecting to scale conversion both serve as inputs 

for the another level of valid point feature fusion.  

 

8. The method of any one of claims 5 to 7, wherein performing valid point feature fusion for 

each of the at least two feature maps of the different scales further comprises: 

performing valid point feature fusion for at least two feature maps having subjected to 

valid point feature fusion, to form one feature map, wherein the formed feature map serves as 

an input for an immediately following level of valid point feature fusion; or 

processing, by the neural network, the formed feature map, for output. 

 

9. The method of any one of claims 5 to 8, further comprising: 

providing, to the neural network, an image having a same angle of view and a same size 

as the laser radar based sparse depth map, wherein the image comprises an image photographed 

by a photographic device; and 

acquiring, by the neural network, at least one feature map of a scale for the image, 

wherein the at least one feature map of the scale for the image serves as an input for 

corresponding valid point feature fusion, 

wherein the at least one feature map for the image is to be fused with a feature map for 

the laser radar based sparse depth map. 
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10. The method of any one of claims 5 to 9, wherein when the valid point feature fusion 

comprises N paths of inputs and outputs, valid point feature fusion executed on an Mth path of 

input by the neural network comprises:  

downsampling a feature map and mask in an Nth path of input, 

performing sparse merging and convolution on the downsampled feature map and mask, 

and a feature map and mask in the Mth path of input, and 

performing sparse convolution on the feature map and mask having subjected to the 

sparse merging and convolution, to form a feature map and mask having subjected to valid point 

feature fusion for an Mth path of output, 

wherein a scale of the feature map in the Nth path of input is greater than a scale of the 

feature map in the Mth path of input, M is an integer greater than 0, and N is an integer greater 

than M. 

 

11. The method of claim 10, wherein the valid point feature fusion executed on the Nth path of 

input by the neural network comprises:  

performing sparse convolution on the feature map and mask in the Nth path of input; 

performing convolution on the feature map and mask having subjected to valid point 

feature fusion in at least the Mth path of output, and performing sparse upsampling on the feature 

map and mask having subjected to the convolution; and 

performing sparse addition on the feature map and mask having subjected to the sparse 

convolution in the Nth path, and the feature map and mask having subjected to the sparse 

upsampling in at least the Mth path, to form a feature map and mask having subjected to valid 

point feature fusion for an Nth path of output.  
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12. The method of any one of claims 8 to 11, wherein processing, by the neural network, the 

formed feature map, for output comprises: 

performing sparse addition on feature maps and masks having subjected to valid point 

feature fusion output by a final level of valid point feature fusion; and 

performing convolution on a result of the sparse addition, to form a processed depth 

map.  

 

13. The method of claim 9, wherein when the valid point feature fusion includes N paths of 

inputs and outputs, valid point feature fusion executed on an Nth path of input by the neural 

network comprises:  

performing sparse merging and convolution on a feature map and mask in the Nth path 

of input and the feature map of the image; 

performing convolution on a feature map and mask having subjected to valid point 

feature fusion in at least an Mth path of output, and performing sparse upsampling on the feature 

map and mask having subjected to the convolution; and 

performing sparse addition on the feature map and mask having subjected to the sparse 

merging and convolution in the Nth path, and the feature map and mask having subjected to the 

sparse upsampling in at least the Mth path, to form a feature map and mask having subjected to 

valid point feature fusion for an Nth path of output, where M is an integer greater than 0, and N 

is an integer greater than M.  

 

14. The method of claim 13, wherein processing, by the neural network, the formed feature map, 

for output comprises: 

performing sparse addition on feature maps and masks having subjected to valid point 

feature fusion output by a final level of valid point feature fusion; 

performing sparse merging and convolution on a result of the sparse addition and the 
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feature map of the image; and 

performing convolution on a result of the sparse merging and convolution, to form a 

processed depth map. 

 

15. The method of any one of claims 9 to 14, wherein the sparse merging and convolution 

comprises: 

merging a first feature map and a second feature map in a channel dimension, 

performing convolution on the merged feature map, and performing element-wise 

multiplication on the feature map having subjected to the convolution and a reciprocal of a 

weight matrix to form a feature map having subjected to the sparse merging and convolution; 

and 

acquiring a first product of a mask for the first feature map and a number of channels of 

the first feature map, acquiring a second product of a mask for the second feature map and a 

number of channels of the second feature map, performing convolution on a sum of the first 

and second products, forming the weight matrix according to a result of the convolution, and 

binarizing the weight matrix to form a mask for the feature map having subjected to sparse 

merging and convolution. 

 

16. The method of any one of claims 10 to 15, wherein the sparse addition comprises: 

performing element-wise multiplication on a first feature map and a mask for the first 

feature map, performing element-wise multiplication on a second feature map and a mask for 

the second feature map, adding two results of the multiplication, and performing element-wise 

multiplication on a result of the addition and a reciprocal of a weight matrix to form a feature 

map having subjected to sparse addition; and 

performing OR operation on the mask for the first feature map and the mask for the 

second feature map, to form a mask for the feature map having subjected to the sparse addition. 
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17. The method of any one of claims 10 to 16, wherein the sparse upsampling comprises: 

performing element-wise multiplication on a feature map and a mask for the feature 

map, and upsampling a result of the multiplication; 

upsampling the mask for the feature map, and forming a weight matrix based on the 

upsampled mask; 

performing element-wise multiplication on the upsampled feature map and a reciprocal 

of the weight matrix, to form a feature map having subjected to sparse addition; and 

binarizing the weight matrix to form a mask for the feature map having subjected to the 

sparse addition. 

 

18. The method of any one of claims 1 to 17, wherein the neural network is obtained by training 

based on a laser radar based sparse depth map sample and labelled depth values of a filled depth 

map sample for the laser radar based sparse depth map sample. 

 

19. A method for intelligently controlling a vehicle, comprising: 

obtaining a processed depth map by using the method for processing a laser radar based 

sparse depth map of any one of claims 1 to 18; and 

generating, according to the processed depth map, an instruction or early warning 

prompt information for controlling a vehicle where a laser radar is located. 

 

20. A method for obstacle-avoiding navigation, comprising: 

obtaining a processed depth map by using the method for processing a laser radar based 

sparse depth map of any one of claims 1 to 18; and 
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generating, according to the processed depth map, an instruction or early warning 

prompt information for performing obstacle-avoiding navigation control for a robot where a 

laser radar is located. 

 

21. A method for training a neural network, comprising: 

inputting a laser radar based sparse depth map sample into a neural network to be trained; 

acquiring, by the neural network to be trained, at least two feature maps, each of a 

respective different scale, for the laser radar based sparse depth map sample, performing valid 

point feature fusion for each of the at least two feature maps of the different scales, and forming 

a processed depth map according to a result of the valid point feature fusion, wherein a number 

of valid points in the processed depth map is greater than a number of valid points in the laser 

radar based sparse depth map sample; and 

with the processed depth map and labelled depth values of a filled depth map sample 

for the laser radar based sparse depth map sample as guide information, performing supervised 

learning of the neural network to be trained. 

 

22. An apparatus for processing a laser radar based sparse depth map, comprising: 

a depth map input module, configured to input, into a neural network, the laser radar 

based sparse depth map; and 

a neural network, configured to acquire at least two feature maps, each of a respective 

different scale, for the laser radar based sparse depth map, perform valid point feature fusion 

for each of the at least two feature maps of the different scales, and process the at least two 

feature maps having subjected to the valid point feature fusion, to obtain a processed depth map, 

wherein a number of valid points in the processed depth map is greater than a number of valid 

points in the laser radar based sparse depth map. 
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23. The apparatus of claim 22, wherein 

the depth map input module is configured to: input, into the neural network, the laser 

radar based sparse depth map and a mask for the laser radar based sparse depth map, wherein 

the mask for the laser radar based sparse depth map is configured to indicate the valid points in 

the laser radar based sparse depth map; 

the neural network is further configured to determine, according to the mask for the 

laser radar based sparse depth map, a mask for each of the at least two feature maps of the 

different scales; and 

in performing valid point feature fusion for each of the at least two feature maps of the 

different scales, the neural network is configured to perform, according to the masks for the at 

least two feature maps of the different scales, valid point feature fusion for each of the at least 

two feature maps of the different scales. 

 

24. The apparatus of claim 23, wherein the neural network comprises: 

an input processing unit, configured to perform sparse convolution on the laser radar 

based sparse depth map, to obtain a feature map for the laser radar based sparse depth map, and 

perform scale conversion on the feature map for the laser radar based sparse depth map to obtain 

the at least two feature maps of the different scales,  

wherein the at least two feature maps of the different scales comprise: the feature map 

having not subjected to the scale conversion, and at least one feature map having subjected to 

the scale conversion. 

 

25. The apparatus of claim 24, wherein the input processing module is further configured to: 

perform sparse convolution on the mask for the laser radar based sparse depth map, to 

obtain a mask for a feature map for the laser radar based sparse depth map, and  

perform scale conversion on the mask for the feature map, to obtain a mask for each of 
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the at least two feature maps. 

 

26. The apparatus of any one of claims 22 to 25, wherein the neural network comprises at least 

one fusion module, a fusion module of the at least one fusion module comprises a plurality 

paths of inputs and outputs and is configured to perform valid point feature fusion for each of 

the at least two feature maps of the different scales; and 

when the neural network comprises a plurality of fusion modules, an output from a level 

of fusion module serves as an input for another level of fusion module immediately following 

the level of fusion module. 

 

27. The apparatus of claim 26, wherein the neural network further comprises at least one first 

conversion module, and each of the at least one first conversion module is provided 

immediately after a respective one of the at least one fusion module, and 

wherein the first conversion module is configured to perform scale conversion on a 

feature map in at least one path of output from the level of fusion module, and the feature map 

having subjected to the scale conversion is provided for the another level of fusion module. 

 

28. The apparatus of claim 26 or 27, wherein when a number of paths of outputs from the level 

of fusion module is smaller than a number of paths of inputs for the another level of fusion 

module, one of the paths of outputs from the level of fusion module and a feature map in the 

path of output after subjecting to the scale conversion both serve as inputs for the another level 

of fusion module. 

 

29. The apparatus of any one of claims 26 to 28, wherein the neural network further comprises 

at least one second conversion module, and each of the at least one second conversion module 

is provided immediately after a respective one of the at least one fusion module, and 
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wherein the second conversion module is configured to perform valid point feature 

fusion on feature maps in at least two paths of outputs of the fusion module, to form one feature 

map, wherein the formed feature map serves as an input for an immediately following level of 

fusion module or as an input for an output processing unit of the neural network. 

 

30. The apparatus of any one of claims 26 to 29, wherein: 

the depth map input module is further configured to provide, to the neural network, an 

image having a same angle of view and a same size as the laser radar based sparse depth map, 

wherein the image comprises an image photographed by a photographic device; and 

the input processing module is further configured to acquire at least one feature map of 

a scale for the image, wherein the at least one feature map of the scale for the image serves as 

an input for a fusion module, 

wherein the at least one feature map for the image is to be fused with a feature map for 

the laser radar based sparse depth map. 

 

31. The apparatus of any one of claims 26 to 30, wherein the fusion module comprises N paths 

of inputs and outputs, and in performing valid point feature fusion on an M th path of input, the 

fusion module is configured to:  

downsampling a feature map and mask in an Nth path of input; 

perform sparse merging and convolution on the downsampled feature map and mask, 

and a feature map and mask in an Mth path of input; and 

perform sparse convolution on the feature map and mask having subjected to the sparse 

merging and convolution, to form a feature map and mask having subjected to valid point 

feature fusion for an Mth path of output, 

wherein a scale of the feature map in the Nth path of input is greater than a scale of the 

feature map in the Mth path of input, M is an integer greater than 0, and N is an integer greater 
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than M. 

 

32. The apparatus of claim 31, wherein in performing valid point feature fusion on the Nth path 

of input, the fusion module is configured to:  

perform sparse convolution on the feature map and mask in the Nth path of input; 

perform convolution on the feature map and mask having subjected to valid point 

feature fusion in the Mth path of output, and perform sparse upsampling on the feature map and 

mask having subjected to the convolution; and 

perform sparse addition on the feature map and mask having subjected to sparse 

convolution in the Nth path, and the feature map and mask having subjected to the sparse 

upsampling in at least the Mth path, to form a feature map and mask having subjected to valid 

point feature fusion for Nth path of output.  

 

33. The apparatus of any one of claims 29 to 32, wherein the output processing module 

comprises a first output processing unit, configured to: 

perform sparse addition on feature maps and masks having subjected to valid point 

feature fusion output by a final level of valid point feature fusion; and 

perform convolution on a result of the sparse addition, to form a processed depth map.  

 

34. The apparatus of claim 30, wherein the fusion module comprises N paths of inputs and 

outputs, and in performing valid point feature fusion on an Nth path of input, the fusion module 

is configured to:  

perform sparse merging and convolution on a feature map and mask in the Nth path of 

input and the feature map of the image; 
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perform convolution on a feature map and mask having subjected to valid point feature 

fusion in at least an Mth path of output, and perform sparse upsampling on the feature map and 

mask having subjected to the convolution; and 

perform sparse addition on the feature map and mask having subjected to the sparse 

merging and convolution in the Nth path, and the feature map and mask having subjected to the 

sparse upsampling in at least the Mth path, to form a feature map and mask having subjected to 

valid point feature fusion for an Nth path of output, where M is an integer greater than 0, and N 

is an integer greater than M.  

 

35. The apparatus of claim 34, wherein the output processing unit comprises a second output 

processing unit, configured to: 

perform sparse addition on feature maps and masks having subjected to valid point 

feature fusion output by a final level of valid point feature fusion; 

perform sparse merging and convolution on a result of the sparse addition and the 

feature map of the image; and 

perform convolution on a result of the sparse merging and convolution, to form a 

processed depth map. 

 

36. The apparatus of any one of claims 30 to 35, wherein the sparse merging and convolution 

comprises: 

merging a first feature map and a second feature map in a channel dimension, 

performing convolution on the merged feature map, and performing element-wise 

multiplication on the feature map having subjected to the convolution and a reciprocal of a 

weight matrix to form a feature map having subjected to sparse merging and convolution; and 

acquiring a first product of a mask for the first feature map and a number of channels of 

the first feature map, acquiring a second product a mask for the second feature map and a 
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number of channels of the second feature map, performing convolution on a sum of the first 

and second products, forming the weight matrix according to a result of the convolution, and 

binarizing the weight matrix to form a mask for the feature map having subjected to the sparse 

merging and convolution. 

 

37. The apparatus of any one of claims 31 to 36, wherein the sparse addition comprises: 

performing element-wise multiplication on a first feature map and a mask for the first 

feature map, performing element-wise multiplication on a second feature map and a mask for 

the second feature map, adding two results of the multiplication, and performing element-wise 

multiplication on a result of the addition and a reciprocal of a weight matrix to form a feature 

map having subjected to sparse addition; and 

performing OR operation on the mask for the first feature map and the mask for the 

second feature map, to form a mask for the feature map having subjected to sparse addition. 

 

38. The apparatus of any one of claims 31 to 37, wherein the sparse upsampling comprises: 

performing element-wise multiplication on a feature map and a mask for the feature 

map, and upsampling a result of the multiplication; 

upsampling the mask for the feature map, and forming a weight matrix based on the 

upsampled mask; 

performing element-wise multiplication on the upsampled feature map and a reciprocal 

of the weight matrix, to form a feature map having subjected to sparse addition; and 

binarizing the weight matrix to form a mask for the feature map having subjected to 

sparse addition. 

 

39. The apparatus of any one of claims 22 to 38, wherein the neural network is obtained by 
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training based on a laser radar based sparse depth map sample and labelled depth values of a 

filled depth map sample for the laser radar based sparse depth map sample. 

 

40. An apparatus for intelligently controlling a vehicle, comprising: 

a depth map input module, configured to input, into a neural network, a laser radar based 

sparse depth map; 

the neural network, configured to acquire at least two feature maps, each of a respective 

different scale, for the laser radar based sparse depth map, perform valid point feature fusion 

for each of the at least two feature maps of the different scales, and obtain a processed depth 

map according to a result of the valid point feature fusion, wherein a number of valid points in 

the processed depth map is greater than a number of valid points in the laser radar based sparse 

depth map; and 

a control module, configured to generate, according to the processed depth map, an 

instruction or early warning prompt information for controlling a vehicle where the laser radar 

is located. 

 

41. An apparatus for obstacle-avoiding navigation, comprising: 

a depth map input module, configured to input, into a neural network, a laser radar based 

sparse depth map; 

the neural network, configured to acquire at least two feature maps, each of a respective 

different scale, for the laser radar based sparse depth map, perform valid point feature fusion 

for each of the at least two feature maps of the different scales, and obtain a processed depth 

map according to a result of the valid point feature fusion, wherein a number of valid points in 

the processed depth map is greater than a number of valid points in the laser radar based sparse 

depth map; and 

an obstacle-avoiding navigation module, configured to generate, according to the 
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processed depth map, an instruction or early warning prompt information for performing 

obstacle-avoiding navigation control for a robot where the laser radar is located. 

 

42. An apparatus for training a neural network, comprising: 

an depth map sample input module, configured to input a laser radar based sparse depth 

map sample into a neural network to be trained; 

the neural network to be trained, configured to: acquire at least two feature maps, each 

of a respective different scale, for the laser radar based sparse depth map sample, perform valid 

point feature fusion for each of the at least two feature maps of the different scales, and form a 

processed depth map according to a result of the valid point feature fusion, wherein a number 

of valid points in the processed depth map is greater than a number of valid points in the laser 

radar based sparse depth map sample; and 

a supervision module, configured to: with the processed depth map and labelled depth 

values of a filled depth map sample for the laser radar based sparse depth map sample as guide 

information, perform supervised learning of the neural network to be trained. 

 

43. An electronic device, comprising: 

a memory, configured to store a computer program; and 

a processor, configured to execute the computer program stored in the memory, wherein 

the computer program, when being executed, implements the method of any one of claims 1 to 

21. 

 

44. A computer-readable storage medium with a computer program stored thereon, wherein the 

computer program, when being executed by a processor, implements the method of any one of 

claims 1-21. 
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45. A computer program, comprising computer instructions which, when running in a processor 

of a device, cause the processor to implement the method of any one of claims 1-21. 

 


