
   
 

                                                          －1－ 

THREE-DIMENSIONAL POINT CLOUD PROCESSING MODEL 

TRAINING METHOD AND SEMANTIC SEGMENTATION MODEL 

TRAINING METHOD, AND RELATED DEVICE 

 

CROSS-REFERENCE TO RELATED APPLICATIONS 

[0001] The present application is based on the application with a 

CN application number of 202310518670.1 and the filing date of May 

09, 2023, and claims its priority. The disclosure of this CN 

application as a whole is incorporated into the present application 

herein by reference. 

 

TECHNICAL FIELD 

[0002] The present disclosure relates to the technical field of 

three-dimensional point cloud, in particular to a three-

dimensional point cloud processing model training method and 

semantic segmentation model training method, and related device. 

 

BACKGROUND  

[0003] A three-dimensional point cloud refers to the spatial 

three-dimensional point information obtained by scanning devices 

such as LiDAR and depth cameras, which generally includes spatial 

three-dimensional position information, color information and 

intensity information. Semantic segmentation of three-dimensional 

point cloud refers to assigning a specific semantic label to each 

point in the point cloud, which is a key step in scene 
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understanding and has been widely used in many fields such as 

robotics, augmented reality and autonomous driving. Therefore, 

three-dimensional point cloud semantic segmentation has always 

been a research hotspot in the field of computer vision. 

[0004] In related technologies, the weak supervised point cloud 

semantic segmentation method based on scene classification 

supervision signals usually adopts the idea of point cloud category 

activation maps to generate pseudo-labels for each point, and this 

approach generates pseudo-labels according to point cloud data. 

 

SUMMARY 

[0005] According to a first aspect of some embodiments of the 

present disclosure, there is provided a training method of a three-

dimensional point cloud processing model, comprising: processing 

three-dimensional point cloud data using a three-dimensional point 

cloud processing model to acquire information of points in the 

three-dimensional point cloud data; acquiring information of 

pixels in two-dimensional image data, wherein the two-dimensional 

image data and the three-dimensional point cloud data cover a same 

area; determining an alignment constraint loss between the three-

dimensional point cloud data and the two-dimensional image data 

using the information of the points and the information of the 

pixels; determining a classification loss of the three-dimensional 

point cloud processing model using classification information of 

the points in the three-dimensional point cloud data predicted by 

the three-dimensional point cloud processing model and pre-labeled 

scene classification information; and training the three-

dimensional point cloud processing model using the alignment 

constraint loss and the classification loss. 

[0006] In some embodiments, the information of the points 

comprises at least one of classification information of the points 
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or feature information of the points; and the information of the 

pixels comprises at least one of classification information of the 

pixels or feature information of the pixels. 

[0007] In some embodiments, the determining the alignment 

constraint loss between the three-dimensional point cloud data and 

the two-dimensional image data using the information of the points 

and the information of the pixels comprises: determining a matching 

degree between the three-dimensional point cloud data and the two-

dimensional image data using the information of the points and the 

information of the pixels; and determining the alignment 

constraint loss according to the matching degree. 

[0008] In some embodiments, the matching degree comprises at least 

one of a matching degree of features between the points and the 

pixels, a matching degree of global features between the three-

dimensional point cloud data and the two-dimensional image data, 

or a matching degree of semantic between the points and the pixels. 

[0009] In some embodiments, the matching degree of features 

between the points and the pixels is determined according to a 

similarity between the points and corresponding pixels. 

[0010] In some embodiments, in a case that the matching degree 

comprises the matching degree of features between the points and 

the pixels, the determining the alignment constraint loss 

according to the matching degree comprises: mapping features of 

the points and features of the pixels to a same dimension to obtain 

a first point cloud feature of each of the points and a first pixel 

feature of each of the pixels respectively; randomly acquiring a 

first number of points and pixels corresponding to the first number 

of points; for each of the first number of points, determining a 

contrastive learning loss between the point and a pixel 

corresponding to the point according to a similarity between the 

first point cloud feature of the point and the first pixel feature 

of the pixel corresponding to the point and a sum of similarities 
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between the first point cloud feature of the point and the first 

pixel features of the pixels; and determining the alignment 

constraint loss according to a sum of contrastive learning losses 

of the first number of points. 

[0011] In some embodiments, for each of the first number of points, 

the contrastive learning loss between the point and the pixel 

corresponding to the point is negatively correlated with the 

similarity between the first point cloud feature of the point and 

the first pixel feature of the pixel corresponding to the point, 

and positively correlated with the sum of the similarities between 

the first point cloud feature of the point and the first pixel 

features of the pixels. 

[0012] In some embodiments, the matching degree of global features 

is determined according to a similarity between any two points in 

the three-dimensional point cloud data and a similarity between 

any two pixels in the two-dimensional image data. 

[0013] In some embodiments, in a case that the matching degree 

comprises the matching degree of global features, the determining 

the alignment constraint loss according to the matching degree 

comprises: mapping features of the points and features of the 

pixels to a same dimension to respectively obtain a second point 

cloud feature of each of the points and a second pixel feature of 

each of the pixels; randomly acquiring a second number of points 

and pixels corresponding to the second number of the points; for 

any two points of the second number of points, determining first 

similarity information between second point cloud features of the 

two points and second similarity information between second pixel 

features of two pixels corresponding to the two points of a second 

number of pixels, and determining a similarity loss corresponding 

to the two points according to a difference between the first 

similarity information and the second similarity information; and 

determining the alignment constraint loss according to a sum of 
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similarity losses of points in the three-dimensional point cloud 

data. 

[0014] In some embodiments, the first similarity information and 

the second similarity information are similarity matrices. 

[0015] In some embodiments, the matching degree of semantic is 

determined according to first classification information of each 

of the points and second classification information of each of the 

pixels. 

[0016] In some embodiments, the second classification information 

is obtained by processing the each of the pixels using a two-

dimensional image processing model, and in a case that the matching 

degree comprises the matching degree of semantic, the determining 

the alignment constraint loss according to the matching degree 

comprises: mapping the three-dimensional point cloud data and the 

two-dimensional image data to a same dimension ; processing the 

mapped three-dimensional point cloud data using the two-

dimensional image processing model to obtain third classification 

information of the each of the points; and determining a semantic 

matching loss using the second classification information and the 

third classification information, and determining the alignment 

constraint loss according to the semantic matching loss. 

[0017] In some embodiments, the alignment constraint loss is 

positively correlated with the second classification information 

and negatively correlated with the third classification 

information. 

[0018] In some embodiments, the acquiring the information of the 

two-dimensional image data comprises: processing the two-

dimensional image data using a two-dimensional image processing 

model to acquire the information of the two-dimensional image data. 

[0019] In some embodiments, the determining the classification 

loss of the three-dimensional point cloud processing model using 

the classification information of the points in the three-
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dimensional point cloud data predicted by the three-dimensional 

point cloud processing model and the pre-labeled scene 

classification information comprises: determining a first 

classification loss according to the classification information of 

the points in the three-dimensional point cloud data predicted by 

the three-dimensional point cloud processing model and the pre-

labeled scene classification information; determining a second 

classification loss according to the classification information of 

the pixels in the two-dimensional image data predicted by the two-

dimensional image processing model and the scene classification 

information; and determining the classification loss of the three-

dimensional point cloud processing model according to the first 

classification loss and the second classification loss. 

[0020] In some embodiments, the first classification loss is 

determined according to a pooling processing result of the 

classification information of the three-dimensional point cloud 

data predicted by the three-dimensional point cloud processing 

model and the scene classification information; and the second 

classification loss is determined according to the classification 

information of the pixels in the two-dimensional image data 

predicted by the two-dimensional image processing model and the 

scene classification information. 

[0021] In some embodiments, the three-dimensional point cloud 

processing model is trained using a weighted result of the 

alignment constraint loss and the classification loss. 

[0022] In some embodiments, the three-dimensional point cloud 

processing model is implemented using a three-dimensional residual 

network. 

[0023] In some embodiments, the two-dimensional image processing 

model is implemented using a two-dimensional residual network. 

[0024] According to a second aspect of some embodiments of the 

present disclosure, there is provided a training method of a 
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semantic segmentation model, comprising: predicting classification 

information in three-dimensional point cloud data to be processed 

using a three-dimensional point cloud processing model, wherein 

the three-dimensional point cloud processing model is trained 

using any of the foregoing training methods of the three-

dimensional point cloud processing model; generating pseudo labels 

of points in the three-dimensional point cloud data to be processed 

according to the classification information; and training a 

semantic segmentation model of three-dimensional point cloud using 

the pseudo labels. 

[0025] According to a third aspect of some embodiments of the 

present disclosure, there is provided a training device of a three-

dimensional point cloud processing model, comprising: a first 

information acquisition module configured for processing three-

dimensional point cloud data using a three-dimensional point cloud 

processing model to acquire information of points in the three-

dimensional point cloud data; a second information acquisition 

module configured for acquiring information of pixels in two-

dimensional image data, wherein the two-dimensional image data and 

the three-dimensional point cloud data cover a same area; an 

alignment constraint loss determination module configured for 

determining an alignment constraint loss between the three-

dimensional point cloud data and the two-dimensional image data 

using the information of the points and the information of the 

pixels; a classification loss determination module configured for 

determining a classification loss of the three-dimensional point 

cloud processing model using classification information of the 

points in the three-dimensional point cloud data predicted by the 

three-dimensional point cloud processing model and pre-labeled 

scene classification information; and a three-dimensional point 

cloud processing model training module configured for training the 

three-dimensional point cloud processing model using the alignment 
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constraint loss and the classification loss. 

[0026] According to a fourth aspect of some embodiments of the 

present disclosure, there is provided a training device of a three-

dimensional point cloud processing model, comprising a memory; and 

a processor coupled to the memory, the processor being configured 

to perform any one of the foregoing training methods of the three-

dimensional point cloud processing model based on instructions 

stored in the memory. 

[0027] According to a fifth aspect of some embodiments of the 

present disclosure, there is provided a training system of a 

semantic segmentation model, comprising: any of the foregoing 

training devices of a three-dimensional point cloud processing 

model; a prediction module configured for predicting 

classification information in three-dimensional point cloud data 

to be processed using the three-dimensional point cloud processing 

model; a generation module configured for generating pseudo labels 

of points in the three-dimensional point cloud data to be processed 

according to the classification information; and a semantic 

segmentation model training module configured for training a 

semantic segmentation model of three-dimensional point cloud using 

the pseudo labels. 

[0028] According to a sixth aspect of some embodiments of the 

present disclosure, there is provided a computer-readable storage 

medium having stored thereon a computer program, which, when 

executed by a processor, implements any of the foregoing training 

methods of a three-dimensional point cloud processing model. 

[0029] According to a sixth aspect of some embodiments of the 

present disclosure, there is provided a computer program, 

comprising: instructions which, when executed by a processor, 

cause the processor to perform any of the foregoing training 

methods of a three-dimensional point cloud processing model. 

[0030] Other features and advantages of the present disclosure 
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will become clear from the following detailed description of 

exemplary embodiments of the present disclosure with reference to 

the accompanying drawings. 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0031] In order to more clearly illustrate the embodiments or 

technical solutions in existing technologies of the present 

disclosure, a brief introduction will be given below for the 

drawings required to be used in the description of the embodiments 

or technical solutions in existing technologies. It is obvious 

that, the drawings illustrated as follows are merely some of the 

embodiments of the present disclosure. For an ordinary skilled in 

the art, other drawings can also be acquired according to such 

drawings without paying inventive efforts. 

[0032] FIG. 1 shows a flow schematic diagram of a training method 

of a processing model according to some embodiments of the present 

disclosure. 

[0033] FIG. 2 shows a flow schematic diagram of an alignment 

constraint loss determination method according to some embodiments 

of the present disclosure. 

[0034] FIG. 3 shows a flow schematic diagram of an alignment 

constraint loss determination method according to other 

embodiments of the present disclosure. 

[0035] FIG. 4 shows a flow schematic diagram of an alignment 

constraint loss determination method according to still other 

embodiments of the present disclosure. 

[0036] FIG. 5 shows a flow schematic diagram of a classification 

loss determination method according to some embodiments of the 

present disclosure. 

[0037] FIG. 6 shows a flow schematic diagram of a training method 

of a semantic segmentation model of a three-dimensional point cloud 
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according to some embodiments of the present disclosure. 

[0038] FIG. 7 shows a structural schematic diagram of a training 

device of a three-dimensional point cloud processing model 

according to some embodiments of the present disclosure. 

[0039] FIG. 8 shows a schematic structural diagram of a training 

system of a semantic segmentation model according to some 

embodiments of the present disclosure. 

[0040] FIG. 9 shows a structural schematic diagram of a training 

device of a three-dimensional point cloud processing model 

according to other embodiments of the present disclosure. 

[0041] FIG. 10 shows a structural schematic diagram of a training 

device of a three-dimensional point cloud processing model 

according to still other embodiments of the present disclosure. 

 

DETAILED DESCRIPTION 

[0042] The technical solutions in the embodiments of the present 

disclosure will be clearly and completely described below with 

reference to the accompanying drawings in the embodiments of the 

present disclosure. Obviously, the described embodiments are only 

a part of the embodiments of the present disclosure instead of all 

of them. The following descriptions on at least one illustrative 

embodiment are actually illustrative, but shall not set any 

limitation on the present disclosure and its application or 

utilization. Based on the embodiments in the present disclosure, 

all other embodiments obtained by those ordinary skilled in the 

art without making creative work shall fall within the scope of 

protection of the present disclosure. 

[0043] Unless otherwise illustrated, respective arrangements, 

mathematic expressions and values of the components and steps 

illustrated in these embodiments do not limit the scope of the 

present disclosure. 
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[0044] Meanwhile, it shall be understood that for ease of 

description, dimensions of respective parts shown in the drawings 

are not drawn according to actual proportional relationships. 

[0045] Techniques, methods and devices that have already been 

known to ordinary skilled in the related art may not be discussed 

here in details, but under suitable circumstances, the techniques, 

methods and devices shall be deemed as parts of the description. 

[0046] In all examples shown and discussed herein, any specific 

values should be interpreted as illustrative only and not as a 

limitation. Therefore, other examples of exemplary embodiments may 

have different values. 

[0047] It should be noted that similar numbers and letters 

indicate similar items in the following drawings, so once an item 

is defined in one drawing, it does not need to be further discussed 

in subsequent drawings. 

[0048] After analysis, it is found that the way of generating 

pseudo-labels based on point cloud category activation maps only 

considers the modality of point cloud data, and the inaccuracy of 

the generated pseudo-labels would make the semantic segmentation 

result of the three-dimensional point cloud inaccurate. 

[0049] A technical problem to be solved by the embodiment of the 

present disclosure is how to improve the labeling accuracy of 

three-dimensional point cloud data. 

[0050] FIG. 1 shows a flow schematic diagram of a training method 

of a processing model according to some embodiments of the present 

disclosure. As shown in FIG. 1, the training method of the 

processing model of this embodiment includes steps S102~S110. 

[0051] In step S102, three-dimensional point cloud data is 

processed using a three-dimensional point cloud processing model 

to acquire information of points in the three-dimensional point 

cloud data. 

[0052] The three-dimensional point cloud data includes data of 
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several points, and the data of each point can include position 

information and color information. In some embodiments, the three-

dimensional point cloud data is represented by 𝐏 ∈ ℝ𝑵×𝟔, where N 
represents the number of points and 6 represents six dimensions 

(three-dimensional color information and three-dimensional 

position information). 

[0053] The three-dimensional point cloud processing model is used 

to classify each point in the three-dimensional point cloud data. 

For example, a probability that each point belongs to each category 

can be output, and then one or more categories to which the point 

belongs can be determined according to a probability threshold. 

[0054] The three-dimensional point cloud processing model may also 

output features of each point. For example, an intermediate 

calculation result of the three-dimensional point cloud processing 

model can be output, and the output represents the features of 

points. 

[0055] In some embodiments, the information of the points in the 

three-dimensional point cloud data includes at least one of 

classification information of the points or feature information of 

the points in the three-dimensional point cloud data. 

[0056] In some embodiments, the three-dimensional point cloud 

processing model is implemented using a three-dimensional residual 

network. The three-dimensional point cloud processing model can 

simultaneously output a point-wise feature map 𝑭𝟑𝒅 ∈ ℝ𝑵×𝑳 and a 

classification prediction probability 𝑴𝟑𝒅 ∈ ℝ𝑵×𝑪  of the three-

dimensional point cloud data, where N represents the number of 

points, L represents the dimensions of point features of the three-

dimensional point cloud, and C represents the number of categories. 

[0057] In step S104, information of pixels in two-dimensional 

image data is acquired, wherein the two-dimensional image data and 

the three-dimensional point cloud data cover a same area. 
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[0058] The two-dimensional image data includes data of several 

pixels, and the data of each of the pixels can include color 

information, of course, pixels can also be represented in other 

ways. In some embodiments, the two-dimensional image data is 

represented by 𝐈 ∈ ℝ𝑯×𝑾×𝟑, where H×W represents the length times the 

width of the image, and 3 represents three color channels (e.g., 

red, green and blue channels). 

[0059] Due to the difference of the acquisition devices, in some 

cases, the areas covered by the three-dimensional point cloud data 

and the two-dimensional image data may not be completely 

consistent. However, there is an intersection between the areas 

covered by the two. 

[0060] In some embodiments, the information of the pixels in the 

two-dimensional image comprises at least one of classification 

information of the pixels or feature information of the pixels. 

The information type(s) of the two-dimensional image data can 

correspond to the information type(s) of the three-dimensional 

point cloud data, for example, both are feature information, both 

are classification information or both include feature information 

and classification information. Therefore, the three-dimensional 

point cloud data and the two-dimensional image data can be 

described from the perspective of features or semantics. 

[0061] In some embodiments, the two-dimensional image data is 

processed using a two-dimensional image processing model to obtain 

information of the two-dimensional image data. Therefore, the 

efficiency of information acquisition can be improved. According 

to the needs, the two-dimensional image processing model can also 

be trained together with the three-dimensional point cloud 

processing model, thus improving the accuracy of prediction as a 

whole. 

[0062] In some embodiments, the two-dimensional image processing 
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model is implemented using a two-dimensional residual network. At 

the same time, a pixel-wise feature map 𝑭𝟐𝒅 ∈ ℝ𝑯×𝑾×𝑫  and a 

classification prediction probability 𝑴𝟐𝒅 ∈ ℝ𝑯×𝑾×𝑪  of the two-

dimensional image are output, where H×W represents the length times 

the width of the image, that is, the number of pixels, D represents 

the dimensions of pixel features of the two-dimensional image, and 

C represents the number of categories of semantic segmentation. 

[0063] In step S106, an alignment constraint loss between the 

three-dimensional point cloud data and the two-dimensional image 

data is determined using the information of the points and the 

information of the pixels. 

[0064] Alignment constraint refers to the constraint of aligning 

the three-dimensional point cloud data with the two-dimensional 

image data. In some embodiments, the constraint can be performed 

based on the features of the points and the pixels, and can also 

be performed based on the semantics of the points and the pixels. 

In addition, the constraint can also be performed based on the 

global attributes (such as global features) of the three-

dimensional point cloud and the two-dimensional image. 

[0065] In some embodiments, a matching degree between the three-

dimensional point cloud data and the two-dimensional image data is 

determined using the information of the points and the information 

of the pixels; and the alignment constraint loss is determined 

according to the matching degree. The alignment constraint loss is 

determined based on the matching degree of three-dimensional point 

cloud data and the two-dimensional image data, and training is 

performed, which can make the three-dimensional point cloud 

processing model align the three-dimensional point cloud data with 

the two-dimensional image data, for example, similar points and 

pixels are pulled closer, dissimilar points and pixels are pulled 

farther away, or the two are made to have the same semantics at 



   
 

                                                        －15－ 

corresponding positions as much as possible. 

[0066] In some embodiments, the matching degree between the three-

dimensional point cloud data and the two-dimensional image data 

comprises at least one of: a feature matching degree between the 

points in the three-dimensional point cloud data and the pixels in 

the two-dimensional image data, a matching degree of global 

features between the three-dimensional point cloud data and the 

two-dimensional image data, or a matching degree of semantic 

between the points in the three-dimensional point cloud data and 

the pixels in the two-dimensional image data. The following will 

exemplarily describe an embodiment of the determination method of 

these three constraints. According to the needs, those skilled in 

the art may also use other ways to determine the matching degree. 

[0067] In step S108, a classification loss of the three-

dimensional point cloud processing model is determined using 

classification information of the points in the three-dimensional 

point cloud data predicted by the three-dimensional point cloud 

processing model and pre-labeled scene classification information. 

That is, the greater the difference between the predicted value 

and the labeled value, the greater the classification loss. 

[0068] The scene classification information is information 

describing the classification result of the whole scene. For 

example, if a scene includes a table and a chair, its 

classification information may include information corresponding 

to “tables” and “chairs”. That is to say, in the embodiment of the 

present disclosure, before training the three-dimensional point 

cloud processing model, it is not necessary to label the three-

dimensional point cloud data point by point, but to label it as a 

whole. 

[0069] Since the predicted classification information is point-

wise information, in order to correspond it with the scene 

classification information, the prediction result of the whole 



   
 

                                                          －16－ 

scene can be obtained through pooling processing, and the 

classification loss can be further calculated. Therefore, the 

workload of pre-labeling can be saved, and the training efficiency 

is improved as a whole. 

[0070] In some embodiments, the classification loss is determined 

based on a cross entropy loss function. According to the needs, 

other methods can also be adopted to calculate the classification 

loss, which will not be described here. 

[0071] In step S110, the three-dimensional point cloud processing 

model is trained using the alignment constraint loss and the 

classification loss. 

[0072] In some embodiments, the three-dimensional point cloud 

processing model is trained using a weighted result of the 

alignment constraint loss and the classification loss. In a case 

that the alignment constraint loss includes multiple categories, 

or the classification loss includes multiple categories, each 

category may also correspond to a preset weight. 

[0073] In some embodiments, in a case that the information of two-

dimensional image data is obtained using a two-dimensional image 

processing model, the two-dimensional image processing model can 

also be trained using the classification loss of the two-

dimensional image data. Therefore, the two-dimensional image 

processing model can give more accurate prediction results. 

[0074] In the process of training the three-dimensional point 

cloud processing model, the embodiment of the present disclosure 

refers to the alignment constraint loss between the three-

dimensional point cloud data and the two-dimensional image data, 

thereby introducing the two-dimensional image into the training 

process of the three-dimensional point cloud processing model, 

realizing the cross-modal guidance of the two-dimensional image to 

the three-dimensional point cloud, and improving the accuracy of 

model training. 
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[0075] The following exemplarily describes the manners for 

determining the alignment constraint based on three matching 

degrees respectively. 

[0076] In some embodiments, the feature matching degree between 

the points and the pixels is determined according to the similarity 

between the point and the corresponding pixel. An embodiment of 

the alignment constraint loss determination method is described 

below with reference to FIG. 2. 

[0077] FIG. 2 shows a flow schematic diagram of an alignment 

constraint loss determination method according to some embodiments 

of the present disclosure. As shown in FIG. 2, the alignment 

constraint loss determination method of this embodiment includes 

steps S202 to S208. 

[0078] In step S202, features of the points and features of the 

pixels are mapped to a same dimension to obtain a first point cloud 

feature of each of the points and a first pixel feature of each of 

the pixels respectively. 

[0079] For example, the features of the points and the features 

of the pixels are processed into new E-dimensional data. The 

mapping of points and the mapping of pixels can be realized through 

two fully connected layer networks respectively. 

[0080] In step S204, a first number of points and pixels 

corresponding to the first number of points are acquired randomly. 

[0081] The corresponding points and pixels can be determined in 

advance through means such as feature matching. For example, when 

a table corner is included in a scene, points corresponding to the 

table corner in the three-dimensional point cloud data and pixels 

corresponding to the table corner in the two-dimensional image 

data are the corresponding points and pixels. 

[0082] In step S206, for each of the first number of points, a 

contrastive learning loss between the point and a pixel 

corresponding to the point is determined according to a similarity 
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between the first point cloud feature of the point and the first 

pixel feature of the pixel corresponding to the point and a sum of 

similarities between the first point cloud feature of the point 

and the first pixel features of the pixels. 

[0083] For ease of description, let the corresponding points and 

pixels have the same identifier, that is, the i-th point 

corresponds to the i-th pixel. Then for the i-th point, a 

contrastive learning loss between the i-th point and the i-th pixel 

is determined using a similarity between a first point cloud 

feature of the i-th point and a first pixel feature of the i-th 

pixel, and a sum of similarities between the first point cloud 

feature of the i-th point and first pixel features of the 1st, 2nd 

. . . Nc (representing the first number) pixels. 

[0084] In some embodiments, the contrastive learning loss between 

the point and the pixel corresponding to the point is negatively 

correlated with the similarity between the first point cloud 

feature of the point and the first pixel feature of the pixel 

corresponding to the point, and positively correlated with the sum 

of the similarities between the first point cloud feature of the 

point and the first pixel features of the pixels. 

[0085] In step S208, the alignment constraint loss is determined 

according to a sum of contrastive learning losses of the first 

number of points. The alignment constraint loss is positively 

correlated with the sum of the contrastive learning losses. 

[0086] Let the sum of the contrastive learning losses be “point-

to-pixel contrastive loss”. In some embodiments, the point-to-

pixel contrastive loss 𝓛𝒄 is determined according to Formula (1). 𝓛𝒄 = −∑ 𝐥𝐨𝐠 𝐞𝐱𝐩 (𝑭𝒄𝟑𝒅(𝒊)⋅𝑭𝒄𝟐𝒅(𝒊)/𝛕)∑ 𝐞𝐱𝐩 (𝑭𝒄𝟑𝒅(𝒊)⋅𝑭𝒄𝟐𝒅(𝒌)/𝛕)𝑵𝒄𝒌స𝟏𝑵𝒄𝒊ୀ𝟏                 （1） 

[0087]  

[0088] Among them, 𝑭𝒄𝟑𝒅 is the feature of the point in the three-
dimensional point cloud data after mapping, 𝑭𝒄𝟐𝒅 is the feature of 
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the pixel in the two-dimensional image data after mapping, 𝑵𝒄 is 
the number of points and pixels, τ is a regulation parameter, i 

and k are identifiers of the point and pixel. The purpose of this 

loss function is to increase the feature similarity between the 

point and its corresponding pixel (positive sample), while 

reducing the similarity between the point and its non-

corresponding pixel (negative sample). The regulation parameter 

controls the degree of attention that the loss function pays to 

difficult negative samples (negative samples with higher 

similarity). The larger the regulation parameter, the lower the 

degree of attention; the smaller the regulation parameter, the 

higher the degree of attention. In specific applications, 

appropriate regulation parameters can be selected through 

experiments. 

[0089] Through the above embodiments, the features of the 

corresponding pixels and the features of the points are pulled 

closer, and the non-corresponding features are pulled farther 

away, thereby achieving the purpose of aligning the features of 

the points to the features of the image. 

[0090] In some embodiments, the matching degree of global features 

is determined according to the similarity between any two points 

in the three-dimensional point cloud data and the similarity 

between any two pixels in the two-dimensional image data. An 

embodiment of an alignment constraint loss determination method is 

described below with reference to FIG. 3. 

[0091] FIG. 3 shows a flow schematic diagram of an alignment 

constraint loss determination method according to other 

embodiments of the present disclosure. As shown in FIG. 3, the 

alignment constraint loss determination method of this embodiment 

includes steps S302 to S308. 

[0092] In step S302, features of the points and features of the 
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pixels are mapped to a same dimension to respectively obtain a 

second point cloud feature of each of the points and a second pixel 

feature of each of the pixels. 

[0093] For example, the features of the points and the features 

of the pixels are both processed into new F-dimensional data. Point 

and pixel mapping can be implemented through two fully connected 

layer networks respectively. Step S302 may be step S202, or it may 

be additional processing performed outside of step S202. That is, 

E and F may be equal or unequal, and the fully connected layer 

network used in step S302 may be the same as or different from the 

fully connected layer network used in step S202. 

[0094] In step S304, a second number of points and pixels 

corresponding to the second number of the points are randomly 

acquired. The second number may be the same as or different from 

the first number. 

[0095] In step S306, for any two points of the second number of 

points, first similarity information between second point cloud 

features of the two points and second similarity information 

between second pixel features of two pixels corresponding to the 

two points of a second number of pixels are determined, and a 

similarity loss corresponding to the two points is determined 

according to a difference between the first similarity information 

and the second similarity information. 

[0096] In some embodiments, the first similarity information and 

the second similarity information are similarity matrices. 

Similarity matrix describes the similarity between any two points 

or any two pixels, which can be regarded as a kind of global 

structural information. 

[0097] In step S308, the alignment constraint loss is determined 

according to a sum of similarity losses of points in the three-

dimensional point cloud data. 

[0098] Let the sum of similarity losses be “global structural 
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similarity loss”. In some embodiments, the global structural 

similarity loss 𝓛𝒂 is determined according to Equations (2)-(4). 
[0099] 𝑨𝟑𝒅(𝒊, 𝒋) = 𝑭𝒂𝟑𝒅(𝒊)⋅𝑭𝒂𝟑𝒅(𝒋)ฮ𝑭𝒂𝟑𝒅(𝒊)ฮ𝟐ฮ𝑭𝒂𝟑𝒅(𝒋)ฮ𝟐                   （2） 

[00100] 𝑨𝟐𝒅(𝒊, 𝒋) = 𝑭𝒂𝟐𝒅(𝒊)⋅𝑭𝒂𝟐𝒅(𝒋)ฮ𝑭𝒂𝟐𝒅(𝒊)ฮ𝟐ฮ𝑭𝒂𝟐𝒅(𝒋)ฮ𝟐                   （3） 

[00101] 𝓛𝒂 = 𝟏𝑵𝒂 ∑ ∑ ฮ𝑨𝟑𝒅(𝒊, 𝒋) − 𝑨𝟐𝒅(𝒊, 𝒋)ฮ𝟐𝟐𝑵𝒂𝒋ୀ𝟏𝑵𝒂𝒊ୀ𝟏          （4） 

[00102] Where 𝑭𝒂𝟑𝒅  is the feature of the point in the three-

dimensional point cloud data, 𝑭𝒂𝟐𝒅 is the feature of the pixel in 
the two-dimensional image data, 𝑨𝟑𝒅(𝒊, 𝒋) is the first similarity 

information, 𝑨𝟐𝒅(𝒊, 𝒋) is the second similarity information, 𝑵𝒂 is 
the number of points and pixels, i, j and k are identifiers of the 

points and pixels. 

[00103] Through the above embodiments, the processing model of 

three-dimensional point cloud can learn the global structural 

information of image features, thus realizing the alignment of the 

three-dimensional point cloud and the two-dimensional image at the 

global structural level. 

[00104] In some embodiments, the matching degree of semantic is 
determined according to first classification information of each 

of the points and second classification information of each of the 

pixels. The first classification information of each point can be 

determined by the output of the processing model of three-

dimensional point cloud, and the second classification information 

of each pixel can be determined by the output of the processing 

model of two-dimensional image. An embodiment of the alignment 

constraint loss determination method is described below with 

reference to FIG. 4. 

[00105] FIG. 4 shows a flow schematic diagram of an alignment 

constraint loss determination method according to further 

embodiments of the present disclosure. As shown in FIG. 4, the 
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alignment constraint loss determination method of this embodiment 

includes steps S402 to S406. 

[00106] In step S402, the three-dimensional point cloud data and 
the two-dimensional image data are mapped to a same dimension . 

[00107] In step S404, the mapped three-dimensional point cloud data 
is processed using the two-dimensional image processing model to 

obtain third classification information of the each of the points. 

[00108] In step S406, a semantic matching loss is determined using 
the second classification information and the third classification 

information, and the alignment constraint loss is determined 

according to the semantic matching loss. 

[00109] In some embodiments, the alignment constraint loss is 

positively correlated with the second classification information 

and negatively correlated with the third classification 

information. 

[00110] In some embodiments, the semantic matching loss 𝓛𝒎 is 
determined according to Equation (5). 

[00111] 𝓛𝒎 = − 𝟏𝑵∑ ∑ 𝑴𝟐𝒅(𝒊, 𝒄) 𝐥𝐨𝐠𝑴𝟐𝒅(𝒊,𝒄)𝑴෡𝟑𝒅(𝒊,𝒄)𝑪𝒄ୀ𝟏𝑵𝒊ୀ𝟏              （5）  

[00112] Where N represents the number of points, C represents the 

number of categories, 𝑴𝟐𝒅(𝒊, 𝒄) represents a prediction result of the 
two-dimensional image processing model for pixels in the two-

dimensional image data, 𝑴෡ 𝟑𝒅(𝒊, 𝒄) represents a prediction result of 
the two-dimensional image processing model for points in the mapped 

three-dimensional point cloud data. 

[00113] Through the above embodiments, the three-dimensional point 
cloud processing model can learn the semantic information of image 

features, so as to achieve alignment at the semantic level.  

[00114] When using the two-dimensional image processing model to 
obtain the information of two-dimensional image data, the 

classification loss of the two-dimensional image processing model 

can also be considered when determining the classification loss. 
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An embodiment of a classification loss determination method of the 

present disclosure is described below with reference to FIG. 5. 

[00115] FIG. 5 shows a flow schematic diagram of a classification 
loss determination method according to some embodiments of the 

present disclosure. As shown in FIG. 5, the classification loss 

determination method of this embodiment includes steps S502 to 

S506. 

[00116] In step S502, a first classification loss is determined 
according to the classification information of the points in the 

three-dimensional point cloud data predicted by the three-

dimensional point cloud processing model and the pre-labeled scene 

classification information. 

[00117] In step S504, a second classification loss is determined 
according to the classification information of the pixels in the 

two-dimensional image data predicted by the two-dimensional image 

processing model and the scene classification information. 

[00118] Since the three-dimensional point cloud data and the two-
dimensional image data cover the same area, i.e., they are for the 

same scene, the two can share the pre-labeled scene classification 

information. 

[00119] In step S506, the classification loss of the three-

dimensional point cloud processing model is determined according 

to the first classification loss and the second classification 

loss. 

[00120] In some embodiments, the classification information is a 
classification probability. The classification loss includes a 

first classification loss determined according to the 

classification information of the three-dimensional point cloud 

data after global average pooling and the scene classification 

information, and a second classification loss determined according 

to the classification information after global average pooling and 

the scene classification information. 
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[00121] For example, the classification information after pooling 

can be calculated by Formulas (6) and (7), where 𝒁𝟑𝒅 represents the 
classification information predicted by the three-dimensional 

point cloud processing model after pooling, 𝑴𝟑𝒅(𝒏) represents the 
classification information predicted by the three-dimensional 

point cloud processing model before pooling, 𝒁𝟐𝒅 represents the 
classification information predicted by the two-dimensional image 

processing model after pooling,  𝑴𝟐𝒅(𝒉,𝒘)  represents the 

classification information predicted by the two-dimensional image 

processing model before pooling, and N represents the number of 

points in the three-dimensional point cloud, H and W respectively 

represent the length and width of the two-dimensional image. 

[00122] 𝒁𝟑𝒅 = 𝟏𝑵∑ 𝑴𝟑𝒅(𝒏)𝑵𝒏ୀ𝟏                      （6） 

[00123] 𝒁𝟐𝒅 = 𝟏𝑯𝑾∑ ∑ 𝑴𝟐𝒅(𝒉,𝒘)𝑾𝒘ୀ𝟏𝑯𝒉ୀ𝟏                   （7） 

[00124] Then, the first classification loss 𝓛𝒄𝒍𝒔𝟑𝒅  and the second 

classification loss 𝓛𝒄𝒍𝒔𝟐𝒅 may be calculated according to Formulas (8) 
and (9), where C represents the number of categories, c represents 

a category identifier, Yc represents a multi-category 

classification label of the scene, and σ represents a sigmoid 

activation function. 

[00125] 𝓛𝒄𝒍𝒔𝟑𝒅 = −𝟏𝑪∑ [𝒀𝒄 ∙ 𝐥𝐨𝐠𝝈൫𝒁𝒄𝟑𝒅൯𝑪𝒄ୀ𝟏 + (𝟏 − 𝒀𝒄) ∙ 𝐥𝐨𝐠(𝟏 − 𝝈൫𝒁𝒄𝟑𝒅൯)]   （8） 

[00126] 𝓛𝒄𝒍𝒔𝟐𝒅 = −𝟏𝑪∑ [𝒀𝒄 ∙ 𝐥𝐨𝐠𝝈൫𝒁𝒄𝟐𝒅൯𝑪𝒄ୀ𝟏 + (𝟏 − 𝒀𝒄) ∙ 𝐥𝐨𝐠(𝟏 − 𝝈൫𝒁𝒄𝟐𝒅൯)]   （9） 

[00127] Through the above embodiments, the classification accuracy 
of the two-dimensional image processing model can be considered in 

addition to the classification accuracy of the three-dimensional 

point cloud processing model when calculating the classification 

loss, so that the influence of the two-dimensional image processing 

model on the prediction result is considered, which further 

improves the training effect of the three-dimensional point cloud 
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processing model. 

[00128] After completing the training of the three-dimensional 

point cloud processing model, it can be applied to the training of 

a three-dimensional point cloud semantic segmentation model. An 

embodiment of a training method of a semantic segmentation model 

of a three-dimensional point cloud is described below with 

reference to FIG. 6. 

[00129] FIG. 6 shows a flow schematic diagram of a training method 
of a semantic segmentation model of a three-dimensional point cloud 

according to some embodiments of the present disclosure. As shown 

in FIG. 6, the training method of this embodiment includes steps 

S602 to S606. 

[00130] In step S602, the classification information in the three-
dimensional point cloud data to be processed is predicted using a 

three-dimensional point cloud processing model. 

[00131] The three-dimensional point cloud processing model is 

trained using the method in any one of the previous embodiments. 

[00132] In step S604, pseudo labels of the points in the three-
dimensional point cloud data to be processed are generated 

according to the classification information. Each pseudo label 

indicates a category of the point. 

[00133] In step S606, a semantic segmentation model of the three-
dimensional point cloud is trained using the pseudo labels. That 

is, the prediction result of the three-dimensional point cloud 

processing model is taken as the label information of the training 

data, and the semantic segmentation model is further trained using 

the training data. 

[00134] In some embodiments, when generating pseudo-label 

categories, for input point cloud 𝐏 ∈ ℝ𝑵×𝟔, first the classification 
probability 𝑴𝟑𝒅 ∈ ℝ𝑵×𝑪 of each point is obtained through the three-
dimensional point cloud processing model, then the category having 
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the largest predicted probability among C categories is selected 

for each point as the pseudo-label to obtain a point-wise pseudo-

label 𝒀෩ ∈ ℝ𝑵, which is then used as a supervisory signal to train 
the semantic segmentation model. 

[00135] In some embodiments, a cross entropy loss is used to train 
a three-dimensional U-Net segmentation model based on the three-

dimensional residual network. According to the needs, other types 

of semantic segmentation networks can also be trained, or the 

trained three-dimensional point cloud processing model can be 

applied to other weakly supervised learning tasks of three-

dimensional point clouds. 

[00136] An embodiment of a training device for a three-dimensional 
point cloud processing model is described below with reference to 

FIG. 7. 

[00137] FIG. 7 shows a structural schematic diagram of a training 
device of a three-dimensional point cloud processing model 

according to some embodiments of the present disclosure. As shown 

in FIG. 7, a training device 700 of the three-dimensional point 

cloud processing model of this embodiment comprises: a first 

information acquisition module 7100 configured for processing 

three-dimensional point cloud data using a three-dimensional point 

cloud processing model to acquire information of points in the 

three-dimensional point cloud data; a second information 

acquisition module 7200 configured for acquiring information of 

pixels in two-dimensional image data, wherein the two-dimensional 

image data and the three-dimensional point cloud data cover a same 

area; an alignment constraint loss determination module 7300 

configured for determining an alignment constraint loss between 

the three-dimensional point cloud data and the two-dimensional 

image data using the information of the points and the information 

of the pixels; a classification loss determination module 7400 
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configured for determining a classification loss of the three-

dimensional point cloud processing model using classification 

information of the points in the three-dimensional point cloud 

data predicted by the three-dimensional point cloud processing 

model and pre-labeled scene classification information; and a 

three-dimensional point cloud processing model training module 

7500 configured for training the three-dimensional point cloud 

processing model using the alignment constraint loss and the 

classification loss. 

[00138] In some embodiments, the information of the points 

comprises at least one of classification information of the points 

or feature information of the points; and the information of the 

pixels comprises at least one of classification information of the 

pixels or feature information of the pixels. 

[00139] In some embodiments, the alignment constraint loss 

determination module 7300 is further configured for determining a 

matching degree between the three-dimensional point cloud data and 

the two-dimensional image data using the information of the points 

and the information of the pixels; and determining the alignment 

constraint loss according to the matching degree. 

[00140] In some embodiments, the matching degree comprises at least 
one of a matching degree of features between the points and the 

pixels, a matching degree of global features between the three-

dimensional point cloud data and the two-dimensional image data, 

or a matching degree of semantic between the points and the pixels. 

[00141] In some embodiments, the matching degree of features 

between the points and the pixels is determined according to a 

similarity between the points and corresponding pixels. 

[00142] In some embodiments, the alignment constraint loss 

determination module 7300 is further configured for: mapping 

features of the points and features of the pixels to a same 

dimension to obtain a first point cloud feature of each of the 
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points and a first pixel feature of each of the pixels 

respectively; randomly acquiring a first number of points and 

pixels corresponding to the first number of points; for each of 

the first number of points, determining a contrastive learning 

loss between the point and a pixel corresponding to the point 

according to a similarity between the first point cloud feature of 

the point and the first pixel feature of the pixel corresponding 

to the point and a sum of similarities between the first point 

cloud feature of the point and the first pixel features of the 

pixels; and determining the alignment constraint loss according to 

a sum of contrastive learning losses of the first number of points. 

[00143] In some embodiments, for each of the first number of points, 
the contrastive learning loss between the point and the pixel 

corresponding to the point is negatively correlated with the 

similarity between the first point cloud feature of the point and 

the first pixel feature of the pixel corresponding to the point, 

and positively correlated with the sum of the similarities between 

the first point cloud feature of the point and the first pixel 

features of the pixels. 

[00144] In some embodiments, the matching degree of global features 
is determined according to a similarity between any two points in 

the three-dimensional point cloud data and a similarity between 

any two pixels in the two-dimensional image data. 

[00145] In some embodiments, the alignment constraint loss 

determination module 7300 is further configured for: in a case 

that the matching degree comprises the matching degree of global 

features, mapping features of the points and features of the pixels 

to a same dimension to respectively obtain a second point cloud 

feature of each of the points and a second pixel feature of each 

of the pixels; randomly acquiring a second number of points and 

pixels corresponding to the second number of the points; for any 

two points of the second number of points, determining first 
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similarity information between second point cloud features of the 

two points and second similarity information between second pixel 

features of two pixels corresponding to the two points of a second 

number of pixels, and determining a similarity loss corresponding 

to the two points according to a difference between the first 

similarity information and the second similarity information; and 

determining the alignment constraint loss according to a sum of 

similarity losses of points in the three-dimensional point cloud 

data. 

[00146] In some embodiments, the first similarity information and 
the second similarity information are similarity matrices. 

[00147] In some embodiments, the matching degree of semantic is 
determined according to first classification information of each 

of the points and second classification information of each of the 

pixels. 

[00148] In some embodiments, the second classification information 
is obtained by processing the each of the pixels using a two-

dimensional image processing model, and the alignment constraint 

loss determination module 7300 is further configured for: mapping 

the three-dimensional point cloud data and the two-dimensional 

image data to a same dimension ; processing the mapped three-

dimensional point cloud data using the two-dimensional image 

processing model to obtain third classification information of the 

each of the points; and determining a semantic matching loss using 

the second classification information and the third classification 

information, and determining the alignment constraint loss 

according to the semantic matching loss. 

[00149] In some embodiments, the alignment constraint loss is 

positively correlated with the second classification information 

and negatively correlated with the third classification 

information. 

[00150] In some embodiments, the second information acquisition 



   
 

                                                            －30－ 

module 7200 is further configured for processing the two-

dimensional image data using a two-dimensional image processing 

model to acquire the information of the two-dimensional image data. 

[00151] In some embodiments, the classification loss determination 
module 7400 is further configured for determining a first 

classification loss according to the classification information of 

the points in the three-dimensional point cloud data predicted by 

the three-dimensional point cloud processing model and the pre-

labeled scene classification information; determining a second 

classification loss according to the classification information of 

the pixels in the two-dimensional image data predicted by the two-

dimensional image processing model and the scene classification 

information; and determining the classification loss of the three-

dimensional point cloud processing model according to the first 

classification loss and the second classification loss. 

[00152] In some embodiments, the classification loss determination 
module 7400 is further configured for: determining the first 

classification loss according to a pooling processing result of 

the classification information of the three-dimensional point 

cloud data predicted by the three-dimensional point cloud 

processing model and the scene classification information; and 

determining the second classification loss according to the 

classification information of the pixels in the two-dimensional 

image data predicted by the two-dimensional image processing model 

and the scene classification information. 

[00153] In some embodiments, the training device 700 further 

comprises a two-dimensional image processing model training module 

7600 configured for training the two-dimensional image processing 

model using the alignment constraint loss and the classification 

loss. 

[00154] In some embodiments, the three-dimensional point cloud 

processing model training module 7500 is further configured for 
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training the three-dimensional point cloud processing model using 

a weighted result of the alignment constraint loss and the 

classification loss. 

[00155] In some embodiments, the three-dimensional point cloud 

processing model is implemented using a three-dimensional residual 

network. 

[00156] In some embodiments, the two-dimensional image processing 
model is implemented using a two-dimensional residual network. 

[00157] An embodiment of a training system for a semantic 

segmentation model is described below with reference to FIG. 8. 

[00158] FIG. 8 shows a schematic structural diagram of a training 
system of a semantic segmentation model according to some 

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

training system 80 of a semantic segmentation model of this 

embodiment comprises: a training device 810 of a three-dimensional 

point cloud processing model, the specific implementation of which 

can refer to any embodiment of the present disclosure; a prediction 

module 820 configured for predicting classification information in 

three-dimensional point cloud data to be processed using the three-

dimensional point cloud processing model; a generation module 830 

configured for generating pseudo labels of points in the three-

dimensional point cloud data to be processed according to the 

classification information; a semantic segmentation model training 

module 840 configured for training a semantic segmentation model 

of three-dimensional point cloud using the pseudo labels. 

[00159] FIG. 9 shows a structural schematic diagram of a training 
device of a three-dimensional point cloud processing model 

according to other embodiments of the present disclosure. As shown 

in FIG. 9, a training device 90 of a three-dimensional point cloud 

processing model of this embodiment comprises: a memory 910, and 

a processor 920 coupled to the memory 910, the processor 920 being 

configured to execute the training method of the three-dimensional 
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point cloud processing model in any of the foregoing embodiments 

based on instructions stored in the memory 910. 

[00160] The memory 910 may include, for example, a system memory, 
a fixed nonvolatile storage medium, and the like. The system memory 

stores, for example, an operating system, application programs, a 

Boot Loader and other programs. 

[00161] FIG. 10 shows a structural schematic diagram of a training 
device of a three-dimensional point cloud processing model 

according to still other embodiments of the present disclosure. As 

shown in FIG. 10, the training device 100 of the three-dimensional 

point cloud processing model of this embodiment includes a memory 

1010 and a processor 1020, and may also include an input-output 

interface 1030, a network interface 1040, a storage interface 1050, 

and the like. These interfaces 1030, 1040, 1050 and the memory 

1010 and the processor 1020 can be connected by a bus 1060, for 

example. The input-output interface 1030 provides a connection 

interface for input-output devices such as a display, a mouse, a 

keyboard and a touch screen. The network interface 1040 provides 

a connection interface for various networked devices. The storage 

interface 1050 provides a connection interface for external 

storage devices such as SD cards and USB flash drives. 

[00162] The embodiment of the present disclosure also provides a 
computer-readable storage medium, on which a computer program is 

stored, characterized in that the program, when executed by a 

processor, implements any of the aforementioned training methods 

of the three-dimensional point cloud processing model. 

[00163] It should be understood by those skilled in the art that 
embodiments of the present disclosure can be provided as a method, 

a system, or a computer program product. Therefore, the present 

disclosure can take the form of an entirely hardware embodiment, 

an entirely software embodiment, or an embodiment combining 

software and hardware aspects. Furthermore, the present disclosure 
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may take the form of a computer program product embodied on one or 

more computer-usable non-transitory storage media (including but 

not limited to disk storage, CD-ROM, optical storage, etc.) in 

which computer-usable program codes are included. 

[00164] The present disclosure is described with reference to flow 
diagrams and/or block diagrams of methods, devices (systems), and 

computer program products according to embodiments of the present 

disclosure. It can be understood as that each flow and/or block in 

the flow diagrams and/or block diagrams, and combinations of the 

flow and/or block in the flow diagrams and/or block diagrams can 

be implemented by computer program instructions. These computer 

program instructions may be provided to a processor of a general-

purpose computer, special-purpose computer, embedded processor or 

other programmable data processing apparatus to produce a machine, 

such that the instructions which are executed by the processor of 

the computer or other programmable data processing devices produce 

a means for implementing the functions specified in one or more 

flows of the flow diagrams or flows and/or one or more block 

diagrams in the block diagram. 

[00165] These computer program instructions may also be stored in 
a computer-readable memory that can direct a computer or other 

programmable data processing apparatus to function in a particular 

manner, such that the instructions stored in the computer-readable 

memory produce an article of manufacture including an instruction 

means that implements the functions specified in one or more flow 

diagrams and/or block diagrams. 

[00166] These computer program instructions may also be loaded onto 
a computer or other programmable data processing apparatus, such 

that a series of operational steps are performed on the computer 

or other programmable apparatus to produce a computer-implemented 

process, such that the instructions executed on the computer or 

other programmable apparatus provide steps for implementing the 
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functions specified in one or more flows of the flow diagrams 

and/or one or more blocks of the block diagrams. 

[00167] The above contents are only preferred embodiments of the 
present disclosure, but are not used to limit the present 

disclosure. Any modification, equivalent replacement, improvement 

and etc. within spirit and principles of the present disclosure 

shall be contained in the protection scope of the present 

disclosure. 
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WHAT IS CLAIMED IS: 

 

1. A training method of three-dimensional point cloud 

processing model, comprising: 

processing three-dimensional point cloud data using a three-

dimensional point cloud processing model to acquire information of 

points in the three-dimensional point cloud data;  

acquiring information of pixels in two-dimensional image data, 

wherein the two-dimensional image data and the three-dimensional 

point cloud data cover a same area;  

determining an alignment constraint loss between the three-

dimensional point cloud data and the two-dimensional image data 

using the information of the points and the information of the 

pixels;  

determining a classification loss of the three-dimensional 

point cloud processing model using classification information of 

the points in the three-dimensional point cloud data predicted by 

the three-dimensional point cloud processing model and pre-labeled 

scene classification information; and 

training the three-dimensional point cloud processing model 

using the alignment constraint loss and the classification loss. 

 

2. The training method according to claim 1, wherein: 

the information of the points comprises at least one of 
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classification information of the points or feature information of 

the points; and 

the information of the pixels comprises at least one of 

classification information of the pixels or feature information of 

the pixels. 

 

3. The training method according to claim 1 or 2, wherein the 

determining the alignment constraint loss between the three-

dimensional point cloud data and the two-dimensional image data 

using the information of the points and the information of the 

pixels comprises:  

determining a matching degree between the three-dimensional 

point cloud data and the two-dimensional image data using the 

information of the points and the information of the pixels; and 

determining the alignment constraint loss according to the 

matching degree. 

 

4. The training method according to claim 3, wherein the 

matching degree comprises at least one of a matching degree of 

features between the points and the pixels, a matching degree of 

global features between the three-dimensional point cloud data and 

the two-dimensional image data, or a matching degree of semantic 

between the points and the pixels. 
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5. The training method according to claim 4, wherein the 

matching degree of features between the points and the pixels is 

determined according to a similarity between the points and 

corresponding pixels. 

 

6. The training method according to claim 5, wherein, in a case 

that the matching degree comprises the matching degree of features 

between the points and the pixels, the determining the alignment 

constraint loss according to the matching degree comprises:  

mapping features of the points and features of the pixels to a 

same dimension to obtain a first point cloud feature of each of 

the points and a first pixel feature of each of the pixels 

respectively;  

randomly acquiring a first number of points and pixels 

corresponding to the first number of points;  

for each of the first number of points, determining a 

contrastive learning loss between the point and a pixel 

corresponding to the point according to a similarity between the 

first point cloud feature of the point and the first pixel feature 

of the pixel corresponding to the point and a sum of similarities 

between the first point cloud feature of the point and the first 

pixel features of the pixels; and 

determining the alignment constraint loss according to a sum 

of contrastive learning losses of the first number of points. 
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7. The training method according to claim 6, wherein for each 

of the first number of points, the contrastive learning loss 

between the point and the pixel corresponding to the point is 

negatively correlated with the similarity between the first point 

cloud feature of the point and the first pixel feature of the pixel 

corresponding to the point, and positively correlated with the sum 

of the similarities between the first point cloud feature of the 

point and the first pixel features of the pixels. 

 

8. The training method according to any one of claims 4 to 7, 

wherein the matching degree of global features is determined 

according to a similarity between any two points in the three-

dimensional point cloud data and a similarity between any two 

pixels in the two-dimensional image data. 

 

9. The training method according to claim 8, wherein in a case 

that the matching degree comprises the matching degree of global 

features, the determining the alignment constraint loss according 

to the matching degree comprises:  

mapping features of the points and features of the pixels to a 

same dimension to respectively obtain a second point cloud feature 

of each of the points and a second pixel feature of each of the 

pixels;  
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randomly acquiring a second number of points and pixels 

corresponding to the second number of the points; 

for any two points of the second number of points, determining 

first similarity information between second point cloud features 

of the two points and second similarity information between second 

pixel features of two pixels corresponding to the two points of a 

second number of pixels, and determining a similarity loss 

corresponding to the two points according to a difference between 

the first similarity information and the second similarity 

information; and 

determining the alignment constraint loss according to a sum 

of similarity losses of points in the three-dimensional point cloud 

data. 

 

10. The training method according to claim 9, wherein the first 

similarity information and the second similarity information are 

similarity matrices. 

 

11. The training method according to any one of claims 4 to 10, 

wherein the matching degree of semantic is determined according to 

first classification information of each of the points and second 

classification information of each of the pixels. 

 

12. The training method according to claim 11, wherein the 
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second classification information is obtained by processing the 

each of the pixels using a two-dimensional image processing model, 

and in a case that the matching degree comprises the matching 

degree of semantic, the determining the alignment constraint loss 

according to the matching degree comprises:  

mapping the three-dimensional point cloud data and the two-

dimensional image data to a same dimension ;  

processing the mapped three-dimensional point cloud data using 

the two-dimensional image processing model to obtain third 

classification information of the each of the points; and 

determining a semantic matching loss using the second 

classification information and the third classification 

information, and determining the alignment constraint loss 

according to the semantic matching loss. 

 

13. The training method according to claim 12, wherein the 

alignment constraint loss is positively correlated with the second 

classification information and negatively correlated with the 

third classification information. 

 

14. The training method according to any one of claims 1 to 13, 

wherein the acquiring the information of the two-dimensional image 

data comprises:  

processing the two-dimensional image data using a two-
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dimensional image processing model to acquire the information of 

the two-dimensional image data. 

 

15. The training method according to claim 14, wherein the 

determining the classification loss of the three-dimensional point 

cloud processing model using the classification information of the 

points in the three-dimensional point cloud data predicted by the 

three-dimensional point cloud processing model and the pre-labeled 

scene classification information comprises:  

determining a first classification loss according to the 

classification information of the points in the three-dimensional 

point cloud data predicted by the three-dimensional point cloud 

processing model and the pre-labeled scene classification 

information;  

determining a second classification loss according to the 

classification information of the pixels in the two-dimensional 

image data predicted by the two-dimensional image processing model 

and the scene classification information; and 

determining the classification loss of the three-dimensional 

point cloud processing model according to the first classification 

loss and the second classification loss. 

 

16. The training method according to claim 15, wherein: 

the first classification loss is determined according to a 
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pooling processing result of the classification information of the 

three-dimensional point cloud data predicted by the three-

dimensional point cloud processing model and the scene 

classification information; and 

the second classification loss is determined according to the 

classification information of the pixels in the two-dimensional 

image data predicted by the two-dimensional image processing model 

and the scene classification information. 

 

17. The training method according to any one of claims 1 to 16, 

wherein the three-dimensional point cloud processing model is 

trained using a weighted result of the alignment constraint loss 

and the classification loss. 

 

18. The training method according to any one of claims 1 to 17, 

wherein the three-dimensional point cloud processing model is 

implemented using a three-dimensional residual network. 

 

19. The training method according to any one of claims 14 to 

18, wherein the two-dimensional image processing model is 

implemented using a two-dimensional residual network. 

 

20. A training method of semantic segmentation model, 

comprising: 
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predicting classification information in three-dimensional 

point cloud data to be processed using a three-dimensional point 

cloud processing model, wherein the three-dimensional point cloud 

processing model is trained using the training method of a three-

dimensional point cloud processing model according to any one of 

claims 1 to 19;  

generating pseudo labels of points in the three-dimensional 

point cloud data to be processed according to the classification 

information; and 

training a semantic segmentation model of three-dimensional 

point cloud using the pseudo labels. 

 

21. A training device of three-dimensional point cloud 

processing model, comprising: 

a first information acquisition module configured for 

processing three-dimensional point cloud data using a three-

dimensional point cloud processing model to acquire information of 

points in the three-dimensional point cloud data;  

a second information acquisition module configured for 

acquiring information of pixels in two-dimensional image data, 

wherein the two-dimensional image data and the three-dimensional 

point cloud data cover a same area; 

an alignment constraint loss determination module configured 

for determining an alignment constraint loss between the three-
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dimensional point cloud data and the two-dimensional image data 

using the information of the points and the information of the 

pixels;  

a classification loss determination module configured for 

determining a classification loss of the three-dimensional point 

cloud processing model using classification information of the 

points in the three-dimensional point cloud data predicted by the 

three-dimensional point cloud processing model and pre-labeled 

scene classification information; and 

a three-dimensional point cloud processing model training 

module configured for training the three-dimensional point cloud 

processing model using the alignment constraint loss and the 

classification loss. 

 

22. A training device of three-dimensional point cloud 

processing model, comprising: 

a memory; and 

a processor coupled to the memory, the processor being 

configured to, based on instructions stored in the memory, perform 

the training method of three-dimensional point cloud processing 

model according to any one of claims 1 to 19. 

 

23. A training system for a semantic segmentation model, 

comprising: 



   
 

                                                              －45－ 

the training device of a three-dimensional point cloud 

processing model according to claim 21 or 22; 

a prediction module configured for predicting classification 

information in three-dimensional point cloud data to be processed 

using the three-dimensional point cloud processing model;  

a generation module configured for generating pseudo labels of 

points in the three-dimensional point cloud data to be processed 

according to the classification information; and 

a semantic segmentation model training module configured for 

training a semantic segmentation model of three-dimensional point 

cloud using the pseudo labels. 

 

24. A computer-readable storage medium having stored thereon a 

computer program, which, when executed by a processor, implements 

the training method of three-dimensional point cloud processing 

model according to any one of claims 1 to 19. 

 

25. A computer program comprising: 

instructions that, when executed by a processor, cause the 

processor to perform the training method of a three-dimensional 

point cloud processing model according to any one of claims 1 

to 19. 




