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Semantic prediction and centroid shift prediction are performed on 

acquired to-be-segmented point cloud by using a first backbone network, 

to obtain a semantic prediction result and centroid shift vector of each 

point in the to-be-segmented point cloud; the first backbone network and a 

second backbone network are trained based on first training point cloud, 

and the first training point cloud is determined by means of original 

semantic point cloud carrying a semantic label

Objectness prediction is performed on the to-be-segmented point cloud by 

using the second backbone network, to obtain multi-level point cloud 

including multi-level objectness labels; the multi-level objectness labels 

are configured to characterize a shape of each instance, internal 

information, and external information

Each point in the multi-level point cloud is moved to a respective 

predicted center according to the centroid shift vector, to obtain influence 

point cloud

S101

S102

S103

Core points in the influence point cloud are clustered according to the 

semantic prediction result, to obtain at least one core point cloud of each 

semantic category; the core points are points having objectness labels at 

preset core levels

S104

Edge points in the influence point cloud are clustered into target core point 

cloud of the corresponding semantic category, to obtain an instance 

segmentation result; the edge points are points having objectness labels at 

preset edge levels
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An influence value between each edge point and the at least one core point 

cloud of the corresponding semantic category is calculated, to obtain at least 

one corresponding influence value of each edge point; the influence value is 

configured to characterize a mean value of the influence values between the 

edge point and all of the points in the core point cloud of the corresponding 

semantic category

Core point cloud corresponding to a maximum value in the at least one 

influence value of each edge point is used as the target core point cloud 

corresponding to each edge point

Each edge point is clustered into the corresponding target core point cloud, to 

obtain at least one instance segmentation point cloud of each semantic 

category, so as to obtain the instance segmentation result
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Original semantic point cloud is clustered to obtain initial pseudo-instance 

point cloud

The initial pseudo-instance point cloud is filtered according to the quantity 

of points included in each pseudo-instance in the initial pseudo-instance 

point cloud, to obtain the first training point cloud

An initial second backbone network is trained based on the first training 

point cloud, to obtain the second backbone network
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S303

An initial first backbone network is trained based on the first training point 

cloud and the original semantic point cloud, to obtain the first backbone 

network
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The quantity of the points in each pseudo-instance point cloud of each 

semantic category is sorted, to obtain a quantity sequence of each semantic 

category

Pseudo-instance point cloud within a preset quantity sequence range is 

selected from the quantity sequence of each semantic category, to obtain 

training point cloud of each semantic category; the first training point cloud 

includes the training point cloud of each semantic category
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Point cloud compression is performed on the first training point cloud, to 

obtain first compressed point cloud

The multi-level training point cloud corresponding to each pseudo-instance 

point cloud is determined according to a compressed distance between each 

point in each pseudo-instance point cloud in the first training point cloud 

and corresponding compressed pseudo-instance point cloud in the first 

compressed point cloud; the multi-level training point cloud includes the 

multi-level objectness labels

Point cloud recombination is performed based on the multi-level training 

point cloud corresponding to each pseudo-instance point cloud, to obtain 

recombined training point cloud

S501
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S503

The initial second backbone network is trained by using the recombined 

training point cloud, to obtain the second backbone network and the multi-

level prediction point cloud outputted by the second backbone network
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A distance between each point in each pseudo-instance point cloud and each 

point in the corresponding compressed pseudo-instance point cloud is 

calculated, to obtain a plurality of distances corresponding to each point in 

each pseudo-instance point cloud

A minimum distance in the plurality of distances corresponding to each 

point in each pseudo-instance point cloud is used as the compressed distance 

between each point in each pseudo-instance point cloud and corresponding 

compressed point cloud, to obtain a plurality of compressed distances of 

each pseudo-instance point cloud

The multi-level objectness labels of each pseudo-instance point cloud are 

determined according to the plurality of compressed distances of each 

pseudo-instance point cloud, to obtain the multi-level training point cloud 

corresponding to each pseudo-instance point cloud
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The initial first backbone network is trained for the first round based on a 

pseudo-instance label in the first training point cloud and a semantic label 

in the corresponding original semantic point cloud, to obtain an initial 

third backbone network, a third centroid shift vector, and a third semantic 

prediction result

Instance segmentation is performed on the multi-level prediction point 

cloud outputted by the second backbone network based on the third 

semantic prediction result and the third centroid shift vector, to obtain 

third training point cloud

The initial third backbone network is trained for a second round based on 

a pseudo-instance label in the third training point cloud and the semantic 

label in the original semantic point cloud, to obtain the first backbone 

network
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Semantic prediction is performed on the α-th first point cloud feature of 

each original point by using the first backbone network of the (α-1)th 

update, to obtain an α-th initial semantic prediction point cloud

A semantic feature vector in each supervoxel in the α-th initial semantic 

prediction point cloud is smoothed by means of average pooling, to 

obtain a fine-tuned α-th initial semantic prediction point cloud as the α-th 

first semantic prediction result
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An average coordinate of all of the points of each instance in the α-th 

first instance prediction result is determined as an α-th first instance 

centroid vector of each point in the corresponding instance

A coordinate of each point corresponding to the first training point cloud 

is subtracted from the α-th first instance centroid vector of the 

corresponding point in the first instance prediction result, to obtain an α-

th first vector difference value of each point as an α-th first true centroid 

shift vector of each point corresponding to the first training point cloud

The α-th first shift loss is determined according to the α-th first 

prediction centroid shift vector of each point corresponding to the first 

training point cloud and the α-th first true centroid shift vector of the 

corresponding point

S1101

S1102

S1103

 

 

FIG. 15 

  



19 / 31 
 

 

 

 

A norm of a difference value between the α-th first prediction centroid 

shift vector of each point corresponding to the first training point cloud 

and the α-th first true centroid shift vector of the corresponding point is 

calculated, to obtain an α-th first difference value norm of each point 

corresponding to the first training point cloud

The α-th first difference value norm of each point corresponding to the 

first training point cloud is averaged to obtain an α-th first shift sub-loss

A ratio of the α-th first prediction centroid shift vector of each point 

corresponding to the first training point cloud to the norm of the α-th first 

prediction centroid shift vector of the corresponding point is calculated as 

an α-th first prediction ratio; a ratio of the α-th first true centroid shift 

vector of each point corresponding to the first training point cloud to the 

α-th first true centroid shift vector of the corresponding point is 

calculated as an α-th first actual ratio

S1201
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S1203

A product of the α-th first prediction ratio of each point corresponding to 

the first training point cloud and the α-th first actual ratio of the 

corresponding point is determined, to obtain an α-th first direction 

product of each point corresponding to the first training point cloud

S1204

The α-th direction product of each point corresponding to the first 

training point cloud is averaged to obtain an α-th second shift sub-loss

S1205

The α-th second shift sub-loss is subtracted from the α-th first shift sub-

loss, to obtain the α-th first shift loss

S1206
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