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101S      A query feature map, a key feature map, and a value feature map of an image to be 
transformed are acquired, the query feature map including a plurality of pixel points to be 

queried in a texture space, the key feature map being used for representing a semantic 
feature of the image to be transformed, the value feature map being used for determining, 
in combination with an attention feature map of each of the pixel points to be queried, a 

texture parameter of each of the pixel points to be queried, and the attention feature map is 
determined by the query feature map and the key feature map

102S      
A target texture feature map is generated from the query feature map, the key feature map, 
and the value feature map on the basis of an attention mechanism, the target texture feature 
map including the texture parameter corresponding to each of the pixel points to be queried
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The output features corresponding to all of the scales are fused to 
obtain a multi-scale output feature

Downsampling processing is performed on the input feature map for 
a plurality of times to obtain an input feature corresponding to a 
preset scale; upsampling processing is performed on the input 

feature corresponding to the preset scale for a plurality of times to 
obtain input features corresponding to the plurality of scales, the 

number of times of the downsampling processing being the same as 
that of the upsampling processing

201S      

2011S      

203S      

2031S      

2032S      

102S      Feature extraction processing at different scales is performed on an input feature 
map of the attention mechanism to obtain input features corresponding to a 

plurality of scales, the input feature map including the query feature map, the key 
feature map, and the value feature map

For each of the scales, the query feature map and a position code of 
the query feature map are fused to obtain a first input feature; the 
key feature map and a position code of the key feature map are 

fused to obtain a second input feature; an intermediate feature map 
is obtained on the basis of the first input feature, the second input 

feature; and the value feature map, and an output feature 
corresponding to the scale is determined on the basis of the 

intermediate feature map and a residual network

202S      

2021S      

An input feature corresponding to each of the scales is input into corresponding 
transforming module to obtain an output feature corresponding to each of the scales

The output features corresponding to all of the scales are fused to obtain the target 
texture feature map

The target texture feature map is determined on the basis of the 
multi-scale output feature  
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Upsampling fusion processing is performed on the output feature corresponding to 
each of the scales in turn according to an order from the smallest scale to the largest 
scale of the plurality of scales to obtain corresponding an upsampling fusion feature 
corresponding to each of the scales, the upsampling fusion feature corresponding to 

the largest scale being the multi-scale output feature

Downsampling fusion processing is performed on the output feature corresponding 
to each of the scales in turn according to an order from the largest scale to the 

smallest scale of the plurality of scales to obtain a downsampling fusion feature 
corresponding to each of the scales

2031S      301S      

302S      
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401S      

402S      

4021S      

4022S      

4023S      

2032S      
Confidence information of each of the pixel points to be queried in the texture 
space is determined on the basis of the confidence feature map, the confidence 

information including a first confidence of the pixel point to be queried 
corresponding to the pixel feature map and a second confidence of the pixel point to 

be queried corresponding to the texture flow feature map

The pixel feature map and the texture flow feature map are fused to obtain the target 
texture feature map on the basis of the first confidence and the second confidence of 

each of the pixel points to be queried, to obtain the target texture feature map

For each of the pixel points to be queried, weighted fusion is 
performed on the first texture parameter and the second texture 

parameter to obtain a texture parameter corresponding to the pixel 
point to be queried on the basis of the first confidence and the 

second confidence respectively

A second texture parameter corresponding to each of the pixel 
points to be queried is determined on the basis of the texture flow 

feature map and the image to be transformed

A first texture parameter corresponding to each of the pixel points to 
be queried is determined on the basis of the pixel feature map
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501S      
A sample image is acquired, the sample image is input into a texture generation model to 

be trained to obtain a predicted texture image corresponding to the sample image

502S      
The predicted texture image corresponding to the sample image is rendered to obtain a 

predicted rendered image corresponding to the sample image

503S      
A loss value of the texture generation model to be trained is determined on the basis of the 

sample image and the predicted rendered image

504S      
The parameter of the texture generation model to be trained is adjusted according to the 

loss value to obtain the trained texture generation model
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503S      601S      

602S      

A first character feature in the sample image and a second character feature in the 
predicted rendering image are respectively extracted on the basis of a person ReID 

model

The first loss value is determined on the basis of a feature distance between the first 
character feature and the second character feature
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503S      701S      

702S      

703S      

704S      

A first character feature in the sample image and a second character feature in the 
predicted rendering image are respectively extracted on the basis of a person ReID 

model

A first segmentation result corresponding to the sample image is acquired, the first 
segmentation result being used for representing first distribution information of 

each body part in the sample image; a second segmentation result corresponding to 
the predicted rendered image is acquired, the second segmentation result being used 
for representing second distribution information of each body part in the predicted 

rendered image

For each body part, a part loss value corresponding to the body part is determined 
on the basis of a feature distance between a first part feature and a second part 

feature of the body part, the first part feature being determined on the basis of the 
first character feature and first part information of the body part, the second part 
feature being determined on the basis of the second character feature and second 

part information of the body part

The second loss value is determined on the basis of the part loss value 
corresponding to each body part  
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503S      801S      

802S      

803S      

A part texture image corresponding to a target body part in the predicted texture 
image is acquired

A standard texture image corresponding to the target body part is acquired. The 
standard texture image being a fusion image of part texture images of different 

characters regarding the target body part

The third loss value is determined on the basis of a structural similarity index 
between the part texture image and the standard texture image
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901S      
A sample image is acquired, and the sample image is input into a texture generation model 

to be trained to obtain a predicted texture image corresponding to the sample image

902S      
The predicted texture image corresponding to the sample image is rendered to obtain a 

predicted rendered image corresponding to the sample image

903S      A loss value of the texture generation model to be trained is determine on the basis of the 
sample image and the predicted rendered image, the loss value including a first loss value, 

a second loss value, and a third loss value

904S      
The parameter of the texture generation model to be trained is adjusted on the basis of the 

loss value to obtain the trained texture generation model
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Input image RGB rendering result Texture flow rendering result
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Mask fusion rendering result  

FIG. 12 

ReID 
rendering 

result

De-normalized 
ReID rendering 

result

ReID&Style 
rendering 

result
Input image

 

FIG. 13 

 
  



9/9 
 

Transforming module 1402

Texture generation apparatus 1400

Acquisition module 1401

 

 

FIG. 14 

 

Computer program

Memory 1502

Processor 1501

Run

Texture generation device 1500  

 

FIG. 15 

 


