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METHOD AND APPARATUS FOR ENHANCING VEHICLE 

DAMAGE IMAGE ON THE BASIS OF GAN NETWORK 

 

 5 

 

TECHNICAL FIELD 

[0001] Embodiments of the present specification relate to the technical 

field of image processing, and more particularly relate to a method and an 

apparatus for training a discriminative model, a method and apparatus for training 10 

a generative model, and a method and apparatus for improving the quality of a 

vehicle damage image.   

 

BACKGROUND 

[0002] In a conventional scenario of vehicle insurance claim settlement, 15 

an insurance company needs to send a professional inspection and assessment 

personnel to a scene of accident to perform on-site inspection and loss 

assessment, determine a vehicle repair plan and an amount of compensation, 

capture on-site photographs, and archive the photographs for loss assessment such 

that verification personnel can verify the loss and the amount of compensation.   20 

Because manual inspection and loss assessment is required, the insurance 

company needs to invest a great amount of labor costs and costs for providing 

training to improve professional knowledge.  From the perspective of general user 

experience, a claim settlement period is long because the claim settlement process 

involves manually capturing on-site photographs by inspection personnel, 25 

performing loss assessment by assessment personnel at a repair site, and 

performing loss verification by loss verification personnel at a backend. 

[0003] With the development of the Internet, emerged is a claim 

settlement scheme in which, after a user captures photographs of vehicle damage 
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on site and uploads the photographs to a server, loss assessment is performed by 

an algorithm or a person on the basis of the vehicle damage photographs so as to 

perform loss assessment and settle the claim.  However, in the process of 

capturing the vehicle damage photographs, some low-quality photographs are 

often obtained, such as photographs captured in a poor lighting condition, blurred 5 

photographs, poorly contrasted photographs, and so on, affecting the 

identification of damage details on the images by human eyes and algorithms. 

[0004] Therefore, there is a need for a more efficient solution for 

improving the quality of vehicle damage images.      

 10 

SUMMARY 

[0005] Embodiments of the present specification are intended to provide a 

more efficient scheme for improving the quality of vehicle damage images to 

address deficiencies in the current technologies. 

[0006] To achieve the above objective, one aspect of the specification 15 

provides a computer-executed method for improving the quality of a vehicle 

damage image, comprising: 

[0007] acquiring a first image, the first image being a low-quality vehicle 

damage image; and 

[0008] inputting the first image into an image enhancement model to 20 

obtain a second image from an output of the image enhancement model, wherein 

the image enhancement model outputs the second image by improving the quality 

of the first image. 

[0009] In one embodiment, at least one of the following of the first image 

is of low quality: color and texture. 25 

[0010] In one embodiment, at least one of the following of the first image 

is of low quality: brightness, contrast, saturation, clarity, and smoothness. 

[0011] In one embodiment, the distortion degree of the second image with 

respect to the first image is less than a predetermined threshold. 

[0012] In one embodiment, the image enhancement model is obtained by 30 
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training a generative model in a GAN model, and the GAN model further 

comprises a quality discriminative model, wherein the quality discriminative 

model is configured to determine whether an output image of the generative 

model is a high-quality image, and wherein training the generative model in the 

GAN model comprises: 5 

[0013] acquiring a plurality of third images, the third images being low-

quality vehicle damage images; and 

[0014] using at least the plurality of third images to train, on the basis of 

the quality discriminative model, the generative model to be used as the image 

enhancement model. 10 

[0015] In one embodiment, the quality discriminative model is trained by: 

[0016] acquiring a plurality of positive samples and a plurality of negative 

samples, the positive samples being high-quality vehicle damage images, the 

negative samples being low-quality vehicle damage images; and 

[0017] using at least the plurality of positive samples and the plurality of 15 

negative samples to train a classification model to be used as the quality 

discriminative model. 

[0018] In one embodiment, the GAN model further comprises a distortion 

degree discriminative model, wherein the distortion degree discriminative model 

is configured to acquire a distortion degree of the output image of the generative 20 

model with respect to a corresponding third image, wherein training the 

generative model in the GAN model further comprises: training the generative 

model by using at least the plurality of third images and on the basis of the 

distortion degree discriminative model. 

[0019] In one embodiment, the distortion degree discriminative model 25 

comprises a semantic recognition model and a reconstruction model, wherein the 

reconstruction model is a deconvolution model of the generative model, and the 

method further comprises the steps of: 

[0020] inputting the output image into the reconstruction model to obtain a 

reconstructed image; 30 
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[0021] inputting the reconstructed image and a corresponding third image 

respectively into the semantic recognition model to determine the semantic 

similarity between the reconstructed image and the corresponding third image; 

and 

[0022] acquiring the distortion degree of the output image with respect to 5 

the corresponding third image on the basis of the semantic similarity. 

[0023] In one embodiment, determining the semantic similarity between 

the reconstructed image and the corresponding third image comprises: 

determining the semantic similarity between the reconstructed image and the 

corresponding third image on the basis of at least one of the following: whether 10 

the vehicle parts in the two images are similar, whether the vehicle models in the 

two images are the same, and whether the vehicle damage in the two images is 

similar. 

[0024] In one embodiment, the method further comprises: using the 

second image to train a vehicle damage identification model after obtaining the 15 

second image, wherein the vehicle damage identification model is configured to 

identify damage to a vehicle on the basis of a vehicle damage image. 

[0025] In one embodiment, the method further comprises: inputting the 

second image into a vehicle damage identification model after obtaining the 

second image, so as to perform loss assessment on a corresponding vehicle. 20 

[0026] Another aspect of the present specification provides a computer-

executed apparatus for improving the quality of a vehicle damage image, 

comprising: 

[0027] a first acquisition unit, configured to acquire a first image, the first 

image being a low-quality vehicle damage image; and 25 

[0028] a first input unit, configured to input the first image into an image 

enhancement model to obtain a second image from an output of the image 

enhancement model, wherein the image enhancement model outputs the second 

image by improving the quality of the first image. 

[0029] In one embodiment, at least one of the following of the first image 30 
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is of low quality: color and texture. 

[0030] In one embodiment, at least one of the following of the first image 

is of low quality: brightness, contrast, saturation, clarity, and smoothness. 

[0031] In one embodiment, the distortion degree of the second image with 

respect to the first image is less than a predetermined threshold. 5 

[0032] In one embodiment, the image enhancement model is obtained by 

training a generative model in a GAN model, and the GAN model further 

comprises a quality discriminative model, wherein the quality discriminative 

model is configured to determine whether an output image of the generative 

model is a high-quality image, and wherein training the generative model in the 10 

GAN model comprises: 

[0033] acquiring a plurality of third images, the third images being low-

quality vehicle damage images; and 

[0034] training, using at least the plurality of third images and on the basis 

of the quality discriminative model, the generative model to be used as the image 15 

enhancement model. 

[0035] In one embodiment, the quality discriminative model is trained by: 

[0036] acquiring a plurality of positive samples and a plurality of negative 

samples, the positive samples being high-quality vehicle damage images, the 

negative samples being low-quality vehicle damage images; and 20 

[0037] using at least the plurality of positive samples and the plurality of 

negative samples to train a classification model to be used as the quality 

discriminative model. 

[0038] In one embodiment, the GAN model further comprises a distortion 

degree discriminative model, wherein the distortion degree discriminative model 25 

is configured to acquire a distortion degree of the output image of the generative 

model with respect to a corresponding third image, wherein training the 

generative model in the GAN model further comprises: training the generative 

model by using at least the plurality of third images and on the basis of the 

distortion degree discriminative model. 30 
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[0039] In one embodiment, the distortion degree discriminative model 

comprises a semantic recognition model and a reconstruction model, wherein the 

reconstruction model is a deconvolution model of the generative model, and the 

apparatus further comprises: 

[0040] a second input unit, configured to input the output image into the 5 

reconstruction model to obtain a reconstructed image; 

[0041] a determination unit, configured to input the reconstructed image 

and a corresponding third image respectively into the semantic recognition model 

to determine the semantic similarity between the reconstructed image and the 

corresponding third image; and 10 

[0042] a second acquisition unit, configured to acquire the distortion 

degree of the output image with respect to the corresponding third image on the 

basis of the semantic similarity. 

[0043] In one embodiment, the determination unit is further configured to 

determine the semantic similarity between the reconstructed image and the 15 

corresponding third image on the basis of at least one of the following: whether 

the vehicle parts in the two images are similar, whether the vehicle models in the 

two images are the same, and whether the vehicle damage in the two images is 

similar. 

[0044] In one embodiment, the apparatus further comprises: a first using 20 

unit, configured to use the second image to train a vehicle damage identification 

model after obtaining the second image, wherein the vehicle damage 

identification model is configured to identify damage to a vehicle on the basis of a 

vehicle damage image. 

[0045] In one embodiment, the apparatus further comprises: a second 25 

using unit, configured to input the second image into a vehicle damage 

identification model after obtaining the second image, so as to perform loss 

assessment on a corresponding vehicle. 

[0046] Another aspect of the present specification provides a computing 

device, comprising a memory and a processor, wherein the memory comprises an 30 
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executable code stored therein, and when the executable code is executed by the 

processor, the method of any one of the above is implemented. 

[0047] The quality of the vehicle damage image is effectively improved 

by the solution of the embodiments of the present specification for enhancing a 

vehicle damage image on the basis of a GAN network.  The vehicle damage 5 

image can be used to train the vehicle damage identification model, thereby 

effectively improving the quality of the training sample, so that the trained vehicle 

damage identification model is more accurate.  The vehicle damage image may 

also be input into a loss-assessing model to assess loss for a corresponding 

accident vehicle, thereby making the loss assessment result more accurate. 10 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0048] Embodiments of the present specification may be made clearer by 

describing them with reference to accompanying drawings. 

[0049] FIG. 1 illustrates a schematic diagram of a vehicle damage image 15 

enhancement system 100 according to an embodiment of the present 

specification; 

[0050] FIG. 2 illustrates a flowchart of a method for training a 

discriminative model according to an embodiment of the present specification; 

[0051] FIG. 3 illustrates a flowchart of a method for training a generative 20 

model according to an embodiment of the present specification; 

[0052] FIG. 4 illustrates a flowchart of a computer-executed method for 

improving the quality of a vehicle damage image according to an embodiment of 

the present specification; 

[0053] FIG. 5 illustrates an apparatus 500 for training a discriminative 25 

model according to an embodiment of the present specification; 

[0054] FIG. 6 illustrates an apparatus 600 for training a generative model 

according to an embodiment of the present specification; and 

[0055] FIG. 7 illustrates a computer-executed apparatus 700 for improving 

the quality of a vehicle damage image according to an embodiment of the present 30 
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specification. 

 

DETAILED DESCRIPTION 

[0056] Embodiments of the present specification will be described below 

with reference to accompanying drawings. 5 

[0057] FIG. 1 illustrates a schematic diagram of a vehicle damage image 

enhancement system 100 according to an embodiment of the present 

specification.  As shown in FIG. 1, system 100 corresponds to a Generative 

Adversarial Network model (GAN model) comprising: a generative model 11, a 

quality discriminative model 12, a reconstruction model 13, and a semantic 10 

recognition model 14.  Reconstruction model 13 and semantic recognition model 

14 constitute a distortion degree discriminative model. 

[0058] At the model training stage, quality discriminative model 12 is first 

trained by using at least one positive sample and/or at least one negative sample.   

The positive sample is a high-quality vehicle damage image, and the negative 15 

sample is a low-quality vehicle damage image.  The discriminative model, for 

example, is configured to determine the probability of the input image being a 

high-quality image.  For example, the quality of the image is determined on the 

basis of brightness, contrast, saturation, clarity, smoothness, and the like of the 

image.  The more accurate the determination given by quality discriminative 20 

network 12 for the sample is, the smaller the loss function is.  Thus, a quality 

discriminative model 12 is trained by the at least one positive sample and/or at 

least one negative sample to reduce the loss function of quality discriminative 

model 12. 

[0059] After quality discriminative model 12 is well trained, generative 25 

model 11 can be trained using quality discriminative model 12.  Specifically, as 

shown in FIG. 1, at least one training sample (x) is input into generative model 

11, wherein the training sample is a low-quality vehicle damage image x.  The 

output of generative model 11 based on image x is y'.  The y' is input into the 

quality discriminative model 12, thereby obtaining a loss function for generative 30 
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model 11 on the basis of discrimination of y’ by quality discriminative model 12 

(i.e., the output of quality discriminative model 12 based on y').  That is, the 

greater the discriminant value of quality discriminative model 12 is, the better the 

quality of image y' generated by generative model 11 is, and the smaller the loss 

function is. 5 

[0060] After obtaining output y' of generative model 11, y' is further input 

into reconstruction model 13.  Reconstruction model 13 is a deconvolution model 

(i.e., an inverse model) of generative model 11, thus the parameters of 

reconstruction model 13 are associated with the parameters of generative model 

11, and reconstruction model 13 is configured to reconstruct y', i.e., to obtain x'. 10 

[0061] Then, x and x' are respectively input into semantic recognition 

model 14 to acquire the semantic similarity between x and x', such as whether the 

vehicle parts are similar, whether the vehicle models are the same, whether the 

vehicle damage is similar, or the like.  In the loss function of training generative 

model 11, a term associated with the semantic similarity is also added, i.e., the 15 

higher the similarity is, the smaller the model’s loss function associated with the 

semantic similarity is.  Thereby the generative model is trained to generate a high-

quality image without distortion. 

[0062] FIG. 2 illustrates a flowchart of a method for training a quality 

discriminative model according to an embodiment of the present specification.  20 

The quality discriminative model comprises a convolutional neural network and is 

used for determining the quality of the vehicle damage image input therein.  The 

method is a training process for training the quality discriminative model, 

comprising: 

[0063] at step S202, acquiring at least one positive sample and/or at least 25 

one negative sample, the positive sample being a high-quality vehicle damage 

image, and the negative sample being a low-quality vehicle damage image; and 

[0064] at step S204, using the at least one positive sample and/or the at 

least one negative sample to train the quality discriminative model so that a loss 

function of the quality discriminative model after training is reduced compared 30 
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with that before training, wherein the loss function is related to determining 

respective image qualities of the at least one positive sample and/or the at least 

one negative sample. 

[0065] Firstly, at step S202, at least one positive sample and/or at least one 

negative sample is acquired, wherein the positive sample is a high-quality vehicle 5 

damage image, and wherein the negative sample is a low-quality vehicle damage 

image. 

[0066] The quality discriminative model determines the quality of the 

input damage image of a vehicle (vehicle damage image), e.g., on the basis of the 

color and/or texture of the image.  Determining the color, for example, comprises 10 

determining the brightness, contrast, saturation, and the like of the image, and 

determining the texture, for example, comprises determining the clarity, 

smoothness, and the like of the image.  The output of the discriminative model is: 

the probability of the image being a high-quality image.  For example, for a well 

trained discriminative model, when a high-quality vehicle damage image is input, 15 

its output value should be close to 1, that is, the probability of the image being a 

high-quality image is close to 100%, whereas when a low-quality vehicle damage 

image is input, its output value should be close to 0, that is, the probability of the 

image being a high-quality image is close to 0.  It can be understood that the 

output value of the discriminative model described above is merely exemplary, 20 

and rather than being limited to a probability value between 0 and 1, it may be set 

freely depending on the needs of the specific scenario.  For example, the output 

value of the quality discriminative model may be a sum of several probabilities, 

and the like. 

[0067] On the basis of the purpose of the discriminative model described 25 

above, positive samples and negative samples for training a discriminative model 

are acquired.  For example, a high-quality vehicle damage image having high 

color quality and high texture quality can be selected as a positive sample, 

wherein the color quality comprises brightness, contrast, saturation, and the like, 

and the texture quality comprises clarity, smoothness, and the like.  A low-quality 30 
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vehicle damage image having a low quality of any one of brightness, contrast, 

saturation, clarity, and smoothness can be selected as a negative sample.  In 

addition, blurry or dimmer vehicle damage images can be generated by processing 

a high-quality vehicle damage image, such as reducing clarity, reducing contrast, 

etc., and be used as negative samples. 5 

[0068] At step S204, the quality discriminative model is trained by using 

the at least one positive sample and/or the at least one negative sample so that a 

loss function of the discriminative model after training is reduced compared with 

that before training, and wherein the loss function is related to determining 

respective image qualities of the at least one positive sample and/or the at least 10 

one negative sample. 

[0069] After the positive sample and the negative sample are obtained, the 

positive sample and the negative sample can be substituted into the loss function 

of the quality discriminative model so that parameters of the model can be 

adjusted using various optimization algorithms.  The loss function ����, �� of the 15 

quality discriminative model can be shown as formula (1) below: 

 ����, ��� = − 

� ∑ [�������

�, ��� + ����1 − ����
�, ����]�

�,�   (1) 

[0070] wherein �� represents a parameter of the quality discriminative 

model, ��
� represents the positive sample, ��

� represents the negative sample, the 

sum of i and j is m, and ����
�, ��� and ����

�, ��� correspond to prediction 20 

formula of model discriminant value.  As seen according to this loss function, the 

greater the discriminant value of the positive sample is, the smaller the loss 

function is, and the smaller the discriminant value of the negative sample is, the 

smaller the loss function is, that is, the loss function reflects the accuracy of the 

model’s determination for the positive and negative samples.  �� can be adjusted 25 

by, for example, gradient decent, so that the loss function value is reduced and the 

model is more accurate. 

[0071] As described above, the quality discriminative model according to 

embodiments of the present specification is configured to determine the quality of 
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the image.  Therefore, the loss function used to train the discriminative model is 

also determined on the basis of the purpose of the discriminative model.  Thus, 

the loss function comprises loss terms related to determining the quality of the 

image, such as determining the image color quality, determining the image texture 

quality, and the like.  Determining the image color quality comprises determining 5 

the brightness, contrast, saturation, and the like of the image, and determining the 

image texture quality comprises determining the clarity, smoothness, and the like 

of the image.  Thus, on the basis of a specific content for determining, specific 

forms of the loss function may comprise a variety of forms. 

[0072] FIG. 3 illustrates a flowchart of a method for training a generative 10 

model according to an embodiment of the present specification.  The generative 

model comprises a convolutional neural network and is used for generating high-

quality vehicle damage images on the basis of the low-quality vehicle damage 

images input therein.  The method is a training process for training the generative 

model, comprising: 15 

[0073] at step S302, acquiring at least one vehicle damage image, the 

vehicle damage image being a low-quality image; and 

[0074] at step S304, training the generative model by using the at least one 

vehicle damage image so that a loss function of the generative model after 

training is reduced compared with that before training, wherein the loss function 20 

comprises a first loss function, wherein the first loss function is obtained by 

performing a determination operation on at least one output image on the basis of 

the discriminative model trained by the method shown in FIG. 2, wherein the at 

least of one output image is a respective output of the generative model based on 

the at least one vehicle damage image. 25 

[0075] First, at step S302, at least one vehicle damage image is acquired, 

wherein the vehicle damage image is a low-quality vehicle damage image.  The 

acquisition of the low-quality vehicle damage image may reference the above 

description of step S202 of FIG. 2, and will not be repeated. 

[0076] At step S304, the generative model is trained by using the at least 30 
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one vehicle damage image so that a loss function of the generative model after 

training is reduced compared with that before training, wherein the loss function 

comprises a first loss function, wherein the first loss function is obtained by 

performing a determination operation on at least one output image on the basis of 

the quality discriminative model trained by the method shown in FIG. 2, wherein 5 

the at least of one output image is a respective output of the generative model 

based on the at least one vehicle damage image. 

[0077] The well trained generative model is an image enhancement model 

comprising a convolutional neural network, which improves the quality of the 

input image by performing up-sampling, interpolation, etc. on an input vehicle 10 

damage image x, thereby obtaining a high-quality output image G(x). 

[0078] The loss function ����, ��� of the generative model can be shown 

as formula (2) below: 

����, ��� = 

� ∑ ����1 − ������ , ������

�  + 

� ∑ ��  !�����, ����" − �������

�
#
  

(2) 15 

[0079] The first term of formula (2) is a loss function obtained on the 

basis of the quality discriminative model described above.  ��  is a parameter of 

the generative model, xi is input data of the generative model, i.e., the vehicle 

damage image input therein, ���� , ��� is an output of the generative model, i.e., 

an output image, and ������ , ���� is a discriminant value output by inputting 20 

the output image in the quality discriminative model trained through the method 

shown in FIG. 2. 

[0080] In one embodiment, the loss function used to train the generative 

model comprises only the loss function of the first term in formula (2) described 

above.  That is, when the generative model is trained, the loss function of the 25 

generative model is obtained only on the basis of the output of the quality 

discriminative model.  As can be seen from the first term, the greater the 

discriminant value output from the quality discriminative model is, the smaller the 

loss function is.  That is, the greater the discriminant value is, the better the 
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quality of the output image generated by the generative model is, and the smaller 

the loss of the model is.  Thus,  ��  is adjusted by various optimization algorithms 

such as gradient descent, so that the smaller the loss function is, and the greater 

the discriminant value of the discriminative model is, that is, the higher the 

quality of the output image generated by the generative model is, thus optimizing 5 

the generative model. 

[0081] The second term in formula (2) is a loss function obtained on the 

basis of the semantic recognition model and the reconstruction model shown in 

FIG. 1, the semantic recognition model and the reconstruction model constitute a 

distortion degree discriminative model in the GAN model, which is related to the 10 

distortion degree of output y' of the generative model with respect to input x of 

the generative model.  It can be understood that the distortion degree 

discriminative model is not limited to the structure described herein, for example, 

it may comprise only the semantic recognition model that obtain the distortion 

degree of y' by direct comparison of the semantic similarity between y' and x.  15 

!�����, ���� is the output of the reconstruction model (the reconstructed image, 

i.e., x' in FIG. 1) in FIG. 1 by inputting the output of the generative model 

���� , ��� (i.e., y' in FIG. 1) into the reconstruction model.  As described above, 

the reconstruction model is the inverse model of the generative model, and thus 

the model parameters in the model function F(y') of the reconstruction model can 20 

be converted to �� , and the output x' is the reconstructed image obtained by 

reconstructing  y’ toward the x. 

[0082] Y(x) is the model function of the semantic recognition model in 

FIG. 1, corresponding to the output of the semantic recognition model, and for 

example, may be a semantic feature of image x.  The semantic recognition model 25 

is a predetermined model, such as, a semantic recognition model based on 

imagenet existing in current technologies, or a semantic recognition model trained 

using a plurality of labeled samples of vehicle damage images.  As shown in FIG. 

1, the semantic features Y(x) and Y(x') of x and x' can be obtained respectively by 

inputting x and x' respectively into the semantic recognition model, so that the 30 
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semantic similarity (i.e., content similarity) between x and x' can be calculated on 

the basis of Y(x) and Y(x').  For example, the semantic similarity between x and 

x' may be determined on the basis of at least one of the following: whether the 

vehicle parts are similar, whether the vehicle models are the same, whether the 

vehicle damage is similar, and the like.  Thus, on the basis of the semantic 5 

similarity, it can be determined whether output y' of the generative model is 

distorted with respect to input x, and whether the contents are the same. 

[0083] In one embodiment, the generative model is trained on the basis of 

the loss function shown in formula (2) described above.  That is, as shown in FIG. 

1, an image quality loss function of the generative model is obtained on the basis 10 

of the quality discriminative model, and the distortion degree loss function of the 

generative model is obtained on the basis of the distortion degree discriminative 

model.  As can be seen from the loss function of the second term in formula (2), 

the higher the similarity between x and x' is, the smaller the second loss function 

is, that is, the lower the distortion degree of y' with respect to the input x is, and 15 

thus the better the model is.  Therefore, parameter ��  is adjusted by optimization 

algorithms such as gradient descent on the basis of the above formula (2), so that 

the quality of the output image is higher while the distortion degree of the output 

image is reduced, thus optimizing the generative model. 

[0084] FIG. 4 illustrates a flowchart of a computer-executed method for 20 

improving the quality of a vehicle damage image according to an embodiment of 

the present specification, and the method comprises: 

[0085] at step S402, acquiring a first image, the first image being a low-

quality vehicle damage image; and 

[0086] at step S404, inputting the first image into an image enhancement 25 

model trained by the method shown in FIG. 3 to obtain a second image from an 

output of the image enhancement model, wherein the image enhancement model 

outputs the second image by improving the quality of the first image. 

[0087] The implementation of step S402 can be described with reference 

to the corresponding description of step S202 of FIG. 2 above, and will not be 30 
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repeated here. 

[0088] At step S404, the first image is input into an image enhancement 

model trained by the method shown in FIG. 3 to obtain a second image from an 

output of the image enhancement model, wherein the image enhancement model 

outputs the second image by improving the quality of the first image.  As 5 

described above, according to the above training process of the generative model, 

a low-quality vehicle damage image is input into the well trained generative 

model (i.e., the image enhancement model), and the generative model outputs an 

output image (i.e., the second image) obtained by improving the quality of the 

low-quality vehicle damage image.  In one embodiment, the generative model is 10 

trained on the basis of the loss function shown in formula (2) described above, in 

that case the quality of the second image is improved with respect to the first 

image while the distortion degree thereof is maintained to be lower. 

[0089] After obtaining a high-quality vehicle damage image (i.e., the 

second image) by this method, the second image may be used to train a vehicle 15 

damage identification model, wherein the vehicle damage identification model is 

used to identify damage to a vehicle on the basis of a vehicle damage image.  

Specifically, the second image can be labeled and then used as a training sample 

to train the vehicle damage identification model.  In one embodiment, the second 

image may be input into a vehicle damage identification model, so as to perform 20 

loss assessment on a corresponding vehicle. 

[0090] FIG. 5 illustrates an apparatus 500 for training a quality 

discriminative model according to an embodiment of the present specification.  

The discriminative model comprises a convolutional neural network and is used 

for determining the quality of the vehicle damage image input therein, and the 25 

apparatus comprises: 

[0091] an acquisition unit 51, configured to acquire at least one positive 

sample and/or at least one negative sample, the positive sample being a high-

quality vehicle damage image, and the negative sample being a low-quality 

vehicle damage image; and 30 
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[0092] a training unit 52, configured to train the quality discriminative 

model by using the at least one positive sample and/or the at least one negative 

sample so that a loss function of the quality discriminative model after training is 

reduced compared with that before training, wherein the loss function is related to 

determining respective image qualities of the at least one positive sample and/or 5 

the at least one negative sample. 

[0093] In one embodiment, in the apparatus for training the quality 

discriminative model, the loss function comprises a loss function associated with 

determining the quality of at least one of the following: color and texture. 

[0094] In one embodiment, in the apparatus for training the quality 10 

discriminative model, the loss function comprises a loss function associated with 

determining the quality of at least one of the following: brightness, contrast, 

saturation, clarity, and smoothness. 

[0095] FIG. 6 illustrates an apparatus 600 for training a generative model 

according to an embodiment of the present specification.  The generative model 15 

comprises a convolutional neural network and is used for generating high-quality 

vehicle damage images on the basis of the low-quality vehicle damage images 

input therein, and the apparatus comprises: 

[0096] an acquisition unit 61, configured to acquire at least one vehicle 

damage image, the vehicle damage image being a low-quality vehicle damage 20 

image; and 

[0097] a training unit 62, configured to train the generative model by 

using the at least one vehicle damage image so that a loss function of the 

generative model after training is reduced compared with that before training, 

wherein the loss function comprises a first loss function, wherein the first loss 25 

function is obtained by respectively performing a determination operation on at 

least one output image on the basis of the quality discriminative model trained by 

the apparatus for training quality discriminative models described above, wherein 

the at least of one output image is an output of the generative model respectively 

based on the at least one vehicle damage image. 30 
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[0098] In one embodiment, the GAN model further comprises a distortion 

degree discriminative model, wherein the distortion degree discriminative model 

is configured to obtain a distortion degree of the output image of the generative 

model with respect to a corresponding vehicle damage image.  In the apparatus 

for training the generative model, the loss function further comprises a second 5 

loss function related to the distortion degree of the at least one output image with 

respect to the corresponding vehicle damage image.  Training unit 62 is further 

configured to train the generative model by using the at least one vehicle damage 

image and on the basis of the distortion degree discriminative model. 

[0099] In one embodiment, the distortion degree discriminative model 10 

comprises a semantic recognition model and a reconstruction model, wherein the 

reconstruction model is a deconvolution model of the generative model, and 

training unit 62 further comprises: 

[00100] an input subunit 621, configured to input the output image into 

the reconstruction model to obtain a reconstructed image; 15 

[00101] a determination subunit 622, configured to input the reconstructed 

image and a corresponding vehicle damage image respectively into the semantic 

recognition model to determine the semantic similarity between the reconstructed 

image and the corresponding vehicle damage image; and 

[00102] an acquisition subunit 623, configured to acquire the distortion 20 

degree of the output image with respect to the corresponding third image on the 

basis of the semantic similarity. 

[00103] In one embodiment, in the apparatus for training the generative 

model, the semantic similarity is determined on the basis of at least one of the 

following: whether the vehicle parts are similar, whether the vehicle models are 25 

the same, and whether the vehicle damage is similar. 

[00104] FIG. 7 illustrates a computer-executed apparatus 700 for 

improving the quality of a vehicle damage image according to an embodiment of 

the present specification, comprising: 

[00105] an acquisition unit 71, configured to acquire a first image, the first 30 
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image being a low-quality vehicle damage image; and 

[00106] an input unit 72, configured to input the first image into the 

generative model trained by the apparatus for training the generative model 

described above to obtain a second image of improved quality on the basis of the 

first image. 5 

[00107] In one embodiment, the apparatus for improving the quality of 

images further comprises: a first using unit 73, configured to use the second 

image to train a vehicle damage identification model after generating the second 

image, wherein the vehicle damage identification model is configured to identify 

damage to a vehicle on the basis of a vehicle damage image. 10 

[00108] In one embodiment, the apparatus for improving the quality of 

images further comprises: a second using unit 74, configured to input the second 

image into a vehicle damage identification model after generating the second 

image, so as to perform loss assessment on a corresponding vehicle. 

[00109] Another aspect of the present specification provides a computing 15 

device, comprising a memory and a processor, wherein the memory comprises an 

executable code stored therein, and when the executable code is executed by the 

processor, the method of any one of the above is implemented. 

[00110] The quality of the vehicle damage image is effectively improved 

by the solution of the embodiments of the present specification for enhancing a 20 

vehicle damage image on the basis of a GAN network.  The vehicle damage 

image can be used to train the vehicle damage identification model, thereby 

effectively improving the quality of the training sample, so that the trained vehicle 

damage identification model is more accurate.  The vehicle damage image may 

also be input into a loss assessment model to assess loss for the respective 25 

accident vehicle, thereby making the loss assessment result more accurate. 

[00111] Each embodiment of the present application is described in a 

progressive manner, and the same or similar sections between various 

embodiments are described with reference to each other, each of which is focused 

on the differences with other embodiments.  Especially, the system embodiment is 30 
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described relatively briefly because it is substantially similar to the method 

embodiments, and for related parts, reference may be made to the method 

embodiments. 

[00112] The foregoing describes specific embodiments of the present 

application.  Other embodiments fall within the scope of the appended claims. In 5 

some cases, the actions or steps recited in the claims may be performed in a 

sequence different from the order in the embodiments and may still achieve the 

desired result.  Further, the processes depicted in the drawings do not necessarily 

require the particular order or sequential order shown to achieve the desired 

result.  In certain implementations, multitasking and parallel processing is or may 10 

be advantageous. 

[00113] It will be further appreciated by those of ordinary skill in the art 

that units and algorithms of each example described in the embodiments disclosed 

herein can be implemented by an electronic hardware, computer software, or a 

combination thereof.  In order to clearly illustrate the interchangeability of 15 

hardware and software, compositions and steps of each example have been 

generally described in terms of function in the above description.  Whether these 

functions are implemented in hardware or software depends on the specific 

application and design constraints of the technical scheme.  Those of ordinary 

skill in the art may use different methods to implement the described functions for 20 

each particular application, but such implementation should not be considered 

beyond the scope of this application. 

[00114] The steps of the methods or algorithms described in connection 

with the embodiments disclosed herein may be implemented with hardware, a 

software module executed by a processor, or a combination thereof.  The software 25 

module may be placed in a Random Access Memory (RAM), a memory, a Read-

Only Memory (ROM), an electrically programmable ROM, an electrically 

erasable programmable ROM, a register, a hard disk, a removable disk, a CD-

ROM, or any other form of storage medium known in the art. 

[00115] The objectives, the technical schemes, and the beneficial effects 30 
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of the specification are further described in detail in the foregoing specific 

implementation.  It should be understood that the foregoing descriptions are 

merely specific implementation of the specification, and are not intended to limit 

the protection scope of the specification.  Any modification, equivalent 

replacement, and improvement made on the basis of the spirits and the principles 5 

of the specification shall fall within the protection scope of the specification. 
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What Is Claimed Is:

1. A computer-executed method for improving the quality of a 1 

vehicle damage image, comprising: 2 

acquiring a first image, the first image being a low-quality vehicle damage 3 

image; and 4 

inputting the first image into an image enhancement model to obtain a 5 

second image from an output of the image enhancement model, wherein the 6 

image enhancement model outputs the second image by improving a quality of 7 

the first image.8 

2. The method according to claim 1, wherein at least one of the 1 

following of the first image is of low quality: color and texture.2 

3. The method according to claim 2, wherein at least one of the 1 

following of the first image is of low quality: brightness, contrast, saturation, 2 

clarity, and smoothness.3 

4. The method according to claim 1, wherein a distortion degree of 1 

the second image with respect to the first image is less than a predetermined 2 

threshold.3 

5. The method according to claim 1, wherein the image enhancement 1 

model is obtained by training a generative model in a GAN model, and the GAN 2 

model further comprises a quality discriminative model, wherein the quality 3 

discriminator model is configured to determine whether an output image of the 4 

generative model is a high-quality image, wherein training the generative model 5 

in the GAN model comprises: 6 

acquiring a plurality of third images, the third images being low-quality 7 

vehicle damage images; and 8 
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training, using at least the plurality of third images and on the basis of the 9 

quality discriminative model, the generative model to be used as the image 10 

enhancement model.11 

6. The method according to claim 5, wherein the quality 1 

discriminative model is trained by: 2 

acquiring a plurality of positive samples and a plurality of negative 3 

samples, the positive samples being high-quality vehicle damage images, the 4 

negative samples being low-quality vehicle damage images; and 5 

using at least the plurality of positive samples and the plurality of negative 6 

samples to train a classification model to be used as the quality discriminative 7 

model.8 

7. The method according to claim 5, wherein the GAN model further 1 

comprises a distortion degree discriminative model, wherein the distortion degree 2 

discriminative model is configured to acquire a distortion degree of the output 3 

image of the generative model with respect to a corresponding third image, 4 

wherein training the generative model in the GAN model further comprises: 5 

training the generative model by using at least the plurality of third images and on 6 

the basis of the distortion degree discriminative model.7 

8. The method according to claim 7, wherein the distortion degree 1 

discriminative model comprises a semantic recognition model and a 2 

reconstruction model, wherein the reconstruction model is a deconvolution model 3 

of the generative model, wherein training the generative model on the basis of the 4 

distortion degree discriminative model further comprises: 5 

inputting the output image into the reconstruction model to obtain a 6 

reconstructed image; 7 
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inputting the reconstructed image and a corresponding third image 8 

respectively into the semantic recognition model to determine a semantic 9 

similarity between the reconstructed image and the corresponding third image; 10 

and 11 

acquiring the distortion degree of the output image with respect to the 12 

corresponding third image on the basis of the semantic similarity.13 

9. The method according to claim 8, wherein determining the 1 

semantic similarity between the reconstructed image and the corresponding third 2 

image comprises: determining the semantic similarity between the reconstructed 3 

image and the corresponding third image on the basis of at least one of the 4 

following: whether vehicle parts in the two images are similar, whether vehicle 5 

models in the two images are the same, and whether vehicle damage in the two 6 

images is similar.7 

10. The method according to claim 1, further comprising: using the 1 

second image to train a vehicle damage identification model after obtaining the 2 

second image, wherein the vehicle damage identification model is configured to 3 

identify damage to a vehicle on the basis of a vehicle damage image.4 

11. The method according to claim 1, further comprising: inputting the 1 

second image into a vehicle damage identification model after obtaining the 2 

second image, so as to perform loss assessment on a corresponding vehicle.3 

12. A computer-executed apparatus for improving the quality of a 1 

vehicle damage image, comprising: 2 

a first acquisition unit, configured to acquire a first image, the first image 3 

being a low-quality vehicle damage image; and 4 

a first input unit, configured to input the first image into an image 5 

enhancement model to obtain a second image from an output of the image 6 
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enhancement model, wherein the image enhancement model outputs the second 7 

image by improving a quality of the first image.8 

13. The apparatus according to claim 12, wherein at least one of the 1 

following of the first image is of low quality: color and texture.2 

14. The apparatus according to claim 13, wherein at least one of the 1 

following of the first image is of low quality: brightness, contrast, saturation, 2 

clarity, and smoothness.3 

15. The apparatus according to claim 12, wherein a distortion degree 1 

of the second image with respect to the first image is less than a predetermined 2 

threshold.3 

16. The apparatus according to claim 12, wherein the image 1 

enhancement model is trained by a first training apparatus, wherein the first 2 

training apparatus is configured to train a generative model in a GAN model, 3 

wherein the GAN model further comprises a quality discriminative model, 4 

wherein the quality discriminative model is configured to determine whether an 5 

output image of the generative model is a high-quality image, and wherein the 6 

first training apparatus comprises: 7 

a second acquisition unit, configured to acquire a plurality of third images, 8 

the third images being low-quality vehicle damage images; and 9 

a first training unit, configured to train, using at least the plurality of third 10 

images on the basis of the quality discriminative model, the generative model to 11 

be used as the image enhancement model.12 

17. The apparatus according to claim 16, wherein the quality 1 

discriminative model is trained by a second training apparatus, wherein the 2 

second training apparatus comprises: 3 
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a third acquisition unit, configured to acquire a plurality of positive 4 

samples and a plurality of negative samples, the positive samples being high-5 

quality vehicle damage images, the negative samples being low-quality vehicle 6 

damage images; and 7 

a second training unit, configured to use at least the plurality of positive 8 

samples and the plurality of negative samples to train a classification model to be 9 

used as the quality discriminative model.10 

18. The apparatus according to claim 16, wherein the GAN model 1 

further comprises a distortion degree discriminative model, wherein the distortion 2 

degree discriminative model is configured to acquire a distortion degree of the 3 

output image of the generative model with respect to a corresponding third image, 4 

wherein the first training unit is further configured to train the generative model 5 

by using at least the plurality of third images and on the basis of the distortion 6 

degree discriminative model.7 

19. The apparatus according to claim 18, wherein the distortion degree 1 

discriminative model comprises a semantic recognition model and a 2 

reconstruction model, wherein the reconstruction model is a deconvolution model 3 

of the generative model, and wherein the first training unit further comprises: 4 

an input subunit, configured to input the output image into the 5 

reconstruction model to obtain a reconstructed image; 6 

a determination subunit, configured to input the reconstructed image and a 7 

corresponding third image respectively into the semantic recognition model to 8 

determine a semantic similarity between the reconstructed image and the 9 

corresponding third image; and 10 

an acquisition subunit, configured to acquire the distortion degree of the 11 

output image with respect to the corresponding third image on the basis of the 12 

semantic similarity.13 
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20. The apparatus according to claim 19, wherein the determination 1 

subunit is further configured to determine the semantic similarity between the 2 

reconstructed image and the corresponding third image on the basis of at least one 3 

of the following: whether vehicle parts in the two images are similar, whether 4 

vehicle models in the two images are the same, and whether vehicle damage in 5 

the two images is similar.6 

21. The apparatus according to claim 12, further comprising: a first 1 

using unit, configured to use the second image to train a vehicle damage 2 

identification model after obtaining the second image, wherein the vehicle 3 

damage identification model is configured to identify damage to a vehicle on the 4 

basis of a vehicle damage image.5 

22. The apparatus according to claim 12, further comprising: a second 1 

using unit, configured to input the second image into a vehicle damage 2 

identification model after obtaining the second image, so as to perform loss 3 

assessment on a corresponding vehicle.4 

23. A computing device, comprising a memory and a processor, 1 

wherein the memory comprises an executable code stored therein, and when the 2 

executable code is executed by the processor, the method described in any one of 3 

claims 1-11 is implemented.4 


